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Abstract

The study of great ape behavior and communication is essential for understanding the
evolutionary foundations of human language and social interaction. However, traditional
methods relying on manual video annotation are time-consuming, labor-intensive, and limited
in scalability. Recent advancements in computer vision and deep learning offer transformative
potential to automate the recognition of great ape behaviors and gestures, yet their application
to this domain remains limited.

This dissertation introduces novel approaches to address these challenges by leveraging
deep learning techniques and datasets. It presents ASBAR (Animal Skeleton-Based Action
Recognition), a framework that combines pose estimation and action recognition into a
unified pipeline, achieving competitive accuracy in classifying natural great ape behaviors in
the wild while significantly reducing computational and storage requirements.

Additionally, it introduces ChimpBehave, a dataset of zoo-housed chimpanzee videos
annotated for behavior recognition, enabling the study of domain adaptation and cross-dataset
generalization. Results from benchmarking video- and skeleton-based models reveal the
robustness of skeleton-based methods in handling visual variability across datasets.

Further, the dissertation develops FineChimp, a fine-grained dataset specifically designed
for recognizing great ape gestures. With expert annotations across 38 gesture classes and
multiview recordings, FineChimp serves as a benchmark for gesture recognition, demonstrat-
ing the efficacy of state-of-the-art deep learning models in decoding the nuances of great ape
communication.

By integrating innovative computer vision techniques with detailed behavioral data,
this work automates and enhances the study of great ape behavior and communication,
offering scalable tools for primatology research. These contributions have implications for
conservation, behavioral science, and the broader understanding of animal behaviors and
communication systems.

Keywords: Computer vision, deep learning, great apes, chimpanzees, animal behavior,
gestural communication, action recognition, pose estimation, annotated datasets, artificial
intelligence, gesture recognition, automated behavioral analysis, video analysis.





Résumé

L’étude des comportements et de la communication des grands singes est essentielle à la
compréhension des fondements évolutionnaires du langage humain et de ses interactions
sociales. Cependant, les méthodes traditionnelles, qui reposent sur l’annotation manuelle de
données vidéo, sont laborieuses, chronophages et peu efficientes. À l’inverse, les récentes
avancées en vision par ordinateur et en apprentissage profond offrent un potentiel nouveau
pour automatiser la reconnaissance des comportements et des gestes des grands singes. Cela
dit, leurs applications à ce domaine restent, pour l’heure, limitées.

Cette thèse propose des approches novatrices pour répondre à ces défis en tirant parti des
techniques d’apprentissage profond et des jeux de données associés. Elle présente ASBAR
(dont l’acronyme français serait RAABS, pour Reconnaissance d’Actions Animales Basée sur
les Squelettes), un cadre qui combine l’estimation de pose à la reconnaissance d’actions à
travers une approche unifiée, atteignant des résultats compétitifs dans la classification des
comportements des grands singes en milieu naturel, tout en réduisant drastiquement les
besoins computationnels et de stockage.

Elle introduit également ChimpBehave, un jeu de données vidéo annoté pour la recon-
naissance des comportements de chimpanzés en captivité, qui permet l’étude de l’adaptation
au domaine et de la généralisation entre jeux de données. L’évaluation de modèles basés soit
sur la vidéo, soit sur les squelettes révèle la robustesse de ces derniers face à la variabilité
visuelle entre jeux de données.

En outre, cette thèse propose FineChimp, un jeu de données d’actions fines conçu
spécifiquement pour la reconnaissance des gestes des grands singes. Avec ses 38 classes
de gestes annotées par des experts et ses enregistrements provenant de multiples points de
vue, FineChimp permet l’étalonnage des modèles de reconnaissance de gestes et démontre
l’efficacité des modèles d’apprentissage profond de pointe pour décoder les nuances de la
communication des grands singes.

En intégrant des techniques innovantes de vision par ordinateur à des données comporte-
mentales détaillées, ce travail automatise et enrichit l’étude des comportements et de la
communication des grands singes, en apportant des outils évolutifs à la recherche en prima-
tologie. Ces contributions ont des implications pour la conservation animale, les sciences



xii

comportementales et, de manière générale, la compréhension des comportements et des
systèmes de communication animaliers.

Mots-clés: Vision par ordinateur, apprentissage profond, grands singes, chimpanzés,
comportement animal, communication gestuelle, reconnaissance d’actions, estimation de
pose, jeux de données annotés, intelligence artificielle, reconnaissance de gestes, étude
comportementale automatisée, analyse vidéo.
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Chapter 1

Introduction

1.1 Motivation and Scope

The widespread adoption of deep learning technologies has increasingly enabled Artificial
Intelligence (AI) to assist humans, revolutionizing interactions between humans and ma-
chines. The study of animal behavior has similarly benefited from this technological shift,
with scientists progressively relying on computer vision techniques to automatically detect
and identify individuals and quantify their behaviors [149, 27, 223, 98]. Quantifying animal
behaviors is highly relevant in biology [193], and the automation of such methods has signifi-
cant implications for fields like computational ethology [4], conservation ecology [201, 62],
and neuroscience [102, 154]. This trend in animal behavior research is expected to accelerate,
as advances in Vision Foundation Models demonstrate that general-purpose architectures
can perform comparably to domain-specific methods in animal behavior recognition with
minimal adaptations [188].

Despite these advancements, deploying AI for animal behavior recognition in real-world
scenarios remains challenging. For instance, existing deep learning models often fail to
differentiate between fundamental locomotive behaviors, such as walking and running, in
great apes [17]. Such distinctions, however, are critical for applications like monitoring
individual well-being. In contrast, models trained on human-centric datasets can recognize up
to 600 actions with over 90% accuracy [206] and are already deployed in diverse applications,
from autonomous vehicles [234] to automated surveillance systems [144].

One significant barrier to progress in animal behavior recognition is the scarcity of
publicly available data. For instance, MammalNet [27], the largest public dataset for animal
behavior analysis, includes only 539 hours of video annotated with 12 animal behaviors,
distributed across fewer than 20,000 video clips and 173 animal categories. In contrast, the
human-centric Kinetics700 dataset, released four years earlier [22], contains approximately
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1,800 hours of video annotated with 700 human activities across 650,000 clips. This stark
disparity arises from both economic and logistical factors.

Human-centric datasets benefit from the abundance of user-generated video content on
social media platforms, often pre-labeled with tags or descriptions. Annotating human videos
is inexpensive and does not require specialized expertise, while large datasets can also be
created in controlled environments with actors performing predefined actions [175]. Con-
versely, collecting animal video data, particularly in primatology, presents unique challenges.
Fieldwork often requires months in remote areas to record individuals in their natural habitats,
and videos are typically gathered for specific research objectives (e.g., studying ape sleeping
patterns), limiting their volume and variety. Annotation demands meticulous work by a
small pool of domain experts, and while research findings are frequently shared publicly, the
original videos and annotations are often withheld, creating a critical gap for data-hungry
deep learning algorithms.

Despite these challenges, AI-assisted primatology is rapidly evolving. In 2023 alone, at
least 16 studies employed deep learning methods for computer vision tasks, such as species
identification [222, 27, 158, 36, 224], individual detection and tracking [222, 129, 124, 220,
119, 162], face recognition [173, 107], pose estimation [222, 124, 213, 119, 7, 36, 224], and
behavior recognition [124, 113, 119, 27, 15]. Remarkably, over 40% of these studies also
published relatively large public datasets containing annotated images or videos of primates
[222, 129, 124, 119, 27, 36, 224].

In contrast, the narrower field of automated great ape behavior recognition remains
relatively underexplored, despite its high relevance. Notably, all non-human great ape species
are classified as either endangered or critically endangered [87], and automated systems
for population monitoring could significantly aid conservation efforts [201]. Moreover, as
our closest evolutionary relatives, great apes provide unique insights into the origins and
evolution of human language through the study of their communicative systems and gestural
signals [30, 195, 160].

Despite its significance, deep learning for great ape behavior understanding is still in its
infancy, with fewer than 10 contributions to date [167, 17, 16, 5, 149, 15, 27, 124, 53] (see
Sect. 2.4.2). Practical implications for real-life deployment remain largely unproven, and the
recognition of great ape communicative gestures unexplored. Furthermore, only three public
video datasets are available for benchmarking great ape behaviors: PanAf500 [17], PanAf20K
[17], and ChimpACT [124]. While valuable individually, these datasets present significant
limitations collectively: (i) each focuses on a distinct machine learning task (e.g., multi-
class behavior recognition, multi-label behavior recognition, or spatio-temporal behavior
detection); (ii) they use independent annotation schemes, which are not always aligned
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(see Tabel T4 in Appendix C); and (iii) cumulatively, they cover only 40 behavior classes,
representing just 10% of the the number of terms documented in chimpanzee ethograms
[150].

These limitations highlight the need for more comprehensive methodologies and datasets
to advance great ape behavior recognition, bridging the gap between potential applications
and practical deployment.

Great ape behavior recognition relies on action recognition techniques, a machine learn-
ing task that predicts the action class of a video clip [2]. This is typically approached
using either video-based or skeleton-based methods [204]. Video-based models use entire
video sequences as input, leveraging all pixel information from frames, capturing subtle
visual patterns (e.g., blinking eyes or finger movements), and incorporating scene context
[109]. However, the high dimensionality of video data demands significant computational
resources and large amounts of training data. Skeleton-based models, in contrast, rely on
low-dimensional representations of skeletal structures, focusing on motion patterns rather
than appearance [47]. These models are computationally efficient and robust in cross-subject
scenarios but may lack granularity and rely on accurate pose estimation. Figure 1.1 shows an
example of how images can be transformed into skeletal representations.

To date, research in great ape behavior classification has only focused on video-based
approaches, despite the potential advantages of skeleton-based methods for capturing motion-
specific behaviors. Furthermore, these studies do not investigate the out-of-distribution
generalization capacity of models, i.e., how well models perform on test data whose distri-
bution differs from that of the training set [80]. This limitation is particularly critical for
video-based approaches, which are known to be more sensitive to distribution shifts [26, 217].
Out-of-distribution generalization is an essential consideration in animal behavior research,
especially in primatology, where individuals are often recorded in diverse environments (e.g.,
in nature or zoos) and species exhibit shared behaviors but with varying visual appearances
(e.g., a climbing chimpanzee versus a climbing orangutan). Lastly, while previous deep
learning studies have explored great ape behaviors, they have yet to address the automated
recognition of great ape gestures, a key component of their communication systems.

The aforementioned considerations highlight critical gaps in the field that need to be
addressed. This dissertation contributes to computer vision by designing, developing, and
implementing deep learning models, methods, and tools for understanding great ape behavior
and communication. Specifically, we focus on supervised action recognition techniques to
investigate the automated classification of great ape behaviors and communicative gestures.
Alongside our findings, we publicly release models, code, and annotated video datasets to
facilitate future research.
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Fig. 1.1 Comparison of chimpanzee images and their skeletal representations. From
left to right: (1) the original image, (2) ground truth keypoint coordinates (green crosses)
alongside the pose estimation model’s predictions (red dots), with prediction errors exceeding
the length of the nose highlighted by yellow segments, (3) the ground truth skeleton (green),
and (4) the predicted skeleton (red). A video-based action recognition approach processes
the high-dimensional images shown on the far left, while a skeleton-based approach uses
the low-dimensional representations on the far right. Note in the bottom row that the pose
estimation model inverted the left/right knees and ankles in its prediction. However, this
inversion does not significantly alter the skeletal representation.
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1.2 Problem Statement

The previous considerations reveal several gaps in the literature that remain unaddressed.
The overarching problem statement of this dissertation can thus be summarized as follows:
How can deep learning action recognition methods be applied to animal behavior under-
standing, particularly in recognizing great ape behaviors and communicative gestures?

This general problem statement is broken down into three specific research questions:

RQ1 How can skeleton-based action recognition be successfully applied to the study of
animal behaviors, particularly for recognizing great ape behaviors?

RQ2 How do video-based and skeleton-based great ape behavior recognition methods
compare in their ability to generalize to out-of-distribution data?

RQ3 How can action recognition methods be effectively applied to the recognition of fine-
grained great ape communicative gestures?

1.2.1 Skeleton-Based Behavior Recognition

Skeleton-based action recognition offers several advantages, including lightweight architec-
tures, strong generalization capabilities across individuals, and the potential to generalize
across species. However, such methods require the prior identification of an individual’s pose
through pose estimation.

Unsurprisingly, pose estimation—the task of inferring body part coordinates from images
[21]—has become a central focus in animal behavior research. In recent years, there has been
a surge in open-source frameworks (e.g., DeepLabCut [133, 134, 108], SLEAP [153, 155], or
AniPose [94]) and datasets dedicated to animal pose estimation (e.g., [149, 20, 226, 224, 36,
106, 132]. While these advancements have driven progress, pose estimation is only a means
to an end: quantifying behavior. Despite this progress, skeleton-based action recognition
methods have not yet been effectively applied to the study of animal behaviors, let alone the
specific domain of great ape behaviors.

Several key aspects must be considered when tackling this topic:

• Pose Estimation Accuracy: How can large, unspecific pose estimation datasets be
leveraged to achieve the accuracy required for subsequent behavior classification?

• Transferability: Among the various skeleton-based action recognition methods devel-
oped for humans, can any be adapted for large-scale application to great apes?
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• Framework Accessibility: Can a general framework be designed to enable other re-
searchers to use the same model and data pipeline for studying other species or
behaviors?

These considerations lead to the first research question:

RQ1: How can skeleton-based action recognition be successfully applied to the study of
animal behaviors, particularly for recognizing great ape behaviors?

1.2.2 Out-of-Distribution Generalization

Skeleton-based methods for human action recognition have demonstrated several advantages
over video-based approaches. In particular, video-based models often suffer from low out-of-
distribution generalization capacity. This means that while such models may perform well in
the specific visual contexts on which they are trained, they frequently fail to generalize to
visually different environments during inference.

In contrast, skeleton-based methods rely only on an abstracted representation of the
scene—namely, the estimated pose data—making them presumably more robust to variations
in scene composition, individual appearances, lighting conditions, and other factors. This
robustness is especially pertinent to animal behavior research, where video data is scarce and
diverse. For instance, videos may be sourced from vastly different recording environments
(e.g., African forests versus man-made zoos) and depict species that, while visually distinct,
share significant morphological similarities (e.g., gorillas and orangutans).

Understanding how action recognition models generalize to out-of-distribution data is
critical for studying many animal species, particularly great apes, and has not yet been
investigated in the literature.

This motivates our second research question:

RQ2: How do video-based and skeleton-based great ape behavior recognition methods
comparatively generalize on out-of-distribution data?

1.2.3 Recognition of Great Ape Gestures

Great ape communication is unique among animal communication systems, particularly in its
use of gestures (i.e., gestural signals), which serve as expressions of intention during social
interactions. Studying the gestural communication of non-human great apes is therefore
essential for understanding the origins and evolution of human language.

While prior work has demonstrated the use of deep learning methods for classifying
general great ape behaviors [17, 124], no existing contributions have focused on recognizing
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great ape gestural signals. Given the fine-grained nature of these gestures and their importance
in understanding communicative intent, addressing this gap is a significant step forward in
great ape behavior research.

Thus, the third research question of this dissertation is:

RQ3: How can action recognition methods be successfully applied to the recognition of
fine-grained great ape communicative gestures?

1.3 List of Contributions

Each of the aforementioned research questions is addressed in the main three chapters of
this dissertation, with each chapter presenting several key contributions. These contributions
have been made possible by leveraging open-source resources, such as deep learning models
and frameworks, publicly available datasets, annotation tools, and pedagogical material. As
a gesture of reciprocity, all relevant materials for these contributions—including datasets,
annotations, trained models and weights, and source code—will be made openly accessible
to the research community.

1.3.1 The ASBAR Framework

The primary contribution of Chapter 3 is the development of the ASBAR framework, which
stands for Animal Skeleton-Based Action Recognition. This framework fully integrates two
key machine learning tasks—pose estimation and action recognition—into a unified system
with complete data pipelines and model workflows.

1. Pose Estimation Module: Built upon DeepLabCut, one of the most widely adopted
pose estimation toolboxes in animal research.

2. Behavior Recognition Module: Built upon MMAction2, an open-source platform for
video understanding, enabling action classification.

While we test ASBAR on a particularly complex task — namely, the classification of
great ape behaviors in the wild — the framework itself is species- and behavior-agnostic.
This design allows it to accommodate the needs of researchers working on various animal
behaviors across different species.

Unlike most human-centric skeleton-based approaches that predominantly rely on Graph
Convolutional Networks (GCNs), our model pipeline incorporates PoseConv3D [39], a
CNN-based architecture. PoseConv3D has demonstrated notable robustness to noisy pose
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estimations and challenging action classifications, making it particularly well-suited for
real-world animal behavior recognition where data quality can be inconsistent.

To promote accessibility and usability, we designed a Graphical User Interface (GUI) that
encapsulates all of ASBAR’s core functionalities. This user-friendly interface is particularly
appropriate for researchers with limited programming expertise, facilitating broader adoption
of the framework. The ASBAR framework is publicly accessible at:

https://github.com/MitchFuchs/asbar

1.3.2 General Primate Pose Estimator

Training pose estimation models using large, diverse datasets can present significant chal-
lenges. Leveraging ASBAR’s pose estimation module, we rigorously train and evaluate nine
pose estimation models on the OpenMonkeyChallenge dataset [224], which contains over
100,000 images of 26 different primate species annotated with 17-keypoint poses.

• Within-Domain and Out-of-Domain Evaluation: We assess model performance both
within-domain (on OpenMonkeyChallenge) and out-of-domain (on a subset of video
frames from the PanAf500 dataset [167]) to identify the model with the best general-
ization capacity.

• Detailed Metrics: We provide an in-depth performance analysis, reporting metrics
both at the species and individual body-part levels.

Additionally, we release a set of annotations consisting of nearly 5,500 keypoint ground-truth
annotations, labeled by expert primatologists on the PanAf500 dataset. This data will allow
the research community to build upon our work and improve pose estimation results.

1.3.3 Great Ape Skeleton-based Behavior Recognition

Using the best-performing model identified above, we demonstrate a methodology for
extracting skeletal poses of great apes from the PanAf500 dataset. This dataset includes over
180,000 video frames (equivalent to approximately 2 hours of footage) of chimpanzees and
gorillas filmed in their natural habitats, and annotations for nine common great ape behaviors
in 500 video segments, resulting in approximately 6,700 examples for behavior recognition.

Using ASBAR’s action recognition module, we classify behaviors solely from extracted
skeleton data, achieving performance comparable to previously reported video-based methods.
Remarkably, this result is achieved without fine-tuning the pose estimation model, while
reducing the dataset volume by a factor of 20 through skeleton extraction.

https://github.com/MitchFuchs/asbar
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This contribution underscores the potential of skeleton-based methods as lightweight,
data-efficient alternatives to traditional video-based approaches for animal behavior recogni-
tion. This advantage is particularly relevant for researchers operating in resource-constrained
environments, where access to power, storage, or computational resources may be limited.
Notably, this work represents the first application in the literature of skeleton-based action
recognition to great apes, an important milestone in the field.

1.3.4 The ChimpBehave Dataset

In Chapter 4, we address the need for expanded publicly accessible datasets to investigate
model generalization capacity for great ape behavior recognition. To this end, we introduce a
novel dataset, ChimpBehave, which consists of:

• Approximately 215,000 high-resolution video frames (equivalent to around 2 hours
and 20 minutes) of chimpanzees recorded at the Basel Zoo.

• Over 1,300 video segments (comprising approximately 10,000 examples), each labeled
by an expert primatologist with one of eight common great ape behaviors.

Among the eight behaviors, seven were specifically chosen to overlap with those in the
PanAf500 dataset. While the annotated behaviors align, the visual and recording conditions of
ChimpBehave and PanAf500 are intentionally distinct. This design establishes a foundation
for studying model generalization capacity and enables future researchers to explore domain
adaptation techniques in primatology.

To date, ChimpBehave is the largest publicly available video dataset specifically annotated
with chimpanzee behaviors. The dataset is publicly accessible at:

https://github.com/MitchFuchs/ChimpBehave

1.3.5 ChimpBehave Baselines

To establish a reference point for future research, we provide two initial baselines for video-
based and skeleton-based methods on the ChimpBehave dataset. These baselines are designed
to facilitate direct comparison and serve as a benchmark for future developments.

While the performances of the video-based and skeleton-based methods are statistically
tied, the skeleton-based method consistently achieves higher mean scores and lower variance
across all considered evaluation metrics, suggesting potentially greater reliability. Notably,
this is achieved without any fine-tuning phase on the ChimpBehave dataset of the pose
estimation model, further underscoring its robustness and efficacy.

https://github.com/MitchFuchs/ChimpBehave
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1.3.6 Cross-dataset Generalization

We further evaluate and compare the performance of video-based and skeleton-based ap-
proaches in two different scenarios, respectively:

• Within-dataset: Models are trained and tested on the same dataset.

• Cross-dataset: Models are trained on one dataset (e.g., ChimpBehave) and tested on
another (e.g., PanAf500).

Our results demonstrate that, while video-based and skeleton-based methods perform com-
parably well in within-dataset settings, skeleton-based approaches consistently outperform
video-based methods in cross-dataset scenarios. These findings highlight the superior gen-
eralization capacity of skeleton-based methods in diverse visual contexts, making them
particularly valuable for primatologists studying various primate species across visually
heterogeneous environments.

1.3.7 The FineChimp Dataset

In Chapter 5, we shift our focus from general great ape behaviors to fine-grained great
ape actions, specifically their communicative gestures. Since no publicly available dataset
exists for great ape gestures, we introduce FineChimp, a second novel dataset as part of this
dissertation’s contributions.

The FineChimp dataset comprises over 100,000 video frames (approximately 1 hour of
footage), and around 2,000 annotated examples - each labeled by an expert primatologist
specialized in great ape gestural signals - with one of the 38 classes of chimpanzee gestures.
This dataset is unique in several regards: (i) it is the first machine learning dataset specifically
targeting animal gestural communication, (ii) it offers the most fine-grained classification
of actions among existing great ape datasets, and (iii) it includes multi-view recordings of
chimpanzees, with up to five synchronized viewpoints. FineChimp is publicly available for
further research and development, at

https://github.com/MitchFuchs/FineChimp

1.3.8 Automated Recognition of Great Ape Gesture

To evaluate the FineChimp dataset, we benchmark several video-based action recognition
models and explore various optimization strategies, including model pretraining, data aug-
mentation techniques, hyperparameter tuning, and optical flow incorporation for motion

https://github.com/MitchFuchs/FineChimp
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enhancement. Our best-performing model - a novel large dual-stream video transformer -
achieves a Top-1 Accuracy that is 6 times higher and a Mean Class Accuracy that is 20 times
higher, compared with the baseline (near random) classifier.

These results demonstrate the feasibility and effectiveness of automated recognition
of fine-grained great ape communicative gestures, laying the groundwork for a promising
research direction: leveraging computer vision to study animal gestural communication.

1.3.9 Multi-View Camera System

As part of the data collection process for FineChimp, we designed and deployed a custom
multi-view camera system inside the chimpanzee enclosure at the Basel Zoo, enabling auto-
mated recordings from multiple viewpoints. The system’s features include automatic primate
detection for efficient recording triggers, over-the-network messaging to synchronously
start and end recordings across viewpoints, high-quality video recording capabilities (up
to 2K@50fps), low-power consumption (less than 15W per viewpoint), and cost-effective
design using materials priced at approximately 300 CHF per viewpoint.

These properties make the system particularly appealing to animal behavior researchers
operating under challenging conditions, such as limited power, budgets, or remote loca-
tions. All custom-designed software for the camera installation has been made open-source,
ensuring accessibility and reproducibility for future research initiatives.

1.4 Thesis Structure

This dissertation is organized into six chapters:

• Chapter 1 introduces the dissertation, emphasizing the importance of automatically
recognizing great ape behaviors and communication systems using deep learning. It
provides an overview of AI-assisted primatology, identifies gaps in the current literature,
and presents the main research questions and contributions of the dissertation.

• Chapter 2 reviews the theoretical foundations and advancements relevant to this work,
covering deep learning methodologies such as convolutional neural networks and
transformers in computer vision. It explores tasks like pose estimation and action
recognition, including video- and skeleton-based approaches, and concludes with a
survey of computer vision applications for non-human primates, focusing on great ape
behavior recognition.
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• Chapter 3 introduces ASBAR (Animal Skeleton-Based Action Recognition), a frame-
work that integrates pose estimation and behavior recognition into a unified pipeline.
Leveraging large public datasets, this chapter demonstrates the framework’s effective-
ness in classifying natural behaviors of great apes in the wild, achieving competitive
accuracy while reducing data size and computational requirements.

• Chapter 4 presents ChimpBehave, a novel dataset of zoo-housed chimpanzee videos
annotated for behavior recognition. This chapter investigates out-of-distribution gener-
alization in cross-dataset settings, benchmarks video- and skeleton-based models, and
highlights the superior performance of skeleton-based approaches under significant
visual variability.

• Chapter 5 focuses on the automated recognition of great ape gestures, detailing the
development and benchmarking of FineChimp, a dataset featuring multiview recordings
and expert-level annotations across 38 gesture classes. This chapter demonstrates the
use of state-of-the-art deep learning models for fine-grained action recognition.

• Chapter 6 concludes the dissertation by summarizing its contributions and discussing
potential directions for future research.

Supplementary material, including images, tables, as well as theoretical and technical
support, is provided in a series of appendices.

1.5 List of Publications

This dissertation has led to the following past or upcoming publications:

Fuchs, M., Genty, E., Zuberbühler, K., and Cotofrei, P. (2024c). ASBAR: an Animal Skeleton-
Based Action Recognition framework. Recognizing great ape behaviors in the wild using
pose estimation with domain adaptation. eLife, 13:RP97962

Fuchs, M., Genty, E., Bangerter, A., Zuberbühler, K., and Cotofrei, P. (2024a). From
Forest to Zoo: Domain Adaptation in Animal Behavior Recognition for Great Apes with
ChimpBehave. 4th Workshop on CV4Animals: Computer Vision for Animal Behavior
Tracking and Modeling, In conjunction with CVPR 2024

Fuchs, M., Genty, E., Bangerter, A., Zuberbühler, K., Odobez, J.-M., and Cotofrei, P. (2024b).
From Forest to Zoo: Great Ape Behavior Recognition with ChimpBehave. Currently under
review with minor revisions for the International Journal of Computers Vision
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Fuchs, M., Genty, E., Zuberbühler, K., and Cotofrei, P. (2025). Automated Recognition of
Great Ape Gestures. Manuscript in preparation

As well as this online resource:

Genty, E. and Fuchs, M. (2023). GApS: A Coding Scheme for Great Apes Signals in ELAN.
https://greatapesgestures.github.io





Chapter 2

Related Work

2.1 Deep Neural Networks

Most humans can easily identify whether a chimpanzee is walking, sitting, or climbing in a
video. They can understand a scene by identifying distinctive elements (e.g., chimpanzee,
substrate, trees, background), recognizing motion (chimpanzee moving), analyzing rela-
tionships (chimpanzee moving on substrate), and logically inferring an action based on the
combination of these elements (the chimpanzee is walking). For humans, this is a trivial
exercise, even if they have never seen that particular video before. For computers, however,
the same task is extraordinarily complex. After all, computers only understand data as
sequences of zeros and ones.

One way to enable a computer to differentiate between a walking or sitting chimpanzee
is to use traditional (non-deep) machine learning approaches on hand-designed features. For
instance, one could train a model, such as a Support Vector Machine [31], to map inputs
(the hand-crafted features) to outputs (the behaviors to recognize). For example, features
might include whether the chimpanzee’s legs are moving, the angle formed between its
spine and the ground, and which body parts are in contact with the substrate. Using these
features, the model could predict that the chimpanzee is walking if its legs are moving and
its spine forms an acute angle with the ground, or sitting if its bottom is in contact with the
substrate. Increasing the number and complexity of these features—essentially the model’s
representation—would enhance the model’s ability to recognize actions accurately.

However, such approaches have significant limitations. First, they require models to learn
from extracted features rather than directly from videos, necessitating extensive human input
(models do not inherently recognize "legs" or their movement). Second, as tasks become
more complex—such as differentiating between approximately 40 subtle communicative
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gestures—the process of selecting, defining, and annotating features becomes impractical
and inefficient.

To address these challenges, deep learning has emerged as a powerful paradigm, introduc-
ing models and methods capable of learning complex visual patterns directly from images
and videos with minimal human intervention. Since the advent of AlexNet [103], deep
learning methods have outperformed traditional approaches based on hand-crafted features
in computer vision tasks such as image classification (e.g., recognizing objects in an image).
Similarly, in action recognition task—identifying which action (or behavior) is displayed in
a video—deep learning methods have become the dominant approach.

In this new paradigm, models learn through experience by extracting meaningful pat-
terns directly from raw data. Unlike traditional approaches, deep learning models do not
simply map predefined features to outputs but also learn the representations themselves.
These models build complex representations by combining simpler ones in a hierarchical,
sequential manner. For instance, early layers in a model’s architecture may learn to recognize
edges, colors, and textures. These are then used to detect more complex elements, such as
chimpanzee legs or arms, and finally, to determine whether the legs are moving to predict
that the chimpanzee is walking.

Moreover, deep learning models consider millions of additional features beyond leg
motion to predict actions in a video clip. They may account for variations in leg movement
and visual perspectives (e.g., viewing a leg from the side, above, or partially occluded).
Remarkably, this approach requires no explicit human programming of abstract concepts
like "leg" or "movement." Instead, the model learns these (potential similar) representations
during training to optimize the relationship between its inputs and outputs.

This dissertation focuses primarily on two key deep learning tasks: pose estimation
(Sect. 2.2) and action recognition (Sect. 2.3). Both tasks are addressed within a supervised
learning framework. Broadly, machine learning models can be categorized as supervised
or unsupervised, depending on whether they have access to labeled output during training
(other areas of learning, such as reinforcement learning, are beyond the scope of this work).

In this case, all learning occurs in a supervised manner, meaning the output data is
fully annotated, enabling models to assess the accuracy of their predictions during training.
For action recognition, this involves providing algorithms with labeled classes of actions
represented in videos. For pose estimation, models are trained on images annotated with the
(x,y) ground-truth coordinates of keypoints.

Understanding how deep neural networks learn appropriate representations from visual
data to accurately predict animal poses or recognize behaviors requires a combination of
mathematical, statistical, and programming concepts. The following sections provide an
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overview of these concepts. We begin with a discussion of logistic regression (Sect. 2.1.1),
then explore more sophisticated models, including Multilayer Perceptrons (Sect. 2.1.2),
Convolutional Neural Networks (Sect. 2.1.3), Graph Convolutional Networks (Sect. 2.1.4),
and Transformers (Sect. 2.1.5).

2.1.1 Logistic Regression - An Example

Deep learning belongs to the broader field of machine learning. In this section, we present
fundamental theoretical concepts that explain how models can learn with supervision [9]. We
illustrate these concepts using the example of a binary classification task, where the model is
taught to predict whether an image contains a sitting ape or not.

Consider a dataset χ ∈ Rnx×m with m examples (images), each composed of nx features
(pixels). Each example is labeled with either a 0 or 1, where y = 1 indicates that the image
contains a sitting ape. During training, the model’s goal is to learn associations between
examples and their corresponding ground-truth labels, ideally generalizing this knowledge to
previously unseen images. In other words, given an image xxx ∈ Rnx , the model must estimate
a probability distribution, so that its prediction is ŷ = p(y = 1|xxx). To achieve this, we start
with a linear regression model:

ŷ = www⊺xxx+b (2.1)

where www ∈ Rnx are weights assigned to each pixel, and b ∈ R is a bias parameter. Together,
www and b are the model parameters to be learned. Learning involves defining a cost (or loss)
function to optimize. For linear regression, the Mean Squared Error (MSE) is commonly
used:

MSE =
1
m

m

∑
i=1

(ŷi − yi)
2 =

1
m
||ŷyy− yyy||22 (2.2)

This cost function calculates the average squared distances between the ground-truth labels
and predictions. Optimizing the MSE means to find parameters www and b that result in the
smallest error. The minimum occurs where the gradient of the cost function with respect to
www is zero:

∇wwwMSE = 000. (2.3)

In practice, this linear regression model would most likely fail at categorizing images in a
classification task, the main reason being that it is purely linear and therefore cannot achieve
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to find a viable solution for non-linear problems such as those of computer vision. A more
sophisticated model in machine learning is the logistic regression, having the form:

ŷ = σ(www⊺xxx+b) (2.4)

where
σ(x) =

1
1+ e−x (2.5)

is the sigmoid function mapping the input to the range (0,1), representing probabilities. The
cost function J, averaging the binary cross-entropy across all examples, is defined as:

J(www,b) =
1
m

m

∑
i=1

L (ŷ(i),y(i)) =− 1
m

m

∑
i=1

[y(i) log(ŷ(i))+(1− y(i)) log(1− ŷ(i))] (2.6)

where www and b are the learnable weights and parameters of the model, m the number of
examples, ŷ(i) and y(i) respectively the prediction and ground-truth label for the i-th example.

The optimal values of www and b that minimize the cost function can be found using the
gradient descent approach, an iterative algorithm that minimizes a function f : Rn → R by
computing its gradient (the vector defined by partial derivatives) and taking small steps in
the opposite direction of the gradient.

In practice, instead of computing gradients over the entire dataset (which is compu-
tationally expensive), models use stochastic gradient descent (SGD) approach, updating
parameters iteratively using small, randomly selected mini-batches of training examples.

While logistic regression can be applied to simple binary tasks like detecting sitting apes,
its capacity for real-world computer vision applications is limited. However, understanding
logistic regression provides the foundation for extending these principles to deep learning
models, which employ layers of linear transformations, non-linear activations, and much
greater model depth to solve complex problems in computer vision.

2.1.2 Multilayer Perceptrons

Multilayer perceptrons (MLPs) are among the most fundamental types of neural networks
and are ubiquitous in modern computer vision models. The primary goal of an MLP is to
approximate a target function f ∗. For instance, in an image classification task, the function
y = f ∗(xxx) maps an input xxx (e.g., an image) to an output y (e.g., a class label). Here, the input
xxx ∈ Rn is a vector where each component xi represents a feature of the input, such as pixel
values of the image. In the context of image data, Rn is often expressed as Rw×h×c, where w,
h, and c denote the image width, height, and number of channels, respectively.
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An MLP can be expressed as yyy = f (xxx,θθθ), where f is the approximation function of the
MLP, and θθθ represents the set of learnable parameters in the network (i.e., the weights and
biases of the network).

MLPs, as their name suggests, consist of multiple layers of perceptrons (or artificial
neurons) arranged sequentially. This design is loosely inspired by biological neurons in the
brain. The first layer of an MLP is called the input layer, the final layer is the output layer,
and the layers in between are referred to as hidden layers. MLPs are feedforward networks,
meaning the input signal flows in one direction—from the input layer, through the hidden
layers, to the output layer—without any backward connections.

MLPs are also fully connected networks, meaning every perceptron in layer l is connected
to all perceptrons in the preceding layer l − 1 and the following layer l + 1, with each
connection weighted by a scalar.

2.1.2.1 Perceptrons

A perceptron is a simple computational unit that maps an input vector to a scalar output.
Each perceptron performs two basic operations:

1. Linear Transformation: The perceptron computes the dot product of its input vector
xxx with the corresponding weights www and adds a bias term b:

z = www⊺xxx+b. (2.7)

2. Non-linear Activation: The resulting scalar z is passed through a non-linear activation
function σ , which introduces non-linearity and enables the network to learn complex
patterns. Typical activation functions include the sigmoid, tanh, and ReLU functions
[1].

For a layer of perceptrons, the forward pass computes the output vector xxx(l+1) for the next
layer:

xxx(l+1) = σ(xxx(l) ·www(l)+bbb(l)), (2.8)

where xxx(l) represents the input to layer l, www(l) and bbb(l) are the weights and biases of the layer,
and σ is the activation function.

2.1.2.2 Architectural Considerations

The design of an MLP depends on the complexity of the task and the dataset. Determining
the optimal number of hidden layers and the number of perceptrons in each layer remains an
active area of research.
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In regression tasks, the output layer typically consists of a single perceptron, whose
output corresponds to the predicted value of the dependent variable. For classification tasks,
the output layer usually contains as many perceptrons as there are classes. In this case, the
output values are often passed through a final softmax function to produce a probability
distribution over the K classes:

softmax(xxx)i =
exp(xi)

∑
K
k=1 exp(xk)

(2.9)

2.1.2.3 Training MLPs

The process by which an MLP learns follows the same principles outlined in Section 2.1.1.
During training, mini-batches of examples are passed through the network in a forward pass,
producing predictions and computing the average cost (loss) over the mini-batch.

The gradients of the cost function with respect to the model parameters are then calculated
in a backward pass using the chain rule. This process, known as backpropagation, computes
how each parameter contributes to the error and updates the weights and biases accordingly
using stochastic gradient descent.

Formally, the parameters are updated as follows:

www := www−α
∂J
∂www

, bbb := bbb−α
∂J
∂bbb

, (2.10)

where α is the learning rate, J is the cost function, and ∂J
∂www and ∂J

∂bbb are the gradients with
respect to www and bbb.

2.1.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) have been one of the most dominant architectures in
computer vision research in the last decade. However, the core principle of using convolutions
on images dates back much further, first described in the late 1980s in [110]. This seminal
work demonstrated that 2D convolutions could effectively automate the recognition of hand-
written digits. At the time, the method was computationally expensive, and datasets were
relatively small.

More than 30 years later, CNNs reshaped the field with the introduction of AlexNet in
2012 [103]. At a time when state-of-the-art methods for image classification relied primarily
on traditional machine learning or MLPs, AlexNet achieved a groundbreaking performance in
a challenge to classify objects across 1000 categories. It outperformed the second-best model
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by more than 8 percentage points, creating a shockwave in the computer vision community.
The original paper has been cited over 136,000 times to date.

This revolution was driven by CNNs’ ability to drastically reduce the number of con-
nections and parameters compared to MLPs of similar depth, coupled with their efficient
training on GPUs, leveraging high parallelization performance.

2.1.3.1 Building Blocks of CNNs

CNNs primarily consist of two fundamental building blocks: convolutional layers and pooling
layers. These are based on simple mathematical operations:

1. Convolutional Layers: In 2D CNNs, a 2D input signal I ∈ Rh×w (e.g., an image)
with a grid topology is transformed by sliding a 2D kernel K ∈ Rm×n over it. For each
overlapping region between the input and the kernel, the element-wise dot product is
computed and stored as an element of the output, called the feature map S ∈ Rhs×ws .
Mathematically, this can be expressed as:

S(i, j) = (I ∗K)(i, j) = ∑
m

∑
n

I(m,n)K(i−m, j−n) (2.11)

In practice, I and K are often square matrices, where h = w and n = m. The input I can
be an image (in the input layer) or a feature map (in hidden layers). The dimensions of
S depend on the input size I and several hyperparameters: kernel size n, stride s, and
zero-padding p. The output dimensions are calculated as:

hs = ws =

⌊
h+2p−n

s
+1

⌋
(2.12)

After generating the feature map, a bias is added, and the result is passed through a
non-linear activation function, such as ReLU.

Kernels can enhance various visual features, such as edges or textures. However, unlike
traditional image processing, CNNs learn these kernel parameters during training
via backpropagation, optimizing them for the specific task. Intuitively, the network
discovers its own image processing techniques that best enable it to solve the task
at hand. The number of kernels in a convolutional layer is a hyperparameter that
determines the depth of the output feature map. For instance, processing a grayscale
224× 224 image with 5 kernels that preserve resolution results in a feature map of
dimensions 224×224×5.
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2. Pooling Layers: Pooling layers, typically applied after the non-linear activation of
convolutional layers, reduce the dimensions of the feature map. The most common
pooling method is max pooling, which retains only the maximum value in a given
region of pixels. Pooling has two main benefits: (i) Dimension reduction - reducing
the size of the feature map decreases the computational cost of subsequent layers; (ii)
Translation invariance - the representation becomes less sensitive to small translations
in the input, enhancing robustness.

2.1.3.2 Structure of CNNs

Modern CNN architectures for image classification often consist of multiple convolutional
and pooling layers, followed by a few fully connected layers. The number of kernels typically
increases with each successive convolutional layer, creating deeper feature maps that capture
increasingly abstract representations of the input. The final representation is passed through
a softmax function to produce a probability distribution over the target classes.

2.1.3.3 Motivation of CNNs

The efficacy of CNNs is rooted in three key principles:

1. Sparse Connections: CNNs use significantly fewer parameters than MLPs without
compromising performance. For example, consider a medium-resolution RGB image
of 1000×1000 pixels (1 megapixel, or 3 million features with 3 color channels). A
fully connected MLP with 1000 perceptrons in the first layer would require 3 billion
parameters in this layer alone. In contrast, using 64 kernels of size 7× 7 in a CNN
would result in fewer than 10,000 trainable parameters in the first layer [75]. This
drastic reduction makes CNNs far more feasible for real-world applications.

2. Parameter Sharing: Unlike MLPs, where each input feature has a unique weight,
CNNs share kernel weights across the input through the sliding window operation.
This significantly reduces memory requirements and improves statistical efficiency.

3. Equivariance: CNNs preserve the spatial structure of the input. For example, if a chim-
panzee in an image shifts position, the feature map representation of the chimpanzee
shifts equivalently. This property is particularly advantageous for detecting patterns
that appear across different regions of the image, such as edges, faces, or body parts,
using the same set of kernel parameters.
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2.1.3.4 Extension to Videos

CNNs have also been extended to process three-dimensional inputs, such as videos. The
pioneering work in [88] introduced 3D convolutions, enabling kernels to slide not only across
spatial dimensions (width and height) but also across time. This adaptation captures the
spatio-temporal representation of video volumes.

Where 2D kernels focus on spatial relationships within a single frame, 3D kernels operate
on pixel regions across consecutive frames, effectively capturing motion and temporal
patterns. This approach has inspired numerous advancements in action recognition [23, 199,
43] (see Sect. 2.3.2 for more details).

2.1.4 Graph Convolutional Networks

Graph Convolutional Networks (GCNs) adapt the principles of traditional image-based CNNs
[103] for graph-structured data. In their seminal work, [101] applied GCNs to graph data in
a semi-supervised manner, targeting the classification of unlabeled nodes in partially labeled
graphs.

A graph G(V,E) is defined by its set of N nodes vi ∈V and undirected edges (vi,v j) ∈ E.
The task of classifying missing node labels is achieved by minimizing the following loss
function:

L = L0 +λLreg (2.13)

where L0 is the supervised loss, responsible for label prediction on the labeled nodes, and
L reg is a graph Laplacian regularization term, defined as:

Lreg = ∑
i, j

Ai j∥ f (XXX i)− f (XXX j)∥2 = f (XXX)T
∆ f (XXX) (2.14)

The regularization term Lreg enforces the assumption that connected nodes in the graph
are likely to share similar labels. For each node i, its feature vector XXX i is passed through a
differentiable function f , such as a neural network with learnable parameters www, to predict
its label f (XXX i). The squared distances between the predicted labels of connected nodes are
then summed, weighted by the adjacency matrix AAA ∈ RN×N . The entries of AAA define the
connections between nodes, which can be binary or weighted.

In vectorized form, this computation applies f (·) to the matrix XXX (the concatenation of
all node features). The Laplacian matrix ∆, handling the regularization, is defined as:

∆ = DDD−AAA, (2.15)
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where Dii = ∑ j Ai j is the degree matrix, whose diagonal entries count the neighbors of each
node. The hyperparameter λ balances the importance of the supervised loss L0 and the
regularization term L reg.

2.1.4.1 Applications of GCNs in Action Recognition

While originally applied to node classification in citation networks, GCNs have demonstrated
their versatility and can be generalized to any data represented as graphs, including human
skeletons. This flexibility makes them particularly relevant to skeleton-based action recogni-
tion (discussed in Sect. 2.3.3), where joints and their connections can naturally be modeled
as graph structures.

2.1.5 Transformers

In their seminal 2017 paper "Attention Is All You Need" [202], the authors introduced the
Transformer, a novel architecture that has since become foundational across diverse fields
of deep learning. As of today, this paper has been cited nearly 145,000 times. Transformer
models underlie many transformative AI technologies, including Large Language Models
(LLMs) like the GPT family [18], which are revolutionizing human-AI interaction.

Initially developed for machine translation in Natural Language Processing (NLP), Trans-
formers have since been adapted for computer vision applications involving images [38]
and videos [196]. Today, Transformer-based models consistently outperform traditional
CNN-based methods in computer vision tasks such as image classification [38] and action
recognition [206].

2.1.5.1 In Natural Language Processing

At the core of the Transformer are several key data transformations. To illustrate, we consider
GPT-3 [18], a prominent autoregressive LLM. GPT-3 predicts the next most likely word in
a sequence of text. For example, given the input "The capital city to study primatology in
Switzerland is," a well-trained model might output "Neuchâtel."
Tokenization and embeddings: Textual input consists of sentences of varying lengths.
The first step involves breaking sentences into smaller units, called tokens (e.g., words,
subwords, or punctuation marks). In GPT-3, the vocabulary consists of approximately 50,000
tokens. Each token is then embedded into a high-dimensional vector space through a linear
transformation. This embedding process retains semantic similarity, mapping tokens with
similar meanings closer together in the embedding space.
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In GPT-3, the embedding space has a dimensionality of 12,288. To preserve positional
information, a positional encoding vector is added to each token embedding. These positional
encodings, often derived from sine and cosine functions of different frequencies [202], inform
the network about the token’s position in the sequence. The resulting embeddings serve as
inputs to the model’s encoder.
Encoder: The encoder processes the sequence of token embeddings, transforming them into
contextualized representations. Each token exchanges information with others, updating its
meaning based on the sentence’s context. For instance, the token "capital" in "The capital
city to study primatology in Switzerland is" is associated with "most important place," but
its meaning would differ in other contexts, such as "The initial capital was invested over 10
years."

To achieve this, the encoder comprises several attention blocks, each containing multiple
attention heads. These attention mechanisms determine which tokens are most relevant to
each other. For each token embedding eeei ∈ R12,288, three vectors are computed: (i) a query
vector qqqi = Qeeei, where Q ∈ R128×12,288; (ii) a key vector kkki = Keeei, where K ∈ R128×12,288;
(iii) a value vector vvvi =V eeei, where V ∈ R12,288×12,288. For a sequence of N tokens, pairwise
dot products between query and key vectors produce an attention matrix RN×N . Each element
represents the relevance between tokens. The resulting scores are normalized using a softmax
function (Eq. 2.9), and these normalized weights are used to compute weighted sums of the
value vectors.

The attention mechanism can be compactly expressed as:

Attention(Q,K,V ) = softmax
(

QK⊤
√

dk

)
V, (2.16)

where dk is the dimensionality of the query and key vectors. Scaling by
√

dk stabilizes
gradients during training.

A single attention block consists of multiple attention heads operating in parallel. For
example, GPT-3 uses 96 heads per block, each with its own Q, K, and V matrices. The
encoder itself stacks 96 such blocks, interleaved with MLP layers (Sect. 2.1.2) and residual
connections [75].
Model output: The model predicts the next token by passing the final embedding through a
linear transformation (unembedding) and a softmax function. This produces a probability
distribution over the vocabulary, identifying the most likely next token.
Self-Supervised Pre-training: GPT-3 is trained on approximately 500 billion tokens using a
self-supervised approach. During training, the model predicts the next word in a sequence
(e.g., "The capital city to study primatology in Switzerland is" → "Neuchâtel"). To maxi-
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mize training data usage, sentences are repeatedly truncated and used as input, predicting
progressively earlier tokens.

Another approach, used by models like BERT [97], involves masking random tokens
within a sequence and training the model to predict these masked tokens. BERT also employs
a class token ([CLS]) to represent the sequence as a whole, facilitating tasks like sentiment
analysis or question answering.

2.1.5.2 In Computer Vision

VisionTransformer: Among numerous efforts to adapt Transformers for image classification
in computer vision, one of the most successful implementation remains Vision Transformer
(ViT) [38], which follows the original Transformer architecture with "the fewest possible
modifications." The authors introduced only a few key adjustments, primarily focusing on
how images are embedded and how the encoder produces a classification output.

To address the embedding of images, ViT divides each image into a sequence of patches,
typically 16× 16 pixels in size. Each patch is flattened into a vector of 256 entries and
embedded into a high-dimensional space through a linear transformation. To enable class
prediction, a classification embedding is prepended to the sequence at position 0. This
classification token’s hidden state, after the encoder’s forward pass, serves as input to a final
classification MLP. This modification is inspired by the class token introduced in BERT, as
described in the previous section.

As with many large Transformer architectures, the key to ViT’s success lies in pre-training
on large datasets, followed by fine-tuning on task-specific datasets. Training on ImageNet
alone (1.3 million images in 1,000 classes [35]) is insufficient for ViT to outperform CNN-
based models like ResNets. This limitation is likely due to Transformers’ lack of inductive
biases such as translation equivariance, which is inherent to CNNs. However, when pre-
trained on larger datasets, such as JFT-300M (303 million images across 18,000 classes
[187]), and fine-tuned on smaller datasets, ViT consistently outperforms ResNets on several
image classification benchmarks.
Masked Autoencoders (MAE): Similar to the application of masked autoencoders in
NLP (e.g., BERT), Vision Transformers can benefit from self-supervised learning using
masked autoencoding. Masked Autoencoders (MAE) [73] enable more efficient training and
improved performance on smaller datasets like ImageNet. MAE employs an encoder-decoder
architecture where a large portion of image patches (e.g., 75%) is randomly masked during
pre-training.

Only the unmasked patches are processed by the encoder, significantly reducing mem-
ory and computation requirements. The decoder then reconstructs the original image by
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processing a sequence of tokens composed of encoded visible patches and placeholders for
masked patches, with positional embeddings added to maintain spatial context. The decoder
outputs reconstructed pixel values for the masked patches, and the reconstruction error is
measured using a Mean Squared Error (MSE) loss. Importantly, the decoder is only used
during pre-training, as image recognition tasks rely solely on the encoder.
Extension to Video Understanding: The success of MAEs in image-related tasks quickly
extended to video understanding. Similar to their application to 2D image patches, Vision
Transformers can be pre-trained in a self-supervised manner by masking 3D patches in
video data [45, 196]. Masking ratios as high as 90% leverage the spatiotemporal redundancy
inherent in videos, leading to significant reductions in training time.

The most recent advancement, VideoMAEv2 [206], achieves state-of-the-art performance
by scaling both the model and dataset sizes. The architecture incorporates ViT-g as the
backbone, an enhanced version of ViT with billion-level parameters [230]. Effective pre-
training is achieved using a dual-masking strategy, masking video patches in both the encoder
and the decoder. This pre-training process leverages a dataset of 1.35 million videos in a
self-supervised manner, further pushing the boundaries of video understanding.

2.2 Pose Estimation

2.2.1 Task Definition

Body pose estimation refers to the task of predicting the coordinates of anatomical keypoints,
such as joints and bones, from visual data [21]. For 2D images, these keypoints are typically
inferred as coordinates in the image plane. Figure 2.1 illustrates how standard networks
predict keypoint positions, such as limbs. Some frameworks extend this capability to predict
depth information, enabling 3D keypoint localization [12, 137]. In practice, more robust 3D
annotations can be obtained using markers or depth-sensor cameras, which are commonly
applied in 3D pose estimation tasks.

The set of keypoints is often defined using an anatomically simplified structure that best
represents the skeletal configuration of the individual. However, the choice of annotated
landmarks can vary depending on the dataset used. For example, in human pose estimation,
the NTU-RGB-D 120 dataset [120], widely used for 3D body pose annotations, includes 25
keypoints. In contrast, the framework introduced in [21] annotates a more compact set of 18
keypoints.

Pose estimation is a critical prerequisite for skeleton-based action recognition. Typically,
each RGB frame of a video clip undergoes preprocessing to extract a set of (x,y) keypoint



28 Related Work

Fig. 2.1 From RGB image to pseudo-heatmaps. The transformation of an RGB image into
a pseudo-heatmap. The input image is processed by a Conv-Deconv architecture to generate
a probabilistic scoremap for each keypoint location (e.g., the right elbow). By identifying
the local maxima in the scoremap, the keypoint coordinates and confidence values can be
extracted. A Gaussian transformation is then applied to produce pseudo-heatmaps, which
serve as input to the subsequent behavior recognition model.

coordinates, along with a corresponding network confidence score c (Figure 2.1). This trans-
formation is generally performed using supervised CNNs trained specifically for keypoint
detection.

The field of pose estimation has seen significant advancements in computer vision over
the past decade, driven by extensive research efforts. Following the categorization introduced
in [235], pose estimation methods can be broadly classified as single or muli-individual
approaches.

2.2.2 Single-Individual Pose Estimation

Single-individual pose estimation assumes that only the coordinates of one individual need
to be predicted in an image. If multiple individuals are present, their corresponding bounding
box coordinates must be known beforehand. Approaches to this task generally fall into two
categories: regression-based and heatmap-based methods, distinguished by their respective
data pipelines.

2.2.2.1 Regression-Based Methods

The seminal work by Toshev et al. [197] introduced pose estimation using regression with
CNNs. In this approach, the network architecture is similar to AlexNet [103], but instead of
predicting a classification label, the model outputs a pose vector: ŷ ∈ R2×k where k is the
number of keypoints. This vector contains two values per keypoint corresponding to the x
and y-coordinates. The network parameters are learned, for example, by minimizing the L2
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loss (or Mean Squared Error, see Eq. 2.2) between the predicted pose and its ground-truth
counterpart.

2.2.2.2 Heatmap-Based Methods

In contrast, heatmap-based methods do not directly regress keypoint coordinates. Instead,
the model predicts k heatmaps (one per keypoint), where each heatmap has the same spatial
dimensions as the input image [211]. Each pixel in a heatmap represents the probability of
that pixel containing the corresponding keypoint.

Ground-truth heatmaps are generated using a Gaussian transformation, where the keypoint
location is represented as a Gaussian peak centered at the corresponding coordinates The
model parameters are then learned by minimizing the discrepancy (e.g., using L2 loss)
between the predicted and ground-truth heatmaps.

The primary advantage of heatmap-based methods is their ability to preserve spatial infor-
mation throughout the pipeline. However, this comes at the cost of increased computational
requirements and a larger number of trainable parameters.
Model Architecture: To produce heatmaps, models typically pass the input signal through
a series of convolutional and pooling layers, which progressively downsample the spatial
dimensions while increasing feature depth. Subsequently, the signal is upscaled to its
original resolution using deconvolutional layers (the reverse operation of convolution) in a
symmetric fashion [205]. This process transforms the representation from a high-to-low-to-
high resolution, where maintaining spatial accuracy at lower resolutions is crucial.
HRNet: To address this challenge, HRNet (High-Resolution Network) [189] proposes
maintaining a high-resolution representation throughout the forward pass. HRNet achieves
this by combining multiple parallel subnetworks at varying resolutions, ensuring that spatial
details are preserved without significant loss of accuracy. HRNet remains a state-of-the-
art architecture for pose estimation, with subsequent improvements addressing specific
limitations. For instance, Lite-HRNet [225] optimized the network to reduce computational
costs and HigherHRNet [28] was designed to improve performance on individuals of varying
scales and sizes. A variant of the HRNet model is employed in Chapter 4 of this dissertation.

2.2.3 Multi-Individual Pose Estimation

The task of single-individual pose estimation can be extended to multi-individual pose
estimation, where the goal is to identify keypoints for multiple individuals present in an
image. This introduces additional challenges, as the model must determine which detected
keypoints belong to which individuals without access to predefined bounding boxes. Existing
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methods can generally be categorized as either top-down or bottom-up, depending on the
structure of their data pipeline.

2.2.3.1 Top-Down Approaches

In the top-down paradigm, models first detect the location of individuals, typically by
predicting their bounding box coordinates. Subsequently, single-individual pose estimation
techniques are applied to each detected individual independently to infer their keypoint
locations.

2.2.3.2 Bottom-Up Approaches

In contrast, bottom-up approaches begin by detecting all keypoint candidates within an image.
A subsequent step, often referred to as assembly, determines which keypoints belong to the
same individual. This paradigm has inspired notable advancements, including DeepCut [159]
and DeeperCut [86], which eventually led to the development of DeepLabCut [133, 147, 108],
a widely adopted framework for multi-animal pose estimation.

DeeperCut employs a ResNet [75] as a feature extractor to generate deep visual represen-
tations of an input image. This is followed by a series of deconvolutional layers that progres-
sively upsample the signal to recover the original image resolution. Inspired by semantic
segmentation techniques [208], the network outputs keypoint probabilistic scoremaps—pixel-
wise probabilities indicating the location of specific keypoints (see Fig. 2.1).

The process can be summarized as follows:

• For each keypoint, the local maxima of the scoremap are identified using the argmax
transformation, yielding the predicted coordinates (x,y) and confidence c.

• During training, target scoremaps are generated by assigning a probability of 1 to all
pixels within a specified distance of the ground-truth (x,y) coordinates and 0 elsewhere.

• The model parameters are optimized by minimizing the cross-entropy loss between the
predicted scoremap and the target scoremap using stochastic gradient descent.

DeepLabCut (DLC) extends the principles of DeeperCut to multi-animal, markerless pose
estimation. This open-source framework is specifically designed for detecting the body parts
of various animal species, providing tools for pose estimation, tracking, and identification.
DLC is one of the first toolboxes to adapt human pose estimation advances for animal
research.

For keypoint detection, DLC allows the selection of various CNN backbones, including
ResNet [75] and EfficientNet [192], with multiple depth options to balance accuracy and
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computational efficiency. DLC’s widespread adoption can be attributed to its high detection
accuracy, even for complex animal poses, the availability of a large collection of pre-trained
models for various animal species, and for having an active and engaged user community,
which has contributed to its continuous improvement and versatility.

DLC has become a standard tool for researchers across diverse fields, including neuro-
science, ecology, and animal behavior studies (e.g., [214, 70, 231]). The ASBAR framework
proposed in Chapter 3 integrates DLC in its pose estimation module, leveraging its robust
and well-established architecture for animal behavior research.

2.3 Action Recognition

2.3.1 Definition

According to Aggarwal’s nomenclature [2], human activities can be categorized into four
hierarchical levels:

• Gestures: Elementary movements (e. g., "raising a hand" or "tilting the head")

• Actions: Sequences of chronologically organized gestures (e. g., "kicking" or "eating")

• Interactions: Activities involving at least two individuals and/or objects (e.g., "shaking
hands" or "grabbing a bottle")

• Group activities: Activities performed by conceptually defined groups of multiple
individuals and/or objects (e. g., "two teams playing volleyball" or "boats sailing.")

This nomenclature can be extended to non-human beings, by adapting the corresponding
classes of activities.

The goal of action recognition is to classify an action from an unseen video into its correct
activity category. Formally, it is a classification task in which a model learns a function:
f : Rn → {1, ...,k} where the input is a video clip of dimensions n = w×h× t × c (width,
height, time, and channels), and the output corresponds to one of k predefined classes (e.g.,
1= sitting, 2=walking).

2.3.2 Video-Based Action Recognition

Action recognition approaches can be categorized in numerous ways (e.g., sequential, syn-
tactic, description-based). This section focuses on models that rely solely on space-time
volumes as input.
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A video consists of a sequence of 2D images (frames) arranged chronologically. Each
frame contains data projected from a 3D real-world scene onto the camera’s image plane,
stored as a discretized grid of pixels of dimensions w× h (ignoring RGB channels). By
concatenating t frames, a video clip can be represented as a 3D space-time volume with
dimensions w×h× t.

Action recognition, therefore, requires capturing and understanding both spatial features
within individual frames, and temporal associations across successive frames. While the
challenge of spatial feature extraction has been addressed successfully in tasks such as image
classification and object detection—thanks to deep CNNs [103] — integrating temporal
information remains an active area of research.

2.3.2.1 Trends in Video-Based Action Recognition

According to Zhu et al. [237], deep learning approaches for action recognition on videos
have evolved along three main trends:

1. Two-Stream Networks: Introduced in [181], the Two-Stream Network architecture
incorporates a dual-path design. One CNN processes the spatial information from
video frames, while a second CNN simultaneously processes the optical flow stream
to capture motion. The predictions from both streams are fused to produce the final
action classification.

2. 3D Convolutional Networks: This trend extends the principle of 2D convolution to the
temporal dimension using 3D convolutional kernels [88]. These kernels simultaneously
capture spatial and temporal information across the video. Early limitations included
insufficient computational resources and the lack of large-scale datasets required to
train such deep architectures effectively [23, 199].

3. Efficiency and Large-Scale Training: further developments have emphasized computa-
tional efficiency, training on larger datasets, and deployment in real-world applications
[43, 118, 236]. These efforts aim to improve model scalability, robustness, and gener-
alization to practical scenarios.

2.3.2.2 The Rise of Video Transformers

In recent years, the focus has shifted from CNN-based architectures to video transformers
for action recognition. Video transformers have demonstrated superior performance on
benchmark datasets, outperforming CNN-based models in many cases [206]. This trend
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highlights the growing importance of attention mechanisms and large-scale pretraining
strategies in modeling spatiotemporal patterns within videos.

2.3.3 Skeleton-based Action Recognition

Skeleton-based action recognition involves identifying actions based on a sequence of skeletal
joint data, represented as coordinate lists. These coordinates can either be captured by sensors
(e.g., depth cameras or motion capture systems) or extracted via markerless pose estimation
models.

The primary advantage of using pre-identified body coordinates for action recognition is
the significant reduction in the input space dimensionality. For instance, a traditional Full
HD image of dimensions 1920× 1080 pixels contains over 12 million input features. In
contrast, skeleton-based models operate on just a few dozen keypoints, dramatically reducing
model complexity, number of trainable parameters and overall computational requirements.
Additionally, joint trajectories are inherently robust to changes in illumination, background
clutter, or variations in the scene, which makes skeleton-based methods particularly appealing
for real-world applications [219], especially in primatology.

In contrast, the primary limitation of skeleton-based approaches lies in the need to pre-
identify the pose of individuals. This additional processing step introduces dependency on
pose estimation accuracy, which can be challenging, especially for non-human subjects.
For human-centric action recognition, this challenge is largely mitigated by the availability
of open-source pose estimation models, such as OpenPose [21], which effectively reduce
the prior workload, or Large-scale datasets with accurate joint annotations obtained from
depth sensors, such as NTU-RGB-D 120 [120]. However, achieving similar performance
for non-human subjects, such as great apes, requires further research and methodological
adaptations.

Skeleton-based action recognition approaches can generally be categorized either as
GCN-based or CNN-based methods. GCN-based methods represent skeletal data as graphs,
where body joints serve as vertices and bones (connections between joints) act as edges.
Action recognition is performed by learning effective graph representations. An overview
of the spatio-temporal GCN model is provided in section 2.3.3.1, while others GCN-based
approaches, widely used in the literature, may be found in Appendix A.

Conversely, CNN-based methods are an alternative research direction, which applies
CNNs directly on images of detected keypoints, treating the keypoints as spatial features.
This method offers a straightforward and computationally efficient pipeline while leveraging
the power of CNN architectures. This approach, particularly the PoseConv3D model [39]
(see Sect. 2.3.3.2), is instrumental in our experiments described in Chapters 3 and 4.
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2.3.3.1 Spatial Temporal GCN

A major advancement in human action recognition was led by the adaptation of Graph
Convolutions Networks (GCNs) to the graph-structured data of the human skeleton.

GCNs originally introduced by [101] (see section 2.1.4 for details) were first adapted in
[219] to the human skeleton to infer an action category with performance exceeding those of
prior techniques. Their work focuses on the interpretation of body parts movements, seen as
small local groups of joints. A spatial temporal graph G = (V,E) is constructed, in which
the nodes are human skeleton joints and the edges represent, on one hand, their natural
relationships in each frame and, on the other hand, their temporal correspondence through
all frames. The graph therefore consists of a set of joints V = {vti| t = 1, . . . ,T, i = 1, . . . ,N}
corresponding to N keypoints over T frames, and a set of edges E, made from two subsets
ES = {vtivt j|(i, j) ∈ H} with H being the set of anatomical body joints and EF = {vtiv(t+1)i}
their temporal connection between frames.

Each node’s features vector is made of its coordinates and the estimation confidence of the
i-th joint on frame t. Through multiple neural layers, the input feature vector is transformed
in higher-level feature maps, on which a softmax classifier can predict the action as the
model’s final output. Forward propagation is similar to [101] and the model’s parameters are
trained by backpropagation using stochastic gradient descent.

For each pixel xi in a 2D image input, traditional image CNNs rely on the definition
of its surrounding pixels and the layer-specific weights for their features’ linear projection.
Similarly, a GCN also needs to identify nodes’ neighborhood and layer-specific weights.
Thus, to extend this technique to a skeleton-based approach, the node’s spatio-temporal
neighborhood can be seen as the subset of all nodes {vq j}, whose spatial distance from the
focal node vti at time t, i. e. d(vt j,vti), is smaller or equal to a parameter K and whose
temporal distance, i. e. |q− t|, is smaller or equal to ⌊Γ/2⌋ (where K and Γ are predefined
parameters). The absolute value of the temporal distance enables nodes from previous frames
to be considered as part of the neighborhood (q < t).

To compute the layer-wise linear projection of the features, nodes’ label-specific weights
are introduced. Each node vq j of the neighborhood B(vti) is labeled according to the follow-
ing mapping:

lST (vq j) = lti(vt j)+(q− t + ⌊Γ/2⌋)×K

where the first term, lti : B(vti)→ {0, . . . ,K −1}, is the spatial, frame-dependent mapping,
and the second term, (q− t+⌊Γ/2⌋)×K is the temporal mapping. The overall label mapping
allows the weights to be trained in a label-specific way; intuitively, changes in human joints
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that are spatially and temporally close must have different predictive weights than ones that
are further apart.

Training occurs in a similar fashion to that of [101], while the layer output features is the
addition of the linear projections of each label. The model achieves higher performance than
previous works on Kinetics [96] and NTU-RGB+D datasets [175].

2.3.3.2 CNN-based methods

More recent model architectures, such as PoseConv3D in [39], have demonstrated superior
performance when applying 3D-CNNs to pose estimated data rather than GCNs. Partic-
ularly in the context of animal behavior recognition, this approach is more suitable, as it
significantly outperforms previous GCN-based architectures in differentiating between subtly
different actions (such as in the case of FineGym [176]) and is more robust with noisy pose
data. Furthermore, PoseConv3D can deal with multi-individual settings without additional
computation expense (where GCN techniques see their number of trainable parameters and
FLOPs increase linearly with each additional individual), generalizes better in cross-dataset
setting, and can easily integrate dual-modality of pose and RGB data.

In comparison with GCN approaches, this type of architecture uses pose data to create 3D
heatmap volumes instead of graphs. From a set of pose coordinates (xk,yk,ck) corresponding
to the (x,y) coordinates and c confidence of the k-th keypoint in a frame of size H ×W , a
heatmap J can be generated by applying the following Gaussian transformation:

Jki j = e−
(i−xk)

2+( j−yk)
2

2σ2 · ck (2.17)

where i, j refer to the pixel frame coordinates and σ is the variance of the Gaussian map.
For each frame, a total of K heatmaps are produced. After transforming all T frames
from the sample (i.e., video clips), all generated heatmaps are stacked in a 3D volume of
size K ×T ×H ×W . This data can then be used to train an adapted video-based action
recognition 3D-CNN model such as [199, 23, 43] in a supervised manner using stochastic
gradient descent (see Fig. 2.2).
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Fig. 2.2 From extracted poses to behavior classification. From a set of consecutive RGB
frames, the animal pose is extracted, transformed into pseudo-heatmaps, and stacked as input
of the behavior recognition model. A 3D-CNN is trained to classify the represented action
into the correct behavior category (e.g., here ’walking’)

2.4 Computer Vision Applications for Non-Human Pri-
mates

2.4.1 Overview of Scientific Contributions

Table 2.1 provides an overview of various publications investigating computer vision ap-
plications for non-human primates. While not exhaustive, the table specifically highlights
contributions that apply deep learning methods to great ape data. For each paper, we indicated
several information, as whether great apes are included in the data and, if applicable, the
specific great ape species, the computer vision tasks addressed, and whether the data used is
publicly accessible. The same set of contributions is visualized in Fig. 2.3 for further clarity.
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Fig. 2.3 Overview of scientific contributions in computer vision for non-human primates.
This diagram visualizes a summary of deep learning contributions in computer vision ap-
plied to non-human primates from 2011 to 2025. Each flow represents a study or dataset,
categorized by year of publication, inclusion of great apes, data availability and computer
vision tasks. Best seen zoomed in.

While a detailed description of every task is beyond the scope of this dissertation, the key
computer vision tasks listed in Table 2.1 are defined as follows:

• Face Recognition (FR): A classification task that associates an individual’s face with
its identity. This process can be framed as an image classification problem. It may
include a prior face detection step, in which the spatial location of the individual’s
head is identified using object detection methods [172].

• Species Identification (SI): A classification task where the model predicts the species
to which an individual belongs [158].

• Detection/Tracking (D/T):

– Detection: The task of locating one or multiple individuals in an image, typically
addressed using object detection techniques.

– Tracking: The task of associating detections over time to identify which detection
corresponds to the same individual across a sequence of frames [124].
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• Pose Estimation (PE): As previously described in Section 2.2, pose estimation involves
predicting the coordinates of anatomical keypoints (e.g., joints or body parts) for an
individual [36].

• Behavior Recognition (BR): As detailed in Section 2.3, behavior recognition involves
classifying actions or activities from a sequence of video frames [17].

Table 2.1 List of scientific contributions in computer vision for non-human primate.
This non-exhaustive list orders most prominent works by year of publication and symbolic
name.
C=Chimpanzees / B=Bonobos / G=Gorillas / O=Orangutans / BR=Behavior Recognition /
FR=Face Recognition / PE=Pose Estimation, D/T=Detection/Tracking / SI=Species Identifi-
cation

Great Data

Symbolic Name Year Apes Species Tasks Available

FineChimp (ch. 5) 2025 yes C BR yes

ApeTI [130] 2024 yes C FR yes

ASBAR (ch. 3) 2024 yes C, G BR, PE yes

ChimpBehave (ch. 4) 2024 yes C BR yes

ChimpVLM [16] 2024 yes C, G BR

MacAction [131] 2024 BR, PE yes

Macaque3DAction [135] 2024 BR yes

Marmoset3DAction [93] 2024 BR, PE yes

OrangAction [53] 2024 yes O BR

PanAf20K [17] 2024 yes C, G BR, D/T, SI yes

SyntacticMotionParser [139] 2024 BR

APTv2 [222] 2023 yes C, G, O PE, D/T, SI yes

BonoboClass [129] 2023 yes B D/T yes

ChimpACT [124] 2023 yes C BR, PE, D/T yes

ChimpFace2023 [173] 2023 yes C FR yes

Continued on next page
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Great Data

Name Year Apes Species Tasks Available

Cynomolgus [113] 2023 BR

DeepWild [213] 2023 yes C PE yes

GorillaVision [107] 2023 yes G FR

GreatApeDetect [220] 2023 yes C, G D/T

LoteAnimal [119] 2023 BR, PE, D/T yes

Mac3DPose [7] 2023 PE

MammalNet [27] 2023 yes C, G, O BR, SI yes

MonkeyMenace [162] 2023 D/T

MonkeySpecies [158] 2023 SI

OpenApePose [36] 2023 yes C, B, G, O PE, SI yes

OpenMonkeyChallenge [224] 2023 yes C, B, G, O PE, SI yes

TripleStream [15] 2023 yes C, G BR

AnimalKingdom [149] 2022 yes C, G, O BR, PE yes

APT-36K [223] 2022 yes C, G, O PE yes

CagedMonkey [190] 2022 PE yes

SIPEC [127] 2022 BR

AudioVisual [5] 2021 yes C BR

GorillaFace [14] 2021 yes G FR yes

MacaquePose [106] 2021 PE yes

MonkeyDetect [104] 2021 D/T

DensePoseChimp [168] 2020 yes C yes

OpenMonkeyStudio [8] 2020 BR, PE yes

PanAf500 [167] 2020 yes C, G BR yes

Tri-AI [66] 2020 yes C, O FR yes

CCR [6] 2019 yes C D/T, FR

ChimpFace2019 [172] 2019 yes C FR

Continued on next page
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Great Data

Name Year Apes Species Tasks Available

PFID [180] 2019 yes C FR

MacFace [215] 2018 FR

ChimpFace2016 [48] 2016 yes C FR yes

ChimpFace2013 [121] 2013 yes C FR

Hybridfaces [122] 2012 FR

ChimpFace2011 [42] 2011 yes C FR

2.4.2 Great Ape Behavior Recognition

In Table 2.1, several contributions focus on the recognition of great ape behaviors. This
section highlights key milestones and methodologies from these studies.

One of the earliest studies in great ape behavior recognition is presented in [5], which
explores the multimodal combination of visual and audible signals to infer whether wild
chimpanzees are performing one of two actions: buttress drumming or nut cracking. The
study introduces a pipeline composed of several 2D-CNNs (e.g., for audio spectrogram
classification and individual detection), culminating in the use of 3D-CNNs for final spatio-
temporal classification. This pioneering contribution laid the groundwork for deep learning
applications in primate behavior recognition.

The work presented in [167] marks a significant step forward, as it provides the first
classification of great ape behavior on a large-scale video dataset, i. e. PanAf500, which will
be later made public in [17]. To classify behaviors, the authors employ C2D [181], an early
dual-stream model that fuses RGB and optical flow data before classification.

Building on this foundation, [15] expands the dual-stream model architecture to incorpo-
rate a third stream using dense pose information from [168]. In this approach, video clips are
preprocessed into optical flow and dense pose representations. The features are extracted
using ResNet [200]. The system is trained using metric learning, leveraging reciprocal
triplets with cross-entropy loss. At inference time, a k-NN classifier is used to predict action
classes based on the learned feature embeddings.

In [17], two datasets are published: PanAf500 and PanAf20K. Both datasets feature
footage collected in the same natural settings, yet they differ significantly in scale and scope.
PanAf20K is substantially larger, containing nearly 20,000 video clips annotated across 18
behaviors, while PanAf500 is more compact, comprising 500 videos with 9 classes of more
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refined behavioral actions. The authors provide a benchmark for both datasets, evaluating the
performance of several deep learning models. They include three CNN-based architectures:
I3D [23], 3D ResNet-50 [69], and X3D [43], as well as two Transformer-based models:
MViTV2 [117] and TimeSformer [11].

More recently, ChimpVLM [16] demonstrated performance improvements on both
PanAf500 and PanAf20K by introducing a multimodal transformer architecture. In this
approach, BERT is used to embed textual behavior descriptions (ethogram information) into
the model pipeline, enhancing the model’s action classification performance by combining
video and text modalities. Note that, to date, this work has not yet been peer-reviewed.

In parallel, ChimpACT [124] presents a chimpanzee-specific video dataset annotated for
three machine learning tasks: Detection/Tracking, Pose Estimation, and Action Recognition.
For action recognition, ChimpACT includes approximately 160,000 frames annotated with
multi-label behaviors across 23 classes. The authors provide a benchmark of five CNN-based
models for spatio-temporal action detection.

OrangAction [53] represents one of the first attempts to specifically recognize orangutan
behaviors. While novel, this study relies on CreateML, a black-box service offered by
Apple. The data used contains only two individuals, raising concerns about potential bias
and overfitting. Moreover, the system fails to predict any action classes for 87% of the test
data, limiting its practical impact.

MammalNet [27] and AnimalKingdom [149] are two large-scale video datasets that in-
clude footage of great apes labeled for behavior recognition. Notably, MammalNet comprises
539 hours of video across 173 species, and AnimalKingdom includes 50 hours of video
covering 850 species. However, great apes represent only a small fraction of their content,
and their practical applications in primatology have yet to be demonstrated.
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Skeleton-Based Action Recognition for
Great Ape Behaviors

The present chapter is based on the following published work:

Fuchs, M., Genty, E., Zuberbühler, K., and Cotofrei, P. (2024c). ASBAR: an Animal Skeleton-
Based Action Recognition framework. Recognizing great ape behaviors in the wild using
pose estimation with domain adaptation. eLife, 13:RP97962





Abstract

The study and classification of animal behaviors have traditionally relied on direct human
observation or video analysis, processes that are labor-intensive, time-consuming, and prone
to human bias. Advances in machine learning for computer vision, particularly in pose
estimation and action recognition, offer transformative potential to enhance the understanding
of animal behaviors. However, the integration of these technologies for behavior recognition
remains underexplored, particularly in natural settings.

We introduce ASBAR (Animal Skeleton-Based Action Recognition), a novel framework
that integrates pose estimation and behavior recognition into a cohesive pipeline. To demon-
strate its utility, we tackled the challenging task of classifying natural behaviors of great apes
in the wild.

Our approach leverages the OpenMonkeyChallenge dataset, one of the largest open-
source primate pose datasets, to train a robust pose estimation model using DeepLabCut.
Subsequently, we extracted skeletal motion data from the PanAf500 dataset, a collection
of in-the-wild videos of gorillas and chimpanzees annotated with nine behavior categories.
Using PoseConv3D from MMAction2, we trained a skeleton-based action recognition model,
achieving a Top-1 accuracy of 75.3%. This performance is comparable to previous video-
based methods while reducing input data size by approximately 20-fold, offering significant
advantages in computational efficiency and storage.

To support further research, we provide an open-source, terminal-based GUI for training
and evaluation, along with a dataset of 5,440 annotated keypoints for replication and extension
to other species and behaviors.

All models, code, and data are publicly available at: https://github.com/MitchFuchs/asbar.

3.1 Introduction

Direct observation and manual annotation of animal behaviors are labor-intensive, time-
consuming, and prone to human error [203]. These methods also face significant limitations,
such as information loss in low-visibility settings or during complex, fast-paced social
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interactions involving multiple individuals. Video recording and post-hoc annotation have
thus become the preferred methods for studying animal behavior. They enable detailed
identification and interpretation of behaviors, while also facilitating reliability testing and
replication of coding. However, the manual annotation of videos remains a significant
bottleneck, underscoring the need for automated systems that can streamline animal behavior
analysis. Machine learning tools have the potential to identify relevant video sections
containing social interactions and automatically classify behaviors, significantly expanding
the scope and robustness of observational studies and enhancing our understanding of animal
behaviors [4].

Recent advancements in machine learning and computer vision offer innovative avenues
for building such systems. In particular, action recognition models can learn deep represen-
tations of video features and classify these features into behavior categories. Within deep
learning, two primary approaches to action recognition have emerged: video-based methods
and skeleton-based methods.

On one hand, video-based action recognition involves analyzing RGB video data to
identify spatio-temporal patterns that characterize actions. This approach often relies on
Convolutional Neural Networks (CNNs) [103] adapted to the temporal domain. Notable
models include Two-Stream CNNs [181], C3D [199], I3D [23], (2+1)D ResNet [200], and
SlowFast [43]. These methods have been extended to classify animal behaviors [183, 116,
167, 46, 13, 127] and multimodal audio-visual data [5].

On the other hand, skeleton-based action recognition predicts behavior classes based on
the skeletal structure and motion of the body [47, 39]. This approach relies on an additional
preprocessing step, pose estimation, which detects body parts, such as joints and bones, and
extracts their coordinates from video frames [21]. While skeleton-based methods require
the added step of pose estimation, they offer several advantages for computational ethology
[4, 203, 72]:

(i) Cross-subject behavior recognition: These models focus on skeletal motion rather than
external appearance, allowing them to generalize across individuals within the same
species (e.g., [120] for humans, [8, 186] for non-human animals).

(ii) Robustness to visual setting changes: Video-based models are sensitive to lighting
conditions, background variations, and other subtle changes in input data [26, 191, 126].
Comparatively, skeleton-based methods are less affected by these variations [68].

(iii) Reduced computational complexity: Extracting pose coordinates reduces the dimen-
sionality of video data, lowering computational costs and power consumption [47].
This is particularly beneficial for field researchers with limited resources.
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(iv) Geometric quantification: Pose estimation provides a pre-computed geometric repre-
sentation of body motion and behavior [203, 154].

A major challenge for skeleton-based methods in animal behavior analysis lies in ob-
taining accurate pose-estimated data. While human pose estimation benefits from extensive
open-source datasets and state-of-the-art detectors, achieving similar performance for animals
remains challenging. Fortunately, there has been a surge in annotated animal pose datasets
(e.g., Animal Kingdom [149], Animal Pose [20], AP-10K [226], OpenMonkeyChallenge
[224], OpenApePose [36], MacaquePose [106], Horse-30 [132]) and open-source pose esti-
mation frameworks (e.g., DeepLabCut [133, 134, 108], SLEAP [153, 155], AniPose [94]).
Despite these advancements, the use of pose estimation for behavior recognition remains
underexplored, particularly in natural settings. Challenges include the lack of datasets with
both keypoint coordinates and behavior annotations, and the tendency to treat pose estimation
and behavior recognition as separate tasks rather than parts of an integrated approach.

To address these challenges, we introduce ASBAR, an innovative framework for animal
skeleton-based action recognition. Our contributions include:

• An integrated pipeline, which combines a DeepLabCut-based pose estimation module
with a behavior recognition module from MMAction2 [141]. The pipeline is encap-
sulated in a terminal-based GUI, allowing researchers to train and evaluate models
without programming knowledge, even in remote or cloud-based environments.

• A robust primate keypoint detector, by leveraging the OpenMonkeyChallenge dataset
[224], which spans 26 primate species. Additionally, we provide detailed performance
metrics for species and individual body parts and release 5,440 high-quality keypoint
annotations for great apes in their natural habitats.

• A methodology for wild behavior analysis using the PanAf500 dataset [167], a two-
hour collection of camera trap videos annotated with nine locomotive behaviors. We
demonstrate that our skeleton-based pipeline achieves performance comparable to
existing video-based methods.

3.2 The ASBAR Framework

ASBAR is an integrated data and model pipeline (marked in red in Fig 3.1) designed to
address two sequential machine learning tasks: pose estimation and action recognition.

The first module, responsible for animal pose estimation (marked in green in Fig 3.1),
incorporates key features of DeepLabCut (DLC), a widely used framework for multi-animal,
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Fig. 3.1 The ASBAR Framework. The ASBAR framework’s data and model pipeline (red)
comprises two modules: a pose estimation module (green) based on DeepLabCut and an
action recognition module (blue) integrating models from MMAction2.
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markerless pose estimation [133, 134, 108]. This module includes functionality for project
creation, dataset preparation, model training and evaluation, configuration editing, and video
analysis.

The second module, focused on behavior recognition (marked in blue in Fig 3.1), inte-
grates APIs from MMAction2 [141], a comprehensive platform for action recognition and
video understanding. Specifically, this module employs PoseConv3D [39], a convolutional
neural network (CNN) model tailored for skeleton-based action recognition.

3.2.1 Pose and Behavior Datasets

ASBAR operates on two distinct datasets: a pose dataset and a behavior dataset. The pose
dataset contains images annotated with 2D keypoint coordinates and is used to train the
pose estimator model. The behavior dataset comprises video clips annotated with specific
behaviors.

Ideally, both datasets originate from the same visual distribution—for example, pose
images being a subset of video frames from the behavior dataset. However, in practice,
annotating a dataset with both pose and behavior labels is time-consuming and costly. A
pragmatic approach involves combining pose and behavior datasets from different visual
distributions. For instance, Internet images annotated with keypoints can complement video
data labeled with behaviors recorded in the wild. In such cases, the pose dataset is considered
within-domain, while the behavior dataset is referred to as out-of-domain.

3.2.2 Pose Estimation Module

The goal of the pose estimation module is to extract pose information from the behavior
dataset using a trained pose estimator. This module encompasses four key functionalities:
data preprocessing, model benchmarking, model selection, and pose extraction.
Data Preprocessing: The module provides four preprocessing steps:

• Data formatting: Ensures the pose dataset meets DeepLabCut’s structural requirements.

• Data selection: Allows users to customize the dataset by selecting specific species,
annotated keypoints, or excluding invisible keypoints. For example, users can limit the
dataset to chimpanzees and bonobos, focusing on three visible keypoints (e.g., eyes
and nose).

• Dataset splitting: Supports options for no cross-validation, 5-fold cross-validation, or
10-fold cross-validation to enable statistical validation of the model’s performance.
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• Configuration setup: Enables customization of DeepLabCut’s configuration files,
including training hyperparameters.

Model Benchmarking: Given the importance of high pose prediction performance for be-
havior recognition accuracy, the framework facilitates benchmarking various pose estimation
models. Users can evaluate models with different backbones (e.g., ResNet or EfficientNet)
and depths (e.g., ResNet50, ResNet101, EfficientNet-B0).
Model Selection: When the pose and behavior datasets share the same visual distribution,
benchmarking results suffice for model selection. However, for out-of-domain behavior
datasets (Sect.3.2.1), additional evaluation is necessary, as within-domain performance does
not guarantee robustness to visual domain shifts. Models with EfficientNet backbones, for
example, have demonstrated superior generalization to out-of-distribution scenarios compared
to ResNet models [132]. Evaluating out-of-domain performance involves comparing model
predictions with manually labeled video frames from the behavior dataset. More details are
provided in Sect.3.3.3.
Pose Extraction: The selected model extracts pose information from the behavior dataset.
Users can specify a particular model snapshot or allow the framework to choose the snapshot
with the lowest test set error.

3.2.3 Action Recognition Module

The action recognition module classifies behaviors in the behavior dataset using pose data ex-
tracted from the first module. This module includes three functionalities: data preprocessing,
model training, and model evaluation.
Data Preprocessing: To enable behavior recognition, the module implements four prepro-
cessing steps:

• Prediction filtering: Retains only the highest-confidence keypoint predictions for each
frame. For each keypoint, the most confident coordinates within the labeled bounding
box are kept, while others are discarded.

• Data sampling: Extracts sequences of consecutive frames that meet specific time and
behavior label constraints (see Sect. 3.3.5 for details).

• Data formatting: Converts skeleton data into a structure compatible with PoseConv3D.

• Configuration setup: Allows customization of PoseConv3D’s configuration, including
hyperparameter settings.
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Model Training: Users can train several variations of PoseConv3D available in the MMAc-
tion2 toolbox [39, 141]. These variations include different 3D-CNN backbones (e.g.,
SlowOnly [44], C3D [199], X3D [43]) with an I3D classification head [23]. Training
can be distributed across multiple GPUs to reduce computation time.
Model Evaluation: The module produces probabilistic classifications, returning a ranked
list of behavior candidates with associated confidence probabilities. The behavior with the
highest confidence is used to calculate Top-1 Accuracy, the percentage of correctly predicted
samples. Other metrics, such as Top-k Accuracy (percentage of ground-truth behaviors within
the top-k predictions) and Mean Class Accuracy (average Top-1 accuracy across behavior
classes), are also supported.

3.3 Materials and Methods

3.3.1 Datasets and Data Annotation

For the classification of great ape behaviors in their natural habitat, we utilized two primary
datasets: OpenMonkeyChallenge and PanAf500. Additionally, we manually labeled a subset
of keypoint coordinates from PanAf500, referred to as PanAf500-Pose.
OpenMonkeyChallenge: OpenMonkeyChallenge (OMC) [224] is a benchmark dataset
containing 111,529 images of 26 primate species, designed for non-human primate pose
estimation challenges. The dataset includes images sourced from the web, three U.S. National
Primate Research Centers, and multiview cameras at the Minnesota Zoo. Each image is
annotated with species, bounding box coordinates, and 2D pose information for 17 keypoints,
including the nose, eyes, head, neck, shoulders, elbows, wrists, hips, tail, knees, and ankles.
For occluded keypoints, annotators were instructed to provide the most likely location and
specify visibility.

The dataset is divided into training (60%), validation (20%), and testing (20%) subsets.
While the testing annotations are withheld for competition purposes, we combined the
training and validation sets to create a comprehensive pose dataset containing 89,223 images.
Examples of these images are shown in Fig 3.2 (left).
PanAf500: The Pan African Programme "The Cultured Chimpanzee" [136] aims to enhance
understanding of the ecological and evolutionary factors influencing chimpanzee behavioral
diversity. This program has amassed thousands of hours of footage from camera traps
deployed in Central African forests. The PanAf500 dataset consists of 500 15-second videos
(180,000 frames at 24 FPS) of chimpanzees and gorillas, annotated with bounding box
coordinates for ape detection [221, 220] and behaviors for action recognition [167]
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Fig. 3.2 Examples from the pose and behavior datasets. (Left) Sample images from the
OpenMonkeyChallenge dataset, one of the largest collections of primate images annotated
with 2D poses. This dataset contains over 100,000 images from 26 primate species. (Right)
Sample video frames from the PanAf500 dataset, comprising 500 videos of gorillas and
chimpanzees recorded in African forests using camera traps. The dataset includes annotations
for bounding boxes and behaviors. Visual challenges include small individual sizes due to
camera distance, abundant vegetation, nocturnal imaging, and varying backgrounds.

The dataset includes nine annotated behaviors: ’walking,’ ’standing,’ ’sitting,’ ’running,’
’hanging,’ ’climbing up,’ ’climbing down,’ ’sitting on back,’ and ’camera interaction.’ The
class distribution exhibits a long-tail pattern [34], with three head classes (’walking,’ ’stand-
ing,’ and ’sitting’) each containing over 1,000 samples. In contrast, tail classes such as
’running,’ ’climbing up,’ ’climbing down,’ ’sitting on back,’ and ’camera interaction’ have
fewer than 100 samples each. Examples from this dataset are displayed in Fig 3.2 (right).
PanAf500-Pose:To supplement the PanAf500 dataset, we manually annotated 5,440 key-
points across 320 images, using the same keypoints as in OMC. The annotation process
involved three steps:

(i) Image selection: We first shortlisted 4,000 images using predictions from ResNet152
and EfficientNet-B6 models based on high overall prediction confidence (Section
3.3.3). From this shortlist, 320 frames were manually selected to represent diverse
scenes, lighting conditions, postures, sizes, and species, while minimizing consecutive
frames;

(ii) Mini-clip generation: For each selected frame, we generated a 34-frame mini-clip (24
frames before and 10 frames after) to capture motion and aid in labeling occluded
keypoints;
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(iii) Keypoint annotation: We employed a semi-automated annotation process, initially
leveraging predictions from the ResNet152 model. These predictions were refined
using DeepLabCut’s Napari plugin [182]. In the first phase, a non-trained annotator
(MF) adjusted the predictions. The annotations were then finalized by a great ape
behavior and signaling expert (EG) [57], ensuring high-quality labels.

3.3.2 Evaluation Metrics

3.3.2.1 Evaluation Metrics for Pose Estimation

Mean Average Euclidean Error (MAE): MAE is the primary evaluation metric in DeepLab-
Cut and measures the average Euclidean distance between the ground-truth labels (ŷ ∈ R2)
and the model predictions (y ∈ R2):

MAE =
1
J

1
K

K

∑
k=1

J

∑
j=1

||ŷ jk − y jk|| (3.1)

Here, J is the number of images (e.g., 89,223 in OMC) and K is the number of keypoints
(e.g., 17 in OMC). Refer to Fig. S2 in Appendix B for a visual comparison of predictions
and MAE examples.
Percentage of Correct Keypoint - nasal dorsum (PCK): PCK measures the percentage of
keypoints that fall within a specified distance of the ground-truth. PCK is computed as:

PCK =
1
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∑
j=1

δ (||ŷ jk − y jk||< ε) (3.2)

Here, δ (·) is an indicator function that outputs 1 when the condition is met and 0 otherwise.
The threshold distance ε is equal to the nasal dorsum length, defined as the distance between
the midpoint of the eyes and the tip of the nose calculated for each frame as:

ε =
∣∣∣∣ŷnose −

1
2
(||ŷleft eye − ŷright eye||)

∣∣∣∣ (3.3)

See Fig. S1 in Appendix B for an example of nasal dorsum calculation.
Normalized Error Rate (NMER): NMER quantifies the mean normalized error by dividing
the raw pixel distance between the predicted and ground-truth keypoints by the square root
of the bounding box area [132]:

NMER =
1
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∑
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||ŷ jk − y jk||√
w jh j

(3.4)

Here, w and h denote the width and height of the bounding box, respectively.
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Both PCK and NMER are size- and distance-normalized metrics, unlike MAE, making
them more robust for evaluating diverse scenarios.

3.3.2.2 Evaluation Metrics for Action Recognition

Similar to [167], we use the three following action recognition metrics, whose mathematical
formulas can be found in Appendix E.
Top-1 Accuracy: Top-1 Accuracy measures the percentage of samples where the model’s
highest-confidence prediction matches the ground-truth label.
Top-3 Accuracy: Top-3 Accuracy measures the percentage of samples where the ground-
truth label appears within the top three predictions of the model.
Mean Class Accuracy (MCA): MCA calculates the average accuracy across all classes,
giving equal weight to each class irrespective of sample size. See Fig. 3.8 for details.

3.3.3 Methods for Pose Estimation

Data Preprocessing For our experiment, we utilized all annotated data from the OpenMonk-
eyChallenge (OMC) dataset, encompassing 26 species and 17 keypoints, including invisible
ones. Due to OMC’s large size, a 5-fold cross-validation approach was chosen for model
benchmarking.
Within-domain Models Benchmarking: We evaluated the within-domain performance
of nine pose estimation models, including three ResNet architectures (RN-50, RN-101,
RN-152) and six EfficientNet variants (B0, B1, B2, B3, B5, B6) [75, 192]. All models were
pretrained on ImageNet [165] and then trained on OMC for 40,000 iterations, a duration
estimated as sufficient for loss convergence in preliminary tests using the largest network
(EfficientNet-B6).

Default training hyperparameters and augmentation settings were used except for the
batch size, which was set to 16 (the maximum fitting into the GPU memory for EfficientNet-
B6 on an NVIDIA A100 40GB). The learning rate schedule followed the defaults: 1.0e-04
until iteration 7,500, 5.0e-05 until iteration 12,000, and 1.0e-05 for the remainder. We
performed 5-fold cross-validation, splitting the dataset into 80% training and 20% testing
subsets, ensuring that all 89,223 images were included in the test set once. All models were
trained remotely on the Google Cloud platform with NVIDIA A100 (40GB) or V100 (16GB)
GPUs, using ASBAR’s GUI (see Fig. S4 in Appendix B for examples of elements).

Model snapshots were saved every 5,000 iterations and evaluated on the test set. Each
model’s eight snapshots were evaluated across all five folds (8× 5 = 40 evaluations per
model). To handle the computational load, we customized DLC’s evaluation pipeline to
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batch data processing and limit evaluations to the test set. While this modification was not
integrated into the released framework, the default DLC evaluation method remains available
in ASBAR’s GUI for reproducibility.
Model Shortlisting: Since the ultimate goal was to predict keypoints on the out-of-domain
behavior dataset, we shortlisted four models based on their robustness and generalization po-
tential: (i) ResNet-152: Best-performing within-domain model; (ii) ResNet-50: Widely used
and popular among researchers; (iii) EfficientNet-B6: Demonstrated strong generalization to
out-of-domain data in prior studies [132]; (iv) EfficientNet-B3: Despite lower within-domain
accuracy, it balances strong out-of-domain generalization [132] with low computational cost
(1.8G FLOPs versus 4.1G for ResNet-50 and 11G for ResNet-152).

The shortlisted models were retrained on the full OMC dataset (89,223 images) with
no test set. Training was extended to 100,000 iterations to accommodate the larger training
dataset. All other hyperparameters were unchanged. Model snapshots were saved every
5,000 iterations, producing 20 snapshots per model for evaluation.

3.3.4 Methods for Pose Extraction

After evaluating pose estimation performance (see Sect. 3.4.1 for results), ResNet-152 was
selected for pose extraction. This model was applied to all frames in the behavior dataset to
predict keypoint candidates.

Given the visual differences between the pose and behavior datasets, the pose estimation
model’s confidence threshold was lowered to 10−6 to maximize keypoint candidate generation
and minimize cases of "no prediction." Skeletal poses were extracted by filtering these
candidates to retain only the 17 keypoints with the highest confidence scores within the
annotated bounding boxes.

3.3.5 Methods for Behavior Recognition

Data Preprocessing: The methodology proposed by [167] was followed for data sampling.
A minimum threshold of 72 consecutive frames (equivalent to 3 seconds) exhibiting the same
behavior was set to ensure the inclusion of prolonged and meaningful behavioral patterns.
Selected video clips were divided into samples of 20 consecutive frames, with no gaps or
overlaps between samples.

The dataset was randomly split at the video level into training, validation, and testing
subsets, using a 70-15-15 distribution. The pose extraction output was formatted and stored
as triplets of (x,y,confidence) coordinates for each keypoint.



56 Skeleton-Based Action Recognition for Great Ape Behaviors

Model Training: A PoseConv3D model [39] with a ResNet3dSlowOnly backbone and an
I3D classification head was selected for behavior recognition. This architecture was chosen
for its strong performance on NTU60-XSub [120], a benchmark dataset for human action
recognition, as reported by [39].

To adhere strictly to a skeleton-based approach, the model was trained exclusively on
pose-estimated data, without incorporating the multimodal RGB+Pose capability. Only joint
keypoints (excluding limbs) were used, with a sigma value of 0.6 (examples illustrated in
Fig.2.2). Probabilistic confidence scores (ck in Equation 2.17) were not considered, given the
intentionally low confidence threshold during pose extraction.

The model weights were initialized from pretraining on the FineGym dataset [176].
Training was conducted for 50 epochs using two NVIDIA RTX 2080 Ti GPUs (2 × 11GB).
A class-balanced focal loss [34] was employed to address the imbalanced class distribution
(β = 0.992, γ = 2). Other hyperparameter choices included: batch size of 32; initial learning
rate of 0.005 (with momentum of 0.9 and cosine annealing); weight decay of 0.01 and a
dropout ratio of 0.8 (i.e. strong regularization to avoid overfitting). Other hyperparameters
and augmentation settings followed those used in [39].

3.4 Results

To showcase the ASBAR framework’s capability in animal behavior recognition from pose
estimation, we selected a particularly challenging task: classifying great ape natural behaviors
in the wild.

This section details the experimental results. First, we present the evaluation of pose
estimation models, including both within-domain and out-of-domain results, leading to the
selection of an optimal model for pose extraction (Section 3.4.1). Additional insights into
model performance at keypoint and species levels are provided in Section 3.4.2. Finally,
skeleton-based behavior classification results are reported and compared to existing studies
(Section 3.4.3).

3.4.1 Results of Pose Estimation

Within-domain evaluation: We compared the performance of all nine models after 40,000
iterations by constructing 95% confidence intervals for MAE using a t-distribution (α =

0.025, ν = 4), given the small sample size from cross-validation. The results (as seen
in Figure 3.3) show that: (i) ResNet-152 achieved the best performance (14.05± 0.199),
statistically outperforming other models; (ii) ResNet-101 ranked second (14.334±0.080);
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Fig. 3.3 Final within-domain model performance. Mean and 95% confidence intervals of
the MAE (in pixels) after 40,000 iterations (end of training). Disjoint confidence intervals
indicate statistically significant differences. ResNet-152 demonstrates significantly better
performance compared to all other models in this task.

(iii) EfficientNet-B5 (14.958± 0.299), EfficientNet-B6 (14.981± 0.288), and ResNet-50
(15.098±0.12) had overlapping confidence intervals, making their performances statistically
indistinguishable; (iv) EfficientNet-B3 (15.455± 0.097) and EfficientNet-B2 (15.519±
0.25) performed slightly worse; (v) EfficientNet-B1 (16.031±0.167) and EfficientNet-B0
(16.631±0.546) exhibited the highest error rates.

In addition, the performance of each model during training is visualized through deviation
charts of their snapshot variants, showing the mean and standard deviation of MAE and PCK
in Figure 3.4.
Out-of-domain Evaluation: Each saved model snapshot was tested on the PanAf500-
Pose ground-truth annotations. To reduce the influence of noisy predictions, the minimum
confidence threshold for pose prediction was maintained at the default value of 0.1.

Our results indicate that ResNet-152 generalizes best to out-of-domain data (Fig 3.5),
achieving the highest overall PCK-nasal dorsum of 54.17% across all keypoints (n = 5,440)
and the lowest normalized error rate (NMER) of 10.19%.
Pose extraction: Based on ResNet-152’s performance at 60,000 iterations—achieving a
detection rate of 53.9% (very close to the highest observed value) and a minimal NMER of
10.19%—this snapshot was selected as the final keypoint detector for pose extraction.
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Fig. 3.4 Model’s relative performance throughout ’within-domain’ training. The mean
± std of the Mean Average Euclidean Error (MAE) in pixels (left, lower is better) and
percentage of correct keypoint (PCK nasal dorsum) (right, higher is better) for all nine
model variations. Evaluation results of 5-fold cross-validation on test set data, at every 5,000
iterations.

Fig. 3.5 Out-of-Domain performance on PanAf500-Pose. Models are evaluated using two
metrics that account for the animal’s relative size and distance: PCK nasal dorsum (left, higher
is better) and normalized error rate (right, lower is better). ResNet-152 demonstrates superior
performance in predicting great ape poses in their natural habitat. Vertical and horizontal
dashed lines indicate the maximum and minimum values, along with the corresponding
number of iterations. ResNet-152 at 60,000 iterations is selected for pose extraction.

3.4.2 Alternative Performance Evaluation

To gain deeper insights into the final pose estimation model’s performance, we evaluated it
across keypoints and species using both OMC and PanAf500-Pose datasets. A confidence
threshold of 0.1 was applied throughout.
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Fig. 3.6 Keypoint detection rate on within-domain vs. out-of-domain test data. The
keypoint detection rate, defined as the percentage of keypoints detected within a given pixel
distance, is shown for OMC (left) and PanAf500-Pose (right). For example, within a distance
of 10 pixels or less, the nose is detected in approximately 95% of the 89,223 images in OMC.
In contrast, the tail is detected within the same distance in only about 38% of cases.

3.4.2.1 Keypoint Detection Rate

Our analysis revealed that not all keypoints are equally detectable for non-human primates.
Detection rates, computed as the cumulative distribution of predicted distances in pixels
(Fig 3.6), highlight the following trends at test time for OMC (n= 89,223×17= 1,516,791):

• Facial features (e.g., nose, eyes) are the easiest to detect.

• Keypoints on the head are more accurately predicted than those below the neck.

• Upper body limbs (e.g., wrists, elbows, shoulders) are detected more reliably than
lower body limbs (e.g., ankles, knees).

• Limb extremities (e.g., wrists, ankles) are predicted more accurately than proximal
keypoints (e.g., elbows, knees).

• Hip and tail positions are the most challenging to predict accurately.

These trends can be attributed to (i) the distinct visual features of facial keypoints, (ii) the
prominence of heads and limb extremities, and (iii) the occlusion and ambiguity of lower
body parts and tails.
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Fig. 3.7 Normalized error rate for chimpanzees and gorillas in OMC. Mean and 95%
confidence intervals for the normalized error rate (NMER). Disjoint confidence intervals
indicate statistical significance. The model demonstrates lower error rates for all gorilla
keypoints, suggesting higher prediction accuracy for this species.

Comparing results from PanAf500-Pose (n = 320× 17 = 5,440) shows a similar S-
shaped distribution, indicating the model’s robustness to domain shifts. However, lower
detection rates for specific keypoints may result from the precise annotations in PanAf500-
Pose compared to OMC, where annotations are occasionally inconsistent (e.g., labeling
fingers instead of wrists or toes instead of ankles).

3.4.2.2 Per-Species Accuracy

To evaluate species-specific performance, we analyzed chimpanzees (n = 6,190) and gorillas
(n = 1,777) in OMC using the normalized error rate (NMER) and 95% confidence intervals
(Fig 3.7).

Results indicate a statistically significant dependence on species, with gorillas consistently
showing lower error rates than chimpanzees across all keypoints. This suggests that the
model detects keypoints more accurately for gorillas. Additional species-level analysis is
provided in Fig S3 in Appendix B.
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3.4.3 Results of Behavior Recognition

The results of behavior classification, summarized in Table 3.1, demonstrate the successful
application of our skeleton-based action recognition pipeline for animals. In the context of
automating the recognition of great ape behaviors in the wild—a highly relevant yet chal-
lenging task—our approach achieves accuracy comparable to other video-based techniques,
such as those reported in [167].

Table 3.1 Performance comparison with previous studies. Comparison of Top-1 Accuracy,
Top-3 Accuracy, and Mean Class Accuracy (MCA) between ASBAR and previous video-
based methods. ASBAR achieves comparable performance to video-based approaches across
all metrics.

Approach Top1 Accuracy Top3 Accuracy MCA
Two-Stream CNNs [167] video-based 73.5% 94.1% 42.3%
ASBAR skeleton-based 75.3% 95.4% 47.0%

To the best of our knowledge, this is the first use of a skeleton-based method for clas-
sifying great ape behaviors. Notably, the entire behavior dataset after pose extraction (i.e.,
the input features for the behavior classifier) requires less than 60 MB of storage in text
format—approximately 20 times smaller than the storage requirements of the same dataset
using a video-based approach. For ethologists working in the field, where computational,
storage, and transfer resources are often limited, this represents a significant improvement
without sacrificing performance in behavior recognition.

The normalized confusion matrix of the final behavior recognition model is shown in
Fig.3.8. The model tends to overfit on head behavior classes, which have more samples in
the dataset (see Sect.3.2.1). For instance, the model frequently overpredicts ’walking,’ the
second most represented class, at the expense of tail classes. The false positive rates (i.e.,
misclassification rates) for ’walking’ on ’sitting on back,’ ’climbing up,’ ’climbing down,’
’running,’ and ’camera interaction’ are 0.74, 0.42, 0.50, 0.89, and 0.40, respectively.

Interestingly, the other two head classes—’standing’ and ’sitting’—show near-zero false
positive rates for the same tail classes. This discrepancy may be explained by the static
nature of ’standing’ and ’sitting,’ which involve stationary poses, compared to the dynamic
movements in ’walking’ and most tail classes, where pose estimation accuracy may be lower.

Additionally, the true positive rates for ’sitting on back’ and ’running’ (i.e., their per-class
accuracy) are extremely low, at 0.11 each. Both are predominantly misclassified as ’walking.’
This likely stems from the similarity in skeletal poses across these behaviors, making it
challenging for the model to differentiate between them using only skeleton data, particularly
given the limited sample sizes for these classes.
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Fig. 3.8 Normalized confusion matrix of behavior recognition. For each true behavior
label (rows), the percentage of predictions across all predicted behaviors (columns) is shown.
For instance, 51% of samples labeled as ’standing’ were correctly classified, while 16% were
misclassified as ’walking’ and 33% as ’sitting.’ The diagonal cells represent the per-class
accuracy, and their average corresponds to the Mean Class Accuracy (MCA) metric. A
perfect classification model would yield a normalized confusion matrix with values of 1 on
the diagonal and 0 elsewhere.

3.5 Discussion

Despite the growing availability of open-source resources, such as large-scale animal pose
datasets and machine learning toolboxes for pose estimation and human skeleton-based
action recognition, their integration for animal behavior recognition—particularly in natural
settings—remains largely unexplored. With ASBAR, a framework combining animal pose
estimation and skeleton-based action recognition, we provide a comprehensive data and
model pipeline, methodology, and GUI to assist researchers in automatically classifying
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animal behaviors via pose estimation. We hope these resources will become valuable tools
for advancing the understanding of animal behavior within the research community.

To illustrate ASBAR’s capabilities, we applied it to the challenging task of classifying
great ape behaviors in their natural habitat. Our skeleton-based approach achieved accuracy
comparable to previous video-based studies for Top-K and Mean Class Accuracies. Addition-
ally, by reducing the input size of the action recognition model by a factor of approximately
20 compared to video-based methods, our approach requires significantly less computational
power, storage space, and data transfer resources. These qualities make ASBAR particularly
suitable for field researchers working in resource-constrained environments.

Our framework and results are built on the foundation of shared and open-source ma-
terials, including tools like DeepLabCut [133], MMAction2 [141], and datasets such as
OpenMonkeyChallenge [224] and PanAf500 [167]. This underscores the importance of
making resources publicly available, especially in primatology, where data scarcity often
impedes progress in AI-assisted methodologies. We strongly encourage researchers with
large annotated video datasets to make them publicly accessible to foster interdisciplinary
collaboration and further advancements in animal behavior research.

3.5.1 Challenges and Future Directions

While our results are promising, there are areas for improvement in both pose estimation and
action recognition tasks.
Pose Estimation: Out-of-domain PCK metrics for pose estimation hovered just above 0.5,
indicating that nearly half of the predicted keypoints were outside the acceptable range of
the ground-truth coordinates. Accurate pose estimation is critical for downstream behavior
classification. Future work could address this by fine-tuning the pose estimation model on the
behavior dataset before pose extraction. Additionally, training on more specific datasets, such
as OpenApePose [36], could improve performance. Techniques to reduce the domain gap
between pose and behavior datasets [207] or leveraging pseudo-labels for semi-supervised
learning [20, 111, 142] could also enhance generalization.

Interestingly, EfficientNet architectures performed worse than ResNet-152 in both within-
domain and out-of-domain evaluations, contrary to prior results in animal pose estimation
[132]. This discrepancy may stem from suboptimal hyperparameter tuning (e.g., fixed
learning rate schedules instead of cosine decay) for EfficientNet models. Future studies
should optimize hyperparameters individually for each architecture to fully explore their
potential.
Behavior Recognition: While our skeleton-based pipeline achieved comparable results to
previous studies, the overall accuracy remains relatively low, which could limit its practical
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deployment in the field. Comparisons to human-centric studies, where abundant datasets for
both pose estimation and action recognition have led to higher performance [39], highlight
the need for additional public datasets [149, 27, 20] to drive progress in AI-assisted animal
behavior research.

From an algorithmic perspective, using keypoint detection as pose scoremaps rather than
compressing them into (x,y,c) triplets could improve performance, particularly when pose
predictions are less accurate [39]. Incorporating RGB-Pose dual-modality could further
enhance classification accuracy, especially for behaviors with similar skeletal motion, such
as ’walking,’ ’running,’ and ’sitting on back.’

3.6 Conclusion

This study demonstrates the practical utility and relevance of skeleton-based action recog-
nition approaches in animal behavior research. We hope the tools, methodologies, and
insights presented here will inspire further applications of skeleton-based techniques to study
a broader range of behaviors and animal species. Future advancements in pose estimation,
action recognition, and dataset availability will undoubtedly enhance the impact of such
approaches in ethology and beyond.
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Out-Of-Distribution Generalization
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Abstract

This chapter addresses the significant challenge of recognizing behaviors in non-human
primates, specifically focusing on chimpanzees. Automated behavior recognition is crucial
for both conservation efforts and the advancement of behavioral research. However, it
is often hindered by the labor-intensive process of manual video annotation. Despite the
availability of large-scale animal behavior datasets, effectively applying machine learning
models across varied environmental settings remains a critical challenge due to the variability
in data collection contexts and the specificity of annotations.

In this chapter, we introduce ChimpBehave, a novel dataset featuring over 2 hours and
20 minutes of video (approximately 215,000 video frames) of zoo-housed chimpanzees,
meticulously annotated with bounding boxes and behavior labels for action recognition.
ChimpBehave uniquely aligns its behavior classes with existing datasets, enabling the study
of domain adaptation and cross-dataset generalization between different visual settings. Fur-
thermore, we benchmark our dataset using both video-based and skeleton-based CNN action
recognition models, providing baselines for within- and cross-dataset evaluations. Our results
demonstrate that in cross-dataset experiments with substantial visual changes, the skeleton-
based approach performs statistically significantly better than the video-based method. The
dataset, models, and code can be accessed at: https://github.com/MitchFuchs/ChimpBehave

4.1 Introduction

The development of machine learning tools to recognize animal behaviors from videos plays
a critical role in ecology and ethology. Automated systems for recognizing chimpanzee
behaviors could offer a broad spectrum of applications, ranging from enhancing conservation
efforts to providing valuable insights into the behavior of great apes. Moreover, non-invasive
technologies developed for their well-being can significantly benefit chimpanzees — an
endangered species — in both wild and captive settings. For instance, these systems could
monitor population dynamics in natural habitats or provide timely signals of behavioral
abnormalities in unwell individuals to caretakers in zoos.

https://github.com/MitchFuchs/ChimpBehave
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As one of humans’ closest living relatives, chimpanzees have been the subject of extensive
scientific research in fields such as ecology, comparative cognition, neuroscience, and
evolutionary biology. This research often relies on videos, whose manual annotation is
time-consuming and labor-intensive. The advancement of algorithms for animal behavior
classification can, therefore, significantly benefit researchers by expediting the labeling
process and/or reducing its overall cost.

However, such algorithms require large amounts of data for training before they can be
effectively deployed in the observational fields of behavioral studies. To address this, large-
scale animal datasets have recently been created to adapt human-centered action recognition
models for animal behavior classification (see, e.g., Animal Kingdom [149] and MammalNet
[27]). Although comprehensive, these datasets lack the fine-grained annotations needed to
capture the complex behaviors of great apes.

To bridge this gap, more specialized datasets, such as ChimpACT [124] and PanAf
[17], have been developed to target species-specific behaviors across various environments
- ranging from zoo settings to wild forests - and under diverse recording conditions (see
Section 4.2.1 for details). While invaluable, their practical relevance for researchers may
be constrained by the distinctiveness of their visual, environmental, and recording settings.
For instance, behavior recognition models trained on zoo-specific data may overfit to that
context, limiting their ability to generalize to other zoo environments, let alone to data from
natural forest habitats. As a result, researchers collecting new data in their own settings may
find such models unsuitable unless substantial effort is invested in annotating and fine-tuning
them for their specific needs.

A critical factor in animal behavior recognition, therefore, is the model’s capacity to
generalize across diverse environments. A key limitation of both ChimpACT and PanAf is
that their sets of annotated behaviors are unique and non-overlapping, making them challeng-
ing to use in generalization studies. To address this limitation, we introduce ChimpBehave,
a novel dataset whose class labels are aligned with PanAf, yet feature starkly different
visual and recording conditions. ChimpBehave contains footage of chimpanzees filmed in
a zoo environment with handheld cameras focused on individual animals, whereas PanAf
consists of recordings from stationary outdoor camera traps in natural forests, capturing both
chimpanzees and gorillas. This design makes ChimpBehave an ideal resource for studying
cross-dataset generalization in great ape behavior recognition.

Challenges in cross-domain generalization have also been widely explored in human
studies. A promising approach to reducing the dependency on domain-specific behavioral
data and annotations in humans has been the adoption of skeleton-based methods. Unlike
video-based approaches, which rely on full RGB videos, skeleton-based methods predict



4.1 Introduction 71

miniclip prepartion

remaining frames are discarded

miniclip of 20 frames, 224x224 pixels

video segment of behavior

HRNet-
W48-DARK

[[(x1, y1, c1), (x2, y2, c2), ... (x15, y15, c15)], ..., [(x1, y1, c1), (x2, y2, c2), ... (x15, y15, c15)]]

X3D

PoseConv3D

'climbing down'

'climbing down'

video-based action recognition

skeleton-based action recognition

pose estimation

set of 15 keypoint coordinates and confidence

Fig. 4.1 Representation of our setting. Miniclips of 20 consecutive frames are extracted
from all video segments and fed into X3D, a video-based action recognition model for
behavior classification. In parallel, the pose is extracted with HRNet, and then fed into
PoseConv3D for skeleton-based action recognition.

behavior by analyzing sequences of extracted skeletal poses. Recent studies have shown that
this approach can effectively recognize even fine-grained, complex human actions, such as
athletes’ movements in gymnastics competitions [39, 176].

As highlighted in various reviews on human data [47, 26, 217], skeleton-based representa-
tions tend to be more robust to variations in visual settings, including changes in illumination
and background. This robustness is particularly advantageous in cross-domain generaliza-
tion, where models are applied to new environments with differing visual characteristics.
Additionally, the reduction in data from high-dimensional video frames to lightweight 2D
joint coordinates offers significant benefits, especially in resource-constrained environments,
such as low-power field settings [52].

These promising prospects have drawn attention from the animal research community,
with a growing focus on pose estimation - the task of predicting an individual’s posture
via joint coordinates. However, translating skeletal poses into practical animal behavior
classification has been only marginally explored, particularly in non-laboratory environments.

Two major challenges arise when considering a skeleton-based approach rather than
a video-based one. First, relying solely on skeletal poses while discarding the remaining
pixel information could result in lower behavior classification accuracy. Second, estimating
accurately the pose of animals presents unique challenges. For example, detecting joint
coordinates in animals like chimpanzees is significantly more difficult than in humans due
to factors such as the scarcity of publicly annotated data, the variety of poses, frequent
occlusions during social interactions, and the low visual contrast of their appearance.

Despite these valid concerns, we argue, based on our experimental results, that a skeleton-
based method may not only perform comparably to a video-based method within a single
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dataset but can also be statistically significantly more robust in cross-dataset settings. Specifi-
cally, when trained on data from one visual environment and tested on a completely different
one, skeleton-based approaches can outperform video-based models, even without additional
pose estimation labeling costs.

In summary we make the following contributions:

• We introduce ChimpBehave, a dataset for great ape behavior recognition, featuring over
2 hours and 20 minutes of video (approximately 215,000 video frames) annotated with
fine-grained behaviors and bounding boxes. Its label classes are specifically aligned
with existing datasets to facilitate cross-dataset generalization experiments.

• We establish a performance baseline on ChimpBehave using CNN-based models for
both video-based and skeleton-based action recognition, with X3D [43] and PoseC-
onv3D [39], respectively. We use a rigorous evaluation protocol, including a stratified
5-fold cross-validation procedure to validate our results.

• We examine both within-dataset and cross-dataset generalization using other existing
datasets for video-based and skeleton-based methods. Our results demonstrate that
while both methods deliver comparable performance when trained and tested within a
single dataset, the skeleton-based approach consistently outperforms the video-based
method in cross-dataset scenarios.

The chapter is organized as follows: In Section 4.2, we review related work, introducing
various non-human primate datasets used in computer vision applications and providing an
overview of key action recognition studies focusing on non-human primates. In Section
4.3, we present the proposed ChimpBehave dataset, detailing its description, data collection
process, and annotation methodology. Section 4.4 outlines our methods and experiments,
including descriptions of the datasets used, the evaluation metrics, and the methodology
behind both our video-based and skeleton-based approaches. This section also covers the
models, experimental setup, and protocol details.

Our experimental results are presented in Section 4.5, structured into three subsections:
results on the ChimpBehave dataset, within-dataset evaluations, and cross-dataset model
performance. Finally, we conclude with a discussion of our findings, some limitations, and
suggestions for future research in Section 4.6.
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4.2 Related Work

4.2.1 Non-human Primate Datasets

The growing number of animal datasets designed for computer vision tasks has prominently
included non-human primates (NHP), reflecting their importance across various ethological
and ecological studies. These datasets span a wide array, from those encompassing multiple
animal orders [149, 27, 222, 119] to those focusing specifically on primates [224], apes [124,
17, 36], monkeys [190], and particularly macaques [8, 106, 131].

These datasets showcase notable diversity in annotations and tasks, including species
identification [27, 222, 224, 17, 36], animal detection and tracking [222, 124, 17, 119], pose
estimation [149, 222, 224, 124, 36, 190, 8, 106, 131, 119], and behavior recognition [149,
27, 124, 17, 8, 131, 119].

Among these datasets, only two are dedicated specifically to great ape behavior recogni-
tion: ChimpACT [124] and PanAf [17]. These datasets adopt distinct approaches, highlight-
ing the challenges of applying computer vision across diverse contexts. ChimpACT captures
the daily life of a young chimpanzee in a zoo environment, characterized by man-made
backgrounds, dynamic handheld camera movements, and a longitudinal focus on a single
individual. In contrast, PanAf documents the behaviors of chimpanzees and gorillas in their
natural habitats, using static cameras deployed in African forests to capture a wide variety
of ape populations. These differing settings underline the challenges faced by computer
vision models in adapting to varying visual environments. Table 4.1 provides a comparative
overview of the main features of these datasets, while Table T4 in Appendix C details their
annotated behavioral classes.

PanAf is further divided into two subsets: PanAf20K and PanAf500. PanAf20K com-
prises over 7 million frames labeled with broad ecological behaviors through crowdsourcing,
designed for multi-label behavior recognition at the video level. In contrast, PanAf500 is a
smaller, fine-grained dataset focused on multi-class behavior recognition, with individual
bounding boxes annotated with their corresponding behaviors. In this chapter, we focus on
PanAf500 for its precise annotation scheme, referring to it as PanAf for simplicity.

While ChimpACT and PanAf are valuable datasets, they exhibit limitations when consid-
ered for combined use in primatology research. ChimpACT targets spatio-temporal behavior
detection with annotations emphasizing social interactions and broad locomotive behaviors
(e.g., ’moving’, ’resting’, ’climbing’). PanAf, however, focuses on fine-grained individual
locomotive actions, such as ’walking,’ ’running,’ ’sitting,’ and ’climbing down.’ These
differences in design and annotation complicate cross-dataset analyses, making direct model
comparisons challenging.
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ChimpBehave bridges this gap by combining a visual and filming setup reminiscent of
ChimpACT, with recordings of individuals in man-made environments featuring camera
motion and zooming, while aligning its behavioral annotation scheme with PanAf’s de-
tailed locomotive action categories. This design makes ChimpBehave an ideal resource for
primatology, enabling straightforward out-of-distribution generalization experiments and
facilitating model comparisons across diverse visual environments.

Table 4.1 Main feature comparison of ChimpBehave, PanAf and ChimpACT for
Behavior Recognition (BR).

ChimpBehave PanAf ChimpACT

P500 P20K

Species Chimpanzees Chimpanzees & Gorillas Chimpanzees

Environment Zoo / Man-made Forest / Natural Zoo / Man-made

Location Basel (CH) Tropical Africa Leipzig (D)

Recording
method

Focal sampling Camera trapping Focal sampling

Cameras Moving Fix Moving

Resolution 1920x1080@25 720x404@24 720x578@25 /
1280x720@25

Annotated frames
for BR

213,000 180,000 7,000,000 160,000

Locomotive
Behaviors

8 7 3 4

Total Behaviors 8 9 18 23

Annotations by
primatologist

✓ ✗ ✗ ✗

Task Multi-Class BR Multi-
Class
BR

Multi-
Label
BR

Multi-Label BD

4.2.2 Behavior Recognition for Non-Human Primates

With advancements in deep learning, including Convolutional Neural Networks (CNNs) and
Transformers, several studies have applied these techniques to the automated recognition of
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NHP behaviors. To date, these efforts have primarily focused on macaques [127, 113, 8],
monkeys [119], and apes [124, 17, 167, 5, 52, 15, 16].

Key advancements in this domain leverage action recognition (AR) techniques, which
are essential for classifying behaviors from video sequences. Below, we provide an overview
of recent research focusing on great apes. These techniques are generally categorized into
three main approaches: video-based, skeleton-based, and multimodal.
Video-Based AR: Video-based action recognition analyzes visual features directly from
raw video data, capturing movements and interactions within the pixel data of each frame.
Several studies have employed such methods specifically for NHP behavior recognition.
In [167], experiments on the PanAf dataset were conducted using C2D [181], an early
dual-stream model architecture that fuses RGB and optical flow data before classification.
Subsequently, [15] expanded the number of data streams by incorporating a third path to
include dense pose, as presented in [168]. The PanAf dataset was later benchmarked in [167]
using various CNN-based and Transformer-based models.

Additionally, several models for spatiotemporal action detection - detecting actions in
both space and time within videos - have been benchmarked on videos annotated with
chimpanzee behaviors in ChimpACT [124].
Skeleton-Based AR: Skeleton-based approaches, in contrast, focus on tracking the move-
ment of key body points or joints, constructing a skeletal representation of the subject to
recognize specific actions or behaviors. This approach was first applied to great ape behavior
classification in ASBAR [52], a framework that combines DeepLabCut pose estimation
modules [133, 108] with PoseConv3D [39] for action recognition.
Multimodal AR: The recent rise of Vision-Language Models (VLMs) [233], which com-
bine video frames and text as input, was first adapted for great ape behavior classification
in [16]. In addition, [5] incorporated multimodal signals by including audio cues to enhance
chimpanzee behavior classification.

4.3 The ChimpBehave Dataset

In this section, we present the details of the dataset we have built and its main features.
Dataset Description: ChimpBehave consists of 1,362 annotated video segments of chim-
panzees, each labeled for multi-class action recognition, specifying a unique behavioral class
along with corresponding bounding boxes. These segments were derived from a collection
of 50 longer videos recorded in 2016 at the Basel Zoo indoor enclosure (see examples in Fig.
4.2 and Fig. S5 in Appendix C).
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Fig. 4.2 Walking, hanging, sitting, or climbing up? Identifying which chimpanzee behavior
is depicted in these images is trivial for most humans. For algorithms, however, this is not
always the case, especially when exposed to videos from previously unseen environments.

The Basel Zoo houses a group of 15 chimpanzees (Pan troglodytes verus), including 12
females (6 adults, 1 subadult, 3 juveniles, and 2 infants) and 3 males (1 adult, 1 juvenile,
and 1 infant). The group resides in a facility consisting of six indoor lodges (totaling 233.3
m²) and two outdoor enclosures (totaling 477 m²). The lodges are equipped with climbing
structures, ropes, puzzle boxes, and other enrichment features.

Each original video was captured using focal sampling, where one of nine chimpanzees
was tracked while also capturing its surroundings and other conspecifics. The filming
conditions were naturalistic, including camera motion, zooming, and occasional shaking. All
videos were recorded with a handheld camera at a resolution of 1920x1080 pixels and 25 fps.

The annotated video segments were selected for their clear depiction of behaviors, with
an emphasis on including less frequent locomotive behaviors whenever possible. In total, the
dataset comprises approximately 215,000 annotated video frames.
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Bounding Box Annotations: To label all video frames with bounding boxes, we employed
a three-stage process, described below:

1. A single annotator (MF) manually labeled over 16,000 video frames from 206 video
segments. Annotations were done on every tenth frame, with an interpolation approach
used for the remaining frames. All annotations were performed in Label Studio
(https://labelstud.io/) across a variety of scenes. For each chimpanzee, a minimum of
500 frames were annotated, and for each of the 50 original focal videos, at least two
segments or 130 frames were included.

2. These labels were then used to fine-tune QDTrack [152] on the MMAction2 plat-
form [141], a state-of-the-art Multiple Object Tracking (MOT) model pretrained on
the ChimpACT dataset [124]. This model was selected due to its demonstrated ef-
fectiveness for this task, as highlighted in [124]. Fine-tuning was conducted for 6
epochs using 168 video segments, leaving 38 segments for evaluation. The final model
achieved the following scores on common MOT metrics at test time: Recall 0.576,
Precision 0.706, HOTA 0.499, mAP 0.557.

3. We then used this model to predict tracking bounding boxes for all video segments,
manually refining the tracks to correct any ID swaps and linearly interpolating pre-
dictions where necessary (see Fig. 4.3 for more details). Each track was individually
reviewed, and only valid sequences were retained in the final dataset. The distribution
of bounding box sizes is visualized in Fig. 4.4. The code for MOT fine-tuning and data
conversion between MMAction2 and Label Studio is available in our code repository.
Fig. S16 provides further details on our iterative fine-tuning process.

Keypoint Annotations: The coordinates of 1,500 keypoints were manually annotated by
MF. This includes 15 keypoints in 100 individual frames, with two frames selected from each
of the 50 focal videos.
Behavior Annotations: An expert primatologist (EG) meticulously labeled the dataset’s
behavior annotations for all video segments using ELAN (https://archive.mpi.nl/tla/elan).
The annotator focused on eight mutually exclusive behavioral classes that represent some
of the most common primate behaviors, namely ’sitting’, ’standing’, ’walking’, ’running’,
’hanging’, ’swinging’, ’climbing down’, and ’climbing up’ (see full ethogram in Table T1
in Appendix C). These classes were selected because they represent a diverse range of
locomotion and posture-related behaviors commonly exhibited by primates. They capture
both stationary (e.g., ’sitting,’ ’standing’) and dynamic (e.g., ’walking,’ ’running,’ ’swinging’)
actions, providing a comprehensive dataset for action recognition.
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Fig. 4.3 Tracking example after correcting IDs and interpolating missing frames (red
bounding box). When the individual passed behind the pole, the network lost its track
and assigned a new ID. All predicted tracks were manually reviewed, and proper IDs
reassigned programmatically where necessary. Missing frames were reconstructed using
linear interpolation. Best seen zoomed in. Code is available in the project repository.

From an ecological perspective, these behaviors are integral to understanding primate
activity patterns, energy expenditure, and environmental interactions. For instance, locomotor
behaviors like ’climbing up’ and ’swinging’ are directly tied to arboreal navigation, which is
critical for species living in forested habitats. Similarly, stationary behaviors such as ’sitting’
and ’standing’ are often associated with feeding or vigilance, offering insights into primates’
social and foraging strategies.

In addition, seven of these classes were intentionally selected to match those annotated in
[17], in order to facilitate cross-dataset analysis. Similar to [17], we observe a long-tail class
distribution in our dataset, as shown in Fig. 4.5. Accordingly, we refer to ’sitting’, ’standing’,
and ’walking’ as head classes, while the remaining five are considered tail classes.

4.4 Method and Experiments

Our objective is to study and compare within-dataset and cross-dataset generalization perfor-
mance of standard video-based and skeleton-based action recognition models. To achieve
this, we first describe the datasets and data preparation process, followed by the evaluation
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Fig. 4.4 Bounding box sizes in the ChimpBehave (left in blue) and PanAf (right in grey)
datasets. Each dot represent the size of one bounding box annotated with behavior.

metrics used in our experiments. We then describe the video-based behavior recognition
model and its implementation details, followed by the skeleton-based recognition model,
including keypoint estimation. See Fig. 4.1 for on overview of our data pipeline. Finally, we
outline the experimental protocol.

4.4.1 Datasets and Data Preparation

In addition to ChimpBehave (described in Sec. 4.3), we relied on three additional datasets
introduced below.

4.4.1.1 OpenApePose

The OpenApePose dataset [36] comprises 71,868 images annotated with the 2D poses of
various ape species, namely chimpanzees (approximately 25%), gorillas (18%), orangutans
(18%), bonobos (16%), gibbons (13%), and siamangs (10%). The images capture individuals
in diverse settings, including zoos, sanctuaries, and field sites. Each image contains pose
annotations for one individual, including 17 keypoints: nose, eyes, head, neck, shoulders,
elbows, wrists, sacrum (center between hips), knees, and ankles. We used this dataset to train
our pose estimation model (Sec. 4.4.4.1).
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4.4.1.2 ChimpACT

ChimpACT [124] is a dataset that includes videos annotated for animal tracking, pose
estimation, and action detection. It comprises 16,028 images annotated for multi-animal 2D
pose estimation, with a total of 56,324 annotated poses from a group of chimpanzees housed
at the Leipzig Zoo, Germany. The environment is man-made, and the labeled images are
derived from 163 longer video segments (see Section 4.2.1 for more details). It includes
16 labeled keypoints: eyes, upper and lower lips, neck, shoulders, elbows, wrists, root of
hips, knees, and ankles. This dataset was also used to train our pose estimation model
(Sec. 4.4.4.1), and we used its tracking data to pretrain our bounding box tracker (Sec. 4.3).

4.4.1.3 PanAf

The Pan African Programme ’The Cultured Chimpanzee’ [136] aims to enhance the un-
derstanding of evolutionary and ecological factors that influence chimpanzee behavioral
diversity. As part of this effort, numerous hours of footage were collected using camera
traps placed in the forests of Central Africa. From this collection, 500 videos, each 15
seconds long (totaling 180,000 frames at 24 fps, resolution 720x404), were annotated with
bounding boxes for ape detection and action labels for behavior recognition [17, 167] (see
Fig. S6 in Appendix C for image examples). The nine annotated behaviors include ’walking’,
’standing’, ’sitting’, ’running’, ’hanging’, ’climbing up’, ’climbing down’, ’sitting on back’,
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and ’camera interaction’. This dataset was used in our experiments for action recognition
(Sec. 3.4). Note that this dataset is referred to as PanAf500 in [17], distinct from PanAf20k,
which includes coarser-grained actions and is not employed in our experiments.

4.4.1.4 Data Preparation

Behavioral Class Selection: In our experiments on ChimpBehave and the results presented
in Sec. 4.5.1, we included all eight behavioral classes in our training and testing data.
However, when examining within-dataset and cross-dataset generalization in Sec. 4.5.2.1 and
Sec. 4.5.2.2, we only included the seven classes that overlap with PanAf, namely ’walking’,
’standing’, ’sitting’, ’running’, ’hanging’, ’climbing up’, and ’climbing down’.
Miniclip Preparation: For our experiments, we converted both ChimpBehave and PanAf
videos into miniclips, i.e., sequences of 20 consecutive video frames associated with one
unique behavioral class and without frame overlap. Any remaining frames beyond the last
multiple of 20 were discarded. The coordinates of the individual’s bounding boxes within
each miniclip were used to calculate the global minimum and maximum coordinates of the
region to crop. Each miniclip was then resized to 224x224 pixels. This process yielded
10,043 unique miniclips from ChimpBehave and 8,404 from PanAf.
Keypoint Extraction: In our skeleton-based approach, each miniclip mentioned above was
converted into a series of keypoint coordinates and confidence scores using the Dark-HRNet-
W48 model, as described in Sec. 4.4.4.1.

4.4.2 Evaluation Metrics

Pose Estimation: To evaluate the performance of our pose estimation model on images
from ChimpBehave and PanAf, we relied on the Normalized Mean Error Rate (NMER) and
Percentage of Correct Keypoint - Nasal Dorsum (PCK-ND), two metrics suggested in [52],
where the set of 2D pose annotations from PanAf were made available. (see Sect. 3.3.2 for
formulas).

• Normalized Mean Error Rate (NMER) measures the average error distance per im-
age and per keypoint between a predicted keypoint and its ground truth coordinates,
normalized by a factor proportional to the dimensions of the individual’s bounding
box.

• Percentage of Correct Keypoint - Nasal Dorsum (PCK-ND) gives the percentage of
keypoints predicted within a certain radius of the ground truth coordinates. In this case,
the radius is defined by the length of the individual’s nasal dorsum (nose bridge).



82 Out-Of-Distribution Generalization

Behavior Recognition: At the behavioral class level, we compute the following metrics (see
Appendix E for formulas):

• Precision: The proportion of correctly predicted miniclips of a behavioral class among
all miniclips predicted as that class.

• Recall: The proportion of actual miniclips of a behavioral class that are correctly
recognized by the model.

• F1 Score: The harmonic mean of Precision and Recall, balancing both metrics, which
often involve a trade-off.

• False Positive Rate (FPR): The proportion of miniclips that do not belong to a class
but are incorrectly predicted as belonging to it.

• False Negative Rate (FNR): The proportion of actual miniclips of a class that are
missed by the model.

At the dataset level, we evaluate each model using the following action recognition
metrics: Top-1 Accuracy, F1 Score (weighted), Mean Class Accuracy (MCA), and Mean
Average Precision (mAP).

• Top-1 Accuracy measures the proportion of correctly classified miniclips, making it
sensitive to imbalanced class distributions.

• F1 Score (weighted) is useful for imbalanced datasets, as it combines precision and
recall, providing a single score while accounting for the distribution of classes.

• Mean Class Accuracy (MCA) evaluates the average accuracy across all classes, using
the same weight per class.

• Mean Average Precision (mAP) provides a comprehensive measure by averaging
precision across different recall levels for each class, capturing the model’s overall
ability to identify relevant miniclips. This metric is not sensitive to imbalanced class
distributions.

4.4.3 Video-Based Behavior Recognition

Behavior Recognition Model: X3D [43], a standard CNN-based model for action recog-
nition, was chosen as our comparative baseline. This model was selected due to its strong
performance on the PanAf benchmark, as presented in [17]. X3D’s architecture incrementally
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builds upon a small 2D image classification model, expanding along several network dimen-
sions, including space, time, depth, and width. This progressive expansion is designed to
optimize the trade-off between model complexity and performance, enabling highly efficient
models without sacrificing accuracy.
Implementation Details: Each X3D model was trained from scratch for 50 epochs using
default hyperparameters, with a batch size of 8. Training was performed using SGD op-
timization, with an initial learning rate of 0.01, momentum of 0.9, and weight decay of
0.0001.

4.4.4 Skeleton-Based Behavior Recognition

The quality of the skeleton-based action recognition model depends heavily on the capacity
of the pose estimation model to reliably detect and localize keypoints. In the following
section, we first present the design and training of the keypoint detector module, followed by
the behavior recognition model.

4.4.4.1 Pose Estimation

Data Preparation: We merged images and pose annotations from the OpenApePose and
ChimpACT datasets, resulting in a total of 87,896 images annotated with 128,192 poses,
comprising chimpanzees (approximately 58%), gorillas (10%), orangutans (10%), bonobos
(9%), gibbons (7%), and siamangs (6%). Only keypoints present in both datasets were
included: ’left eye’, ’right eye’, ’neck’, ’left shoulder’, ’right shoulder’, ’left elbow’, ’right
elbow’, ’left wrist’, ’right wrist’, ’hip/sacrum’, ’left knee’, ’right knee’, ’left ankle’, and ’right
ankle’. Additionally, we unified the ’nose’ coordinates from OpenApePose and the ’upper
lip’ coordinates from ChimpACT into a single keypoint labeled ’nose or upper lip’. This
merged dataset was split into train/validation/test partitions using a 68/16/16 split.
Model Training: We trained an HRNet-W48 model [189], enhanced with the DARK method
[232], due to its superior performance on ChimpACT, as demonstrated in [124]. The weights
were initialized from a model pretrained on COCO-WholeBody V1.0 [89], and fine-tuned
for 120 epochs. Additionally, we enforced that each keypoint should be considered visible,
regardless of whether the original annotation suggested otherwise, to encourage the network
to predict joint coordinates even when occluded.
Evaluation on ChimpBehave and PanAf: To assess the model’s prediction accuracy on
ChimpBehave, we annotated 1,500 ground truth keypoint coordinates and used them to
compute the Normalized Mean Error Rate (NMER) and PCK-Nasal Dorsum (PCK-ND). We
applied the same metrics to images from the PanAf dataset, using keypoint coordinates from
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Table 4.2 Evaluation metrics of our pose estimation network on an image subset of
ChimpBehave and PanAf.

# images # keypoints NMER PCK-ND

ChimpBehave 100 1500 9.48% 47.0%
PanAf (in [52]) 320 4800 9.08% 59.19%

[52]. Results are shown in Table 4.2, whereas qualitative prediction examples are shown in
Fig. 4.6 and in Figs. S7 to S10.

Several observations can be made based on these results: 1) Despite training on a
relatively large dataset, the model achieves only moderate performance on both datasets,
failing to correctly detect even half of the keypoints on ChimpBehave (PCK-ND: 47%); 2)
Similar to [52], not all keypoints are equally easy to detect. For instance, facial features are
detected more accurately than limb extremities (see keypoint-wise metrics in Fig. 4.7); 3)
Despite ChimpBehave’s higher image resolution compared to PanAf, the metrics indicate
better pose estimation performance on PanAf. A possible explanation is that PanAf’s pose
annotations in [52] were primarily made on video frames depicting less dynamic behaviors,
such as ’walking,’ ’sitting,’ and ’standing.’ In contrast, our set of annotations in ChimpBehave
deliberately included more challenging poses from fast-paced behaviors, such as ’climbing
down’ and ’running.’

4.4.4.2 Behavior Recognition Model

The PoseConv3D model [39], designed for action recognition, was employed in this study.
This model was chosen based on its high accuracy in recognizing complex human actions, as
demonstrated in [39], and its proven efficacy for great ape behavior recognition, as shown
in [52]. Notably, PoseConv3D uses only CNNs for action recognition, whereas most other
skeleton-based models rely on Graph Convolutional Networks (GCNs). GCNs are generally
less robust in handling noisy pose estimates [227, 47]. In PoseConv3D’s pipeline, keypoint
coordinates and confidence scores are first transformed into 3D heatmap volumes, which
are then processed by a 3D-CNN classifier for action recognition (see [39] or [52] for more
model details).
Implementation Details: Each PoseConv3D model was trained from scratch for 25 epochs
using default hyperparameters, with a batch size of 32, optimized using SGD (initial learn-
ing rate of 0.2, momentum of 0.9, and weight decay of 0.0003). We used only keypoint
data (including confidence scores), excluding limb data, and did not employ RGB+Pose
multimodality to clearly differentiate between methods.
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Fig. 4.6 Pose estimation examples on ChimpBehave. From left to right: 1) original image
cropped around the individual bounding box. 2) keypoint ground truth (green crosses) and
HRNet prediction (red dots), the prediction error is highlighted when greater than the nasal
dorsum length (yellow segments). 3) ground truth skeleton (in green). 4) predicted skeleton
(in red). Here we present some examples where we consider the pose prediction to be
relatively good, ie. where both skeletons share relatively similar appearances. See Figs. S7
to S10 for more examples.

4.4.5 Experimental Protocol

Within-Dataset Cross-Validation Procedure: To validate all within-dataset experimental
results, we followed a standard stratified 5-fold cross-validation procedure. In this approach,
each of the five models was trained on 4 folds (representing 80% of the dataset) and validated
on the remaining 20%. This ensures that all dataset miniclips are used exactly once for
validation. The same folds were used for both video-based and skeleton-based methods. To
maintain a similar class distribution across folds, miniclips were sampled proportionally for
each class. Miniclip selection for each fold was done in the order of their appearance in
the database, sorted by video name and then by frame numbering. This approach groups
miniclips at the video level as much as possible, ensuring better generalization across videos,
similar to the train/validation/test partitioning used in [17].
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Fig. 4.7 Pose estimation metrics by keypoint for both datasets. (Left) Normalized error
rate: mean (solid) and mean+std (dotted). (Right) Detection percentage within nasal dorsum
distance.

Cross-Dataset Cross-Validation Procedure: In the cross-dataset evaluation, we used all
models trained on each group of 4 folds of one source dataset (i.e., 80% of the miniclips
from one dataset) and tested them on all the miniclips of the second target dataset. This
procedure allows us to assess the generalization capability of the models across datasets.
Confidence Intervals: To assess the statistical significance of the results, we calculated 95%
confidence intervals based on the Student distribution with degrees of freedom ν = 4, for the
average of each metric calculated using the five evaluations from the 5-fold cross-validation
procedure.
Experimental Details: All training and evaluation for the models were conducted using the
MMaction2 platform [141]. The experiments were run on the HPC cluster at the University
of Neuchâtel, utilizing 4x NVIDIA RTX 2080 Ti GPUs (each with 11GB of memory). For
model selection, we chose the final epoch based on its Top-1 accuracy on the validation set.

4.5 Results

In this section, we present the results obtained on ChimpBehave for both video-based and
skeleton-based methods (Sec. 4.5.1). In Section 4.5.2, we incorporate data from the PanAf
dataset to examine and compare within-dataset and cross-dataset generalization for both
methods.
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4.5.1 Behavior Recognition on ChimpBehave

Overall Observations: We present our classification results for all eight behavioral classes
in ChimpBehave for both video-based and skeleton-based methods in Fig. 4.8 (see Fig. S13
in Appendix C for UMAP visualization). Overall, we observe relatively high Top-1 Accuracy
and weighted F1 scores for both methods, while significantly lower results are observed
for MCA and mAP. Unlike Top-1 Accuracy and weighted F1, MCA and mAP give equal
importance to each behavioral class in the dataset. The lower scores for these metrics suggest
that, while both methods can generally predict behaviors well, some behaviors are more
challenging to recognize than others.

Several factors may contribute to this discrepancy. One major factor is the unbalanced
distribution of miniclips across behavioral classes. As highlighted in Section 4.3, ChimpBe-
have exhibits a typical long-tailed class distribution, with head classes (’sitting’, ’standing’,
and ’walking’) being overrepresented compared to tail classes (’hanging’, ’climbing up’,
’climbing down’, ’running’, ’swinging’).
Class-Level Observations: To gain better insights into the models’ ability to recognize
different behaviors, we report class-level metrics in Table 4.3 and visualize the corresponding
confusion matrices in Fig. S14.

We observe that Precision, Recall, and F1 Score per class tend to decrease as the number
of miniclips per class decreases. None of these metrics exceed a mean of 0.6 for any of the
tail classes, showcasing the difficulty in recognizing these behaviors. Conversely, the high
FPR for ’sitting’ (Video-Based (VB): 0.145±0.024, Skeleton-Based (SB): 0.154±0.028)
highlights the models’ tendency to overfit this class, likely due to its high frequency in the
dataset. This overfitting may occur particularly when model training and selection are based
on the Top-1 Accuracy score, as in our setting.
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Table 4.3 Class-level metrics (Mean ± Std) for ChimpBehave (8 classes) across 5-fold
cross-validation.

Precision Recall F1 Score FPR FNR

Video-based

Sitting 0.941 ± 0.008 0.962 ± 0.031 0.951 ± 0.013 0.145 ± 0.024 0.038 ± 0.031
Standing 0.799 ± 0.083 0.712 ± 0.112 0.744 ± 0.062 0.021 ± 0.013 0.288 ± 0.112
Walking 0.661 ± 0.071 0.717 ± 0.116 0.679 ± 0.050 0.039 ± 0.016 0.283 ± 0.116
Hanging 0.497 ± 0.220 0.433 ± 0.145 0.455 ± 0.167 0.014 ± 0.008 0.567 ± 0.145
Climbing Up 0.305 ± 0.048 0.507 ± 0.084 0.377 ± 0.044 0.042 ± 0.010 0.493 ± 0.084
Climbing Down 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.001 ± 0.001 1.000 ± 0.000
Running 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 1.000 ± 0.000
Swinging 0.166 ± 0.144 0.113 ± 0.130 0.123 ± 0.134 0.005 ± 0.004 0.887 ± 0.130

Skeleton-based

Sitting 0.939 ± 0.010 0.986 ± 0.008 0.962 ± 0.005 0.154 ± 0.028 0.015 ± 0.008
Standing 0.885 ± 0.050 0.765 ± 0.051 0.819 ± 0.031 0.011 ± 0.006 0.235 ± 0.051
Walking 0.713 ± 0.031 0.779 ± 0.047 0.744 ± 0.032 0.031 ± 0.004 0.222 ± 0.047
Hanging 0.597 ± 0.064 0.444 ± 0.153 0.498 ± 0.120 0.008 ± 0.002 0.557 ± 0.153
Climbing Up 0.468 ± 0.073 0.364 ± 0.100 0.393 ± 0.051 0.016 ± 0.007 0.636 ± 0.100
Climbing Down 0.336 ± 0.066 0.265 ± 0.161 0.259 ± 0.122 0.014 ± 0.010 0.735 ± 0.161
Running 0.229 ± 0.146 0.064 ± 0.039 0.098 ± 0.060 0.002 ± 0.001 0.936 ± 0.039
Swinging 0.136 ± 0.128 0.114 ± 0.138 0.119 ± 0.131 0.006 ± 0.004 0.886 ± 0.138

Other factors may contribute to the difficulty in recognizing certain classes of behaviors.
For instance, the duration of behaviors can vary significantly; individuals may sit for extended
periods, whereas running is typically brief, making short-duration behaviors harder to
recognize. Additionally, the use of handheld video recordings can introduce variability
in video quality, further complicating the recognition of fast-moving behaviors. Lastly,
some behaviors, such as sitting or walking, are exhibited more uniformly across scenes,
while others, like climbing down, may vary visually depending on the environment (e.g.,
descending a rope versus a platform).
Method Comparison: When comparing video-based and skeleton-based performance, we
do not observe any statistically significant difference between them, as the 95% confidence
intervals of all four metrics overlap. However, it is worth noting that the mean performance
of the skeleton-based method is higher across each metric, with smaller variance, suggesting
potentially more reliable performance under the experimental conditions.
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A notable observation is the video-based model’s tendency to misclassify ’climbing
down’ and ’swinging’ as ’climbing up’ (FPR 0.042±0.01), a pattern less pronounced in the
skeleton-based model (FPR 0.016±0.007). Additionally, the video-based method exhibits
extremely poor performance, with a lack of correct classifications for the ’climbing down’ and
’running’ classes. As shown in the confusion matrices in Fig. S14, the network predominantly
predicts ’walking’ instead of ’running’ and ’climbing up’ instead of ’climbing down.’ While
the exact causes of these misclassifications are difficult to determine, it is likely that the visual
similarity between these actions leads the network to learn overlapping spatial representations,
making it unable to effectively distinguish their temporal features. Notably, ’running’ and
’climbing down’ are among the most fast-paced behavioral classes in the dataset. Despite the
overall low performance, the skeleton-based method achieves comparatively better results
for these two classes.

4.5.2 Behavior Recognition: Within-Dataset and Cross-Dataset

In this section, we investigate how both video-based and skeleton-based methods perform
within a single dataset and in a cross-dataset setting. For this analysis, we restrict the set of
behavioral classes to the seven common classes present in both datasets, namely ’sitting’,
’standing’, ’walking’, ’hanging’, ’climbing up’, ’climbing down’, and ’running’. Our results
are presented in Fig. 4.9. To emphasize the unique visual features of each dataset and simplify
discussion, we refer to the ChimpBehave dataset as ZOO and the PanAf dataset as FOREST
in this section.

4.5.2.1 Within-Dataset Results

Overall Observations: Similar to the findings in Sec. 4.5.1, we observe a discrepancy
between the generally high Top-1 Accuracy and F1 Score and the relatively lower MCA
and mAP. The former two metrics emphasize individual miniclips, while the latter two are
averaged by the number of classes, giving each class equal weight. As previously discussed,
this discrepancy can be attributed to unbalanced class distributions and certain behaviors
being more difficult to differentiate. For further details, class-level metrics and confusion
matrices are presented in Table T2 and Fig. S15.
Dataset Comparison: When comparing performance between ZOO and FOREST, both
methods achieve statistically significantly better results in ZOO for Top-1 Accuracy and
F1 Score. Three major visual factors may contribute to this result: (1) higher contrast
between individuals and their background in ZOO, as seen in Fig. S12, (2) the overall higher
image resolution in ZOO (1920x1080) compared to FOREST (720x404), and (3) the smaller
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Fig. 4.9 Evaluation metrics for ZOO (ChimpBehave, 7 classes) and FOREST (PanAf, 7
classes), within-dataset (top row) and cross-dataset (bottom row).

relative size of individuals in FOREST, as the camera is fixed, whereas focal sampling in
ZOO follows each individual.

However, a different pattern emerges when examining MCA and mAP. For these two
metrics, there is no significant difference between ZOO and FOREST for the video-based
method, but the skeleton-based method achieves statistically higher scores in ZOO. This
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suggests that while behaviors may not be easier to differentiate in ZOO or FOREST using
full video data, they may be easier to distinguish when relying on skeletal pose information.
Method Comparison: When comparing video-based and skeleton-based methods, we do
not observe any statistically significant difference in scores across any metrics. However,
the skeleton-based method shows higher mean scores across all metrics in ZOO and higher
MCA and mAP in FOREST. In contrast, the video-based method shows higher mean scores
in FOREST for Top-1 Accuracy and F1 Score. While no statistical evidence supports the
superiority of either method, it is worth noting that the pose estimation algorithm used by the
skeleton-based method was neither trained nor fine-tuned on data from ZOO or FOREST.
Fine-tuning on these datasets may potentially improve the classifier’s performance.

4.5.2.2 Evaluating Generalization: Cross-Dataset Results

Overall Observations: In general, most models in the cross-dataset setting (i.e., trained on
one dataset and tested on the other) exhibit much lower scores compared to within-dataset
performance.
From ZOO to FOREST: This trend is particularly noticeable for video-based models
trained on ZOO and tested on FOREST, where all metrics are reduced to about 50% of their
within-dataset measurements. Similarly, the skeleton-based method shows a reduction of
approximately 35%-40% across all metrics in this setting. This indicates that both methods
suffer greatly from visual domain shifts between the datasets. However, while no statistical
difference was observed between the methods in the within-dataset setting for ZOO, the
skeleton-based method performs statistically significantly better across all metrics in the
ZOO→FOREST cross-dataset setting.

The comparatively higher robustness of the skeleton-based approach aligns with previous
observations in human-centric action recognition, where skeleton-based methods were found
to be less sensitive to visual changes, such as variations in appearance, background and
illumination [68]. This robustness is particularly relevant here, as the FOREST dataset
includes nighttime infrared recordings and captures the behaviors of two great ape species,
chimpanzees and gorillas.
From FOREST to ZOO: A similar downward trend is observed for the video-based model
between the within-dataset and cross-dataset settings for FOREST→ZOO, although the drop
is smaller (around 20%-33%). Interestingly, the skeleton-based method shows an increase
in Top-1 Accuracy and F1 Score in the cross-dataset setting compared to its within-dataset
scores, while MCA and mAP remain statistically tied. In the cross-dataset setting, the
skeleton-based method outperforms the video-based method across all metrics.
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Head Classes: As shown in Table T3 and Fig. S15, in the ZOO→FOREST setting, both
video-based and skeleton-based methods tend to predict many instances as ’sitting’, the
predominant class in the training dataset. This is reflected by the extremely high average
FPR for ’sitting’ (VB: 0.516, SB: 0.534). Conversely, many test examples of the other two
head classes, ’standing’ and ’walking’, are missed, as shown by their high average FNR
(VB: 0.819, SB: 0.713 for ’standing’; VB: 0.710, SB: 0.648 for ’walking’). The individual
average F1 scores for these head classes are: ’sitting’ (VB: 0.587, SB: 0.703), ’standing’
(VB: 0.224, SB: 0.390), and ’walking’ (VB: 0.362, SB: 0.494).

In contrast, in the FOREST→ZOO setting, head classes are recognized much better
overall, as evidenced by their average F1 scores: ’sitting’ (VB: 0.720, SB: 0.924), ’standing’
(VB: 0.324, SB: 0.685), and ’walking’ (VB: 0.532, SB: 0.616). This may explain why the
performance decline is more pronounced in ZOO→FOREST than in FOREST→ZOO.
Tail Classes: Examining class-level metrics for tail classes reveals a clear distinction be-
tween the methods. For the video-based method, none of the tail classes achieve more
than 5% in average F1 Score in the cross-dataset setting. Specifically, ’hanging’, ’climbing
up’, ’climbing down’, and ’running’ obtain average F1 scores of 0.032, 0.050, 0.015, and
0.009 in ZOO→FOREST, and 0.017, 0.037, 0.003, and 0.008 in FOREST→ZOO, respec-
tively. In contrast, the skeleton-based method consistently achieves average F1 scores above
10% in both cross-dataset settings, with scores reaching up to 28.9% for ’climbing up’ in
FOREST→ZOO. For instance, the average F1 scores for ’hanging’, ’climbing up’, ’climbing
down’, and ’running’ are 0.126, 0.201, 0.139, and 0.100 in ZOO→FOREST, and 0.266,
0.289, 0.191, and 0.151 in FOREST→ZOO.

4.6 Discussion

In this section, we discuss the results of our experiments, highlight some limitations -
especially in the context of real-life applications - and make suggestions for future research.

The ChimpBehave dataset, introduced in Sec. 4.3, is currently the largest publicly
available great ape-specific dataset for multi-class behavior recognition in terms of annotated
video frames. Unlike previous datasets, its annotations are curated by expert primatologists,
ensuring high-quality and contextually accurate labeling. Additionally, the dataset features
significantly higher video resolution compared to existing resources. ChimpBehave also
provides a novel platform for researchers to investigate methods in domain adaptation and
out-of-distribution generalization, which could lead to the development of animal behavior
recognition models that are more robust to visual and contextual variability.
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However, this dataset has several limitations, the most significant being its unbalanced
class distribution. While certain behaviors, like sitting and walking, naturally occur more
frequently than others, such as hanging or running, their dominance in the data distribution
may affect overall model performance, resulting in a tendency to overfit to the more prevalent
classes. In the case of ChimpBehave, data augmentation techniques could help mitigate
this class frequency disparity, such as oversampling underrepresented classes or creating
miniclips with overlapping video frames. Another approach could involve implementing
weighted loss functions that incentivize correct classification of less frequent behaviors. From
a practical perspective, in real-life scenarios - such as an automated system monitoring animal
health or well-being - one would want the system to reliably detect behaviors like running.
However, in our experiments, models often confuse running with walking, which would be
unsuitable for such applications. Future research should place special emphasis on behaviors
that, while less frequently displayed, convey high ecological importance. Compared to
other datasets that emphasize annotations of social interactions among conspecifics in great
apes [124], our dataset focuses exclusively on locomotive behaviors of single individuals,
which may limit its applicability to certain aspects of primatology.

Our methodology, as detailed in Sec. 4.4, employed two convolutional-based action
recognition models, X3D and PoseConv3D, to evaluate the dataset. While we acknowledge
the significant advancements in recent model architectures, particularly transformers, it is
likely that newer state-of-the-art models could achieve superior performance. For instance,
as demonstrated in [16], transformer architectures have outperformed CNN-based models on
datasets like PanAf. However, we deliberately did not include transformers in our experiments
to ensure a fair comparison between video-based and skeleton-based approaches, specifically
within a context relevant to primatology.

In human-centric video action recognition, the remarkable performance of video-transformers
in recent years can be largely attributed to their ability to leverage pretraining on massive
datasets, often exceeding one million video samples, followed by fine-tuning on smaller
downstream tasks [206]. Conversely, skeleton-based approaches are typically benchmarked
on much smaller datasets, where ground-truth poses are often derived from sensor-based
systems [175]. When accurate body poses are not part of the dataset, the performance of
skeleton-based models generally lags behind video-based models. For instance, the best
Top-1 Accuracy achieved by skeleton-based approaches on Kinetics-400 [96] does not exceed
40%, as reported in [218].

Given the ethical considerations inherent in primatology, particularly when working
with great apes in natural settings, the availability of large-scale datasets annotated with
both behaviors and highly accurate pose information remains highly improbable. Thus, our
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focus was to evaluate methods that align with realistic, ethical, and contextually relevant
conditions for studying primate behavior. Future work could explore the application of vision
transformers, particularly those pretrained on large-scale human-centric datasets, to assess
their potential in primate-centric tasks and their generalizability in scenarios with limited
annotated data (see e. g. [188]).

While the results in Sec. 4.5 offer comparisons between video-based and skeleton-based
behavior recognition models, they do not consider the potential of multimodal models that
combine video and skeletal data. Indeed, PoseConv3D, the skeleton-based model used in
our experiments, natively supports such a design choice, and this approach has been shown
to achieve higher performance on multiple human action datasets [39]. Although we chose
to keep both modalities separate for research purposes, we believe that combining them
could yield higher performance. Furthermore, to the best of our knowledge, PoseConv3D
is currently the only algorithm that has demonstrated success in skeleton-based behavior
recognition of great apes [52]. Expanding the evaluation to include additional skeleton-
based models could provide a more comprehensive assessment of this task and represents a
promising direction for future work.

When examining model generalization in cross-dataset settings (Sec. 4.5.2.2), our results
reflect performance on out-of-distribution data without any fine-tuning on the target test
data. In practice, researchers often have access to at least some labeled data from the target
domain. Future experiments could explore scenarios where fine-tuning is applied to test
whether the generalization capacity observed in our experiments remains robust. Similarly,
as noted in Sec. 4.5.2.1, the pose estimation model used in our skeleton-based approach was
not fine-tuned on either the ChimpBehave or PanAf datasets. In practice, fine-tuning on
these datasets is recommended, as the quality of estimated poses can significantly impact
the final behavior classifier’s performance [39]. Additionally, PanAf includes footage of
both gorillas and chimpanzees, while ChimpBehave focuses exclusively on chimpanzees.
Anatomical and behavioral differences between these species could pose challenges for
algorithms trained solely on chimpanzee data. Future work could investigate within-PanAf
performance differences between gorilla and chimpanzee footage, providing insights into
species-specific model behavior and addressing the extent to which training exclusively on
chimpanzees impacts cross-species generalization.

4.7 Conclusion

The field of animal behavior studies, like many other scientific domains, may be entering a
new era where human effort is increasingly complemented by artificial intelligence. Tech-
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nologies such as those presented in this chapter could become valuable tools for researchers
by, for example, pre-annotating regions of interest in video clips or discarding irrelevant
sequences in lengthy footage. While frequently observed behaviors such as walking, sitting,
and standing can often be accurately recognized by automated systems, less common be-
haviors involving more complex body movements - such as climbing up or down - are still
prone to misclassification. For many practical applications, this level of accuracy may not
yet be sufficient for field deployment. However, studies on human actions have shown the
potential of machine learning models to accurately recognize highly sophisticated activities
when more data is available. As more annotated behavioral data of non-human primates
becomes accessible, we believe that automated systems will play an increasingly important
role in efforts to halt biodiversity loss and protect endangered species more effectively.
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Abstract

Great ape gestures provide critical insights into the origins and evolution of human language,
showcasing intentionality and flexibility comparable to human communication systems.
While these gestures span diverse contexts and modalities, their study has largely relied on
labor-intensive manual video coding, limiting scalability and hindering broader research
efforts. Recent advances in deep learning have facilitated automated recognition of animal
behaviors, but the fine-grained recognition of great ape gestures remains an unexplored
challenge due to the complexity of subtle, fast-paced movements.

To address this gap, we introduce FineChimp, the first dataset and benchmark specifically
designed for the automated recognition of great ape gestures. Featuring approximately 2,000
multiview video samples annotated with 38 distinct gesture classes, FineChimp offers a
unique resource for fine-grained multi-class action recognition. We present comprehensive
benchmarks, evaluating state-of-the-art deep learning models, including a dual-stream Video-
MAEv2 video transformer that achieves a mean Top-1 Accuracy of 65.1±2.2% and a Mean
Class Accuracy of 63.3±5.9%, significantly surpassing a near-random baseline.

5.1 Introduction

The study of great ape communication has garnered significant attention due to its relevance
in understanding the origins and evolution of human language [30, 195, 160]. Unlike
many animal communication systems, great ape signals are expressions of intentions, as
observed in their vocalizations [171, 63, 148], and particularly in their use of gestural signals
[194, 55, 19]. Notably, great ape gestures play a crucial role in their daily lives, helping them
coordinate social interactions by influencing others’ behavior or mental states [33] in ways
comparable to human language [77, 76, 78]. These gestures span various contexts, such as
initiating grooming, requesting food, or inviting play.

Like humans, great apes use gestures in flexible and goal-directed ways, sometimes
conveying referential meanings, such as beckoning to invite others to approach [83, 58].
They even purposefully use gestures to interact with humans [24, 58]. The gestural repertoire
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Fig. 5.1 ’Grabbing,’ ’poking,’ or ’grabbing and pulling’? Chimpanzees use tactile gestures
to communicate, much like humans. Each row of images corresponds to a distinct gesture,
illustrating the visual complexity of differentiating them. From top to bottom, the depicted
gestures are ’poke other,’ ’grab,’ ’grab,’ and ’grab pull.’

of great apes is diverse, encompassing dozens of gesture types used across visual, audible,
and tactile modalities [163, 55, 82], with significant overlap across species and even similar-
ities to human infants [61, 60]. Studying great ape communication, especially identifying
language-like features in their signaling systems, thus can provide valuable insights into the
evolutionary foundations of human language.

Despite the wealth of knowledge gained through meticulous observation and manual
video coding of great ape gestures [57], this approach has significant limitations. Video
coding is highly labor-intensive, requires specialized expertise, and therefore restricts the
scalability of research efforts. Automating this process represents a critical challenge with
the potential to significantly advance our understanding of ape communication.

In recent years, deep learning-based technologies in computer vision have made substan-
tial progress in understanding animal behaviors. These methods have enabled the automatic
detection and recognition of various great ape locomotive and social behaviors in videos
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[5, 167, 15, 52, 124, 17, 16, 50]. However, unlike broader behavioral categories, the auto-
mated recognition of great ape gestures presents unique challenges and has yet to be explored
in the literature. Gestures often require a fine-grained understanding of subtle, fast-paced
movements, with nuances that can elude even novice human observers (see Fig. 5.1).

To address this gap, we make the following contributions:

• We introduce FineChimp, a novel dataset and benchmark for the automated recognition
of great ape gestures. The dataset includes approximately 2,000 samples (1 hour or
100,000 video frames) of multiview recordings with expert-level annotations across
38 non-overlapping gesture classes, offering a unique and challenging resource for
fine-grained multi-class action recognition.

• We present the first benchmark for automated gesture recognition in great apes, ex-
ploring optimal model architectures, pretraining scenarios, hyperparameter tuning,
data augmentation strategies, and the integration of RGB with optical flow. Our best-
performing model, a dual-stream VideoMAEv2 video transformer, achieves a mean
± std Top-1 Accuracy of 65.1± 2.2% and a Mean Class Accuracy of 63.3± 5.9%,
significantly outperforming a near-random classifier.

• We open-source the design and software for a cost-effective multiview camera system,
enabling automated and synchronized recordings with features like primate detection,
high-quality video capture, and low power consumption.

All data, models, and code are available at: https://github.com/MitchFuchs/FineChimp

5.2 Related Work

5.2.1 Deep Learning for Animal Communication

Animal Behaviors: Deep learning has garnered increasing interest among animal behavior
researchers in recent years, as techniques initially developed for human subjects have been
successfully adapted to non-human animal species (e.g., [188, 201, 134, 157]). Specifically,
various methods have proven useful when applied to chimpanzees for tasks such as face
recognition [172], individual detection, tracking, and re-identification [124], pose estimation
[36, 52, 213], and dense pose estimation [168]. Moreover, there has been a surge of research
in animal action recognition aimed at automatically classifying chimpanzee behaviors from
videos [17, 15, 124], skeleton-based data [52, 50], audiovisual signals [5], and videos paired
with text [16].

https://github.com/MitchFuchs/FineChimp
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Animal Communication: In the more specific context of automated studies of animal
communication, deep learning has gained significant traction, particularly in the analysis of
bioacoustic signals [184, 143]. For example, fundamental tasks such as vocalization detection
and classification now benefit from multi-species datasets designed for model benchmarking
[67], large transformer models capable of detecting vocalizations even with limited data
for new species [65], and systems that are increasingly versatile across different animal
species [10]. Additionally, deep learning has been applied to the analysis of vocalizations
from birds [59], marine mammals [179, 71], meerkats [170], dogs [210], elephants [54], and
other animals. Primate vocalizations have also received notable attention, with studies on
lemurs [164], marmosets [169, 216], and chimpanzees [10]. Other significant work using
traditional (i.e., non-deep) machine learning techniques includes research on marmosets
[156], orangutans [41], and chimpanzees [37].
Animal Gestures: Despite these advances, none of the aforementioned literature addressed
the classification of visual signals associated with animal gestural communication. Some
studies employ statistical tools to categorize visual patterns of ape gestural communication
[138] from a bottom-up perspective [64]. However, this approach relies on labor-intensive
annotations of a selection of hand-crafted features rather than learning directly from video
data. Furthermore, the video collections used in such work have not been made publicly
available. To the best of our knowledge, FineChimp is the only publicly available video
dataset specifically designed for the automatic recognition of gestures characteristic of animal
communication.

5.2.2 RGB+Optical Flow for Action Recognition

Computer vision has traditionally relied on 2D-CNNs to extract meaningful spatial informa-
tion from 2D images for tasks such as object detection and image classification. By extension,
a video can be seen as a sequence of successive static images, i.e., 2D images distributed
along a temporal axis. Consequently, it is not surprising that 2D-CNN architectures were
among the first to be adapted for extracting temporal information in video-based action
recognition. Early approaches applied 2D-CNNs to individual video frames, averaging the
action class predictions across frames, or by stacking multiple frames as input to the model
[95]. However, these methods were limited in their ability to effectively learn temporal
patterns, which led researchers to explore the combined use of RGB and optical flow.

Optical flow represents motion in a video, capturing the temporal information of spatial
changes between successive frames. It is computed as a displacement vector field, indicating
the motion of each pixel between consecutive frames. This vector field comprises n two-
dimensional vectors (where n is the number of pixels in an image), each with horizontal and
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vertical components that can be represented as two single-channel images. These images can
then serve as input for computer vision algorithms to enhance action recognition performance.

Several foundational works in CNN-based human action recognition have highlighted
the utility of dual-stream architectures, where models learn from both RGB and optical
flow features in parallel. For instance, the two-stream 2D-CNN architecture introduced by
[181] inspired a substantial body of research, establishing the use of optical flow alongside
RGB information as a common practice. Another groundbreaking development was the
introduction of I3D [23], which extended a similar dual-stream architecture with the power
of 3D-CNNs.

The interest in optical flow has since remained strong in the computer vision community.
Researchers have worked on making its use more computationally efficient, such as by
employing knowledge distillation [81] to reduce complexity at test time [32, 185], or by
leveraging attention mechanisms on optical flow-augmented data [114]. In fine-grained
human action classification, motion features derived from optical flow have been shown
to be increasingly important for distinguishing subtle differences in actions. In contrast,
appearance features extracted from RGB data are more effective for recognizing broader,
coarser activities [176].

In primatology, optical flow has also proven effective for behavior recognition. Studies
such as [167, 15] have demonstrated that using optical flow improves the classification
accuracy of great ape behaviors observed in their natural habitats. Similarly, [113] showcases
its utility in recognizing behaviors of cynomolgus monkeys in laboratory settings.

Following this line of research, our final model adapts VideoMAEv2 [206] into a dual-
stream RGB+Optical Flow architecture.

5.2.3 Related Datasets

Video Datasets of Great Apes: The advent of deep learning-based technology for human-
centric video understanding has sparked growing interest among researchers in recognizing
great ape behaviors using computer vision. In recent years, at least four public video datasets
of great ape actions have been proposed: PanAf500 [167], PanAf20K [17], ChimpACT [124],
and ChimpBehave [50]. With the exception of PanAf20K, the other three datasets were used
in our experiments and are described in Sect. 5.4.1.

FineChimp distinguishes itself from its predecessors through its focus on visual animal
communication and fine-grained classification task. Its behavior video clips are notably
short, averaging just 1.7 seconds (with a median of 1.1 seconds), allowing for the precise
capture of distinct actions compared to the much longer clips in previous datasets, such as
ChimpBehave (with an average length of 6.2 seconds). FineChimp also offers a significantly
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broader scope, featuring 38 action classes—far surpassing the 8, 9, 18, and 23 classes
included in ChimpBehave, PanAf500, PanAf20K, and ChimpACT, respectively. Moreover,
FineChimp uniquely emphasizes actions tied to visual animal communication, unlike datasets
such as ChimpACT, where social interactions account for less than 35% of the annotations.
Animal Multi-Views: Using multiview data streams for human activity understanding has a
long history, culminating in the development of large-scale datasets for model benchmarking,
such as NTU RGB+D 120 [120]. This dataset features 8 million video frames related to
120 human actions, captured from up to 155 different viewpoints using various sensors (e.g.,
RGB+D, 3D joints, and infrared signals). However, such extensive data collection with
highly accurate measurements is rarely feasible for non-human animal datasets.

Nonetheless, research on animal behavior has increasingly leveraged multiview video
setups, primarily for laboratory rodents (e.g., [85, 128]) but also for other species, including
pigs [3], horses [112], cheetahs [91], pigeons [145], songbirds [166], and even underwater
species using stereo recordings [40]. Similarly, studies incorporating multiview data for
non-human primates have focused on Japanese macaques [135, 146], rhesus macaques
[8, 131, 127], crab-eating macaques [113], and marmosets [92, 228, 29]. As far as we are
aware, FineChimp is the first public available dataset to include multiview videos of great
apes.

5.3 The FineChimp Dataset

In this section, we present the details of the FineChimp dataset, highlighting its main features,
including dataset statistics, challenges for machine learning applications, and a description
of the filming setup, data collection, and annotation process.

5.3.1 Dataset Description

Overview: FineChimp consists of 1,996 video clips, each labeled with one of 38 gesture
classes typical of chimpanzee gestural communication. All recordings were captured using
a multi-view camera setup installed in the indoor chimpanzee enclosure at Basel Zoo,
Switzerland. The dataset comprises 57 minutes of footage, with clips lasting an average of
1.7±2.9 seconds and a median duration of 1.1 seconds. Captured at 30 frames per second
(FPS), the dataset contains over 100,000 individual frames, with each clip including an
average of 51±87 frames and a median of 32 frames. The shortest clip contains 8 frames
(corresponding to a duration of 0.26 seconds), whereas the longest clip contains 1690 frames



5.3 The FineChimp Dataset 105

(i.e. 56.3 seconds). Figure 5.2 illustrates the distribution of the number of clips per number
of frames.

Fig. 5.2 Distribution of the number of video clips by the number of frames in the
FineChimp dataset. Approximately 50% of the clips include less than 32 frames (corre-
sponding to a duration of 1.1 seconds), highlighting the challenge of this classification task.

Classes of Gestures: Each video clip in FineChimp is assigned to one of 38 gesture classes, as
detailed in Table T4 in Appendix D. These classes were selected based on the corresponding
annotations, ensuring that each class contains a minimum of five video clips with at least
eight frames per clip.
Class Distribution: The number of items per class in FineChimp follows a typical long-tail
distribution, as shown in Fig. 5.3. The two most frequent classes, ’grab’ and ’touch,’ account
for 23.1% and 12.6% of the data, respectively (see examples in Fig. 5.4). Conversely, the 20
least frequent classes each represent less than 1% of the dataset.
Multiview Data: Each gesture may appear in up to five video clips, as the scene is simulta-
neously recorded from five distinct viewpoints (see Section 5.3.2 for details).
Image Quality: Video clips in FineChimp were originally recorded at a resolution of
640x480 pixels at 30 FPS in H.264 format and later re-encoded to AVI. However, the clips
included in the dataset are typically smaller than 640x480, as they were cropped to focus
on the region of interest, i.e., the gesture and its protagonist(s) (see Section 5.3.4 for further
details).
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Fig. 5.3 Long-tail class distribution in the FineChimp dataset. The dataset comprises
38 classes of fine-grained actions, representing typical great ape communicative gestures.
Collected across five viewpoints, it includes nearly 2,000 video clips.

5.3.2 Zoo Installation

Chimpanzee Group and Housing Conditions: The information on the chimpanzee group
structure and about the facility residence at Basel Zoo were detailed in Section 4.3.
Camera Installation: Six fixed cameras were installed in the indoor enclosure, all directed
toward the same area to capture the same scene from multiple angles. One camera provides a
bird’s-eye view and serves as the detector, while the other five record from side angles. Fig.
5.5 shows a representation of the scene, whereas Fig. 5.6 shows an example of a gesture
class captured from three different viewpoints.
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Fig. 5.4 Examples of ’touch’ (top) and ’grab’ (bottom). These two distinct gestures often
differ only in the subtle closing movement of the fingers on the receiver’s body. These two
classes are the most frequent in the dataset, collectively accounting for over 35% of all
annotations.

Fig. 5.5 3D representation of the camera setup. All cameras (red cones) are directed
toward a central scene (green disk) covering approximately 4m². Camera 0 is used for manual
gesture annotations, while Cameras 1 to 4 augment the number of viewpoints. Camera 5
functions solely as a detector, signaling the presence or absence of chimpanzees in the scene
to the other cameras.
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Fig. 5.6 Example of an ’raise arm’ gesture captured from three different viewpoints:
from top to bottom, Cameras 0, 4, and 2.

Hardware: Each camera setup includes a Raspberry Pi 4B (8GB RAM) and a HQ camera
with a 12.3 MP Sony IMX477 sensor. Four cameras use 6mm lenses (3MP resolution, F1.2
aperture, 63° field angle), while two use 16mm telephoto lenses (10MP resolution, F1.4–16
aperture, 44.6°–21.8° field angle). All Raspberry Pis are connected via Ethernet to a shared
NAS for storage.
Software: The system uses a custom software pipeline for automated recording. The detector
continuously runs YOLOv8 [90], trained on the OpenMonkeyChallenge dataset [224]. When
a chimpanzee is detected, a start signal is sent via UDP to the other cameras to begin
recording. When no individuals are detected, a stop signal is sent to end recording. The
software is available on the project repository.

5.3.3 Data Collection

Raw Data Collection: From Nov. 14, 2023, to Jan. 11, 2024, the system recorded
approximately 6,770 raw video clips per viewpoint, resulting in a total of 33,850 multiview
clips. For each camera, the total recording duration was approximately 21 hours (equivalent
to 2.25 million frames), with an average clip length of 11.1 seconds.
Clips of Interest: To reduce manual screening time, we employed computer vision tech-
niques to preselect clips of interest from Camera 0. Specifically, we used the QDTrack
multiple object tracking model [152], which was initially pretrained on the ChimpACT
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dataset [124] and subsequently fine-tuned on approximately 9,000 video frames of our own
data, labeled with chimpanzee tracks. Applying this model to all clips from Camera 0 allowed
us to preselect 2630 clips, based on the criterion that at least two individuals were tracked for
a minimum of 30 consecutive frames.

5.3.4 Data Annotation

Gesture Annotations: A primatologist (EG) with expertise in great ape gestures identified
and labeled 750 communicative gestures across 460 recordings. Following the coding scheme
introduced in [57], the recordings were annotated in ELAN (https://archive.mpi.nl/tla/elan)
and subsequently trimmed to include only the segments where the gestures were observed.
Multiview Augmentation and Cropping: The same temporal segments were trimmed from
the four additional viewpoints (i. e. cameras 1 to 4). A single reviewer (MF) manually
inspected all segments and included them in the dataset only if the gesture was visible.
Segments were cropped to focus on the gesture and interacting individuals, minimizing
background and irrelevant elements (see the examples from Fig. 5.7).

Fig. 5.7 Examples of cropped regions by camera. Each blue rectangle illustrates the
extracted cropped region for video clips in the dataset, focusing on the area of interest while
excluding irrelevant background elements.

5.3.5 Challenges for Action Recognition

Identifying and annotating great ape communicative gestures is a highly specialized task in
primatology, often requiring months or even years of expertise. Automating this process
poses significant challenges for computer vision algorithms but also provides an opportunity
to advance technology to match human-level performance in scientific domains.

Some challenges specific to FineChimp dataset include:

• Short and Fast-Paced Clips: Some video clips are very short, often containing fewer
than 10 frames, with rapid movements that are difficult to capture.
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• Subtle Class Differences: Differentiating certain gestures can be visually subtle or
even time-dependent. For example, ’grab’ and ’touch’ are distinguished only by finger
actions (Fig. 5.4), while ’touch’ and ’hand on’ involve the same action but differ in the
duration of contact (prolonged beyond two seconds for the latter).

• Long-Tailed Class Distribution: The dataset’s long-tail distribution (Fig. 5.3) poses
challenges for balancing accuracy across classes.

• Typical Animal Dataset Limitations: Issues such as partial occlusions, indistinct
appearances among individuals, and auxiliary motions can complicate automated
classification.

5.4 Method and Experiments

This section details the methodology employed to implement the task of automated recog-
nition of great ape gestures. Several strategies are considered for evaluation, related to the
weight initialization, model architecture, frame sampling, data augmentation, and cross-view
generalization.

5.4.1 Datasets

In addition to FineChimp, five additional datasets were involved in task implementation, as
detailed below:
OpenMonkeyChallenge: This dataset comprises 111,529 images of 26 non-human primate
species, designed for 2D pose estimation [224]. The images originate from diverse sources,
including the internet, three National Primate Research Centers in the USA, and a multiview
camera setup within the Japanese macaques’ enclosure at the Minnesota Zoo. All images
have a resolution of at least 500x500 pixels. The bounding box annotations from this dataset
were used to train the chimpanzee detector, as described in Section 5.3.2.
ChimpACT: ChimpACT contains 163 videos totaling 160,500 frames, annotated for chim-
panzee detection, tracking, pose estimation, and action recognition [124]. The videos were
recorded at resolutions of either 720x578 or 1280x720 pixels at 25 FPS, with a total duration
of approximately 1 hour and 47 minutes. Captured at the Leipzig Zoo in Germany, the
recordings used focal sampling, where videographers focused on a single individual. A
unique aspect of this dataset is its longitudinal documentation of a young male chimpanzee’s
developmental trajectory over several years. The tracking annotations in ChimpACT were
used to pretrain the QDTrack multi-object tracking model, as described in Section 5.3.3.
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PanAf500: This dataset consists of 500 video clips, each 15 seconds long, amounting to a
total duration of 2 hours and 5 minutes corresponding to 180,000 frames at 24 FPS with a
resolution of 720x404 pixels [17]. The footage was collected via fixed cameras in the forests
of Central Africa, capturing nine behaviors of chimpanzees and gorillas in their natural
habitat. PanAf500 was instrumental in pretraining an action recognition model (see Section
5.4.3.1).
ChimpBehave: ChimpBehave includes approximately 1,300 video clips annotated for
chimpanzee behavior recognition, amounting to 2 hours and 20 minutes (215,000 frames) at
25 FPS with a resolution of 1920x1080 pixels [50]. Recorded at the Basel Zoo, the footage
focuses on the same chimpanzee group mentioned in Section 5.3.2. Unlike FineChimp,
ChimpBehave was filmed using focal sampling with a hand-held camera from the visitors’
area. The dataset covers eight common chimpanzee behaviors, seven of which overlap with
those in PanAf500, enabling cross-dataset generalization studies. This dataset was also used
for model pretraining, as detailed in Sec. 5.4.3.1.
Kinetics-400: Kinetics-400 is a large-scale action recognition dataset consisting of 400
human action classes, each containing at least 400 video clips [96]. The footage, sourced
from YouTube, comprises approximately 306,000 video clips, each 10 seconds long, totaling
around 850 hours of content. This dataset was utilized to pretrain the optical flow-based
models detailed in Section 5.4.6.

5.4.2 Evaluation Metrics

We selected the following metrics to evaluate the performance of our models (see Appendix
E for formulas).
Gesture Recognition Metrics: At the gesture class level, we calculated:

• Precision: The proportion of correctly predicted clips of a class among all clips
predicted as that class.

• Recall: The proportion of clips of a class correctly predicted by the model.

• F1 Score: The harmonic mean of Precision and Recall, balancing both metrics to
account for their trade-off.

• False Positive Rate (FPR): The proportion of clips that do not belong to a class but
incorrectly predicted as belonging to it.

• False Negative Rate (FNR): The proportion of clips of a class incorrectly predicted by
the model.
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Dataset-Level Metrics: At the dataset level, we evaluated each model using the following
metrics:

• Top-1 Accuracy (Top-1 Acc): The proportion of clips correctly classified into their
respective classes (metric sensitive to class imbalance).

• Top-3 Accuracy (Top-3 Acc): The proportion of clips where the correct class is among
the top three predictions.

• Mean Class Accuracy (MCA): The average classification accuracy across all classes,
assigning equal weight to each class regardless of its frequency in the dataset.

5.4.3 Model Pretraining, Architecture, and Frame Sampling

In the following subsections, we first evaluate the impact of various weight initialization
strategies, then benchmark several action recognition model architectures, and finally com-
pare frame sampling strategies of different lengths.

5.4.3.1 Model Pretraining

Weight initialization plays a critical role in the performance of action recognition models
[181, 23]. Pretrained weights, especially from large-scale datasets, can improve results
significantly when training data is limited and accelerate model convergence [74]. To
assess the impact of pretraining, we identified and compared five weight initialization
scenarios: training from scratch (no pretraining), three variants of weights pretrained on
non-human primate (NHP) behavior recognition datasets, and weights pretrained on the
Kinetics-400 human action recognition dataset. For a first evaluation, in each scenario the
same model (X3D) was trained and evaluated for Top-1 Acc, Top-3 Acc and MCA metrics.
All experiments used identical hyperparameters, as detailed in Table 5.1.

Given the emergence of video datasets for great ape behavior recognition [50, 17, 124], we
hypothesized that pretraining on these datasets, which contain coarser behavioral annotations,
could improve FineChimp’s fine-grained action classification. Specifically, we evaluated:

• No Pretraining: Training the model from scratch, without any weight initialization.
While this approach is less common, it can sometimes achieve competitive results [74].

• Pretraining on ChimpBehave: Initializing weights from the best checkpoint of a model
trained on the ChimpBehave dataset [50]. This dataset focuses on behaviors of the
same chimpanzee group as FineChimp, recorded in the same indoor zoo environment.
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The model was trained for 23 epochs on eight behaviors (’walking,’ ’standing,’ ’sitting,’
’running,’ ’climbing up,’ ’climbing down,’ ’hanging,’ and ’swinging’), achieving Top-1
Accuracy: 81.68, Top-3 Accuracy: 95.02, and MCA: 37.8 on ChimpBehave.

• Pretraining on PanAf: Initializing weights from the best checkpoint of a model trained
on the PanAf500 dataset, which documents behaviors of wild chimpanzees and gorillas
in African forests [50]. The model was trained for 38 epochs on seven behaviors
(’walking,’ ’standing,’ ’sitting,’ ’running,’ ’climbing up,’ ’climbing down,’ and ’hang-
ing’), achieving Top-1 Accuracy: 73.71, Top-3 Accuracy: 96.07, and MCA: 39.23 on
PanAf.

• Pretraining on ChimpBehave+PanAf: Combining ChimpBehave and PanAf datasets
to increase diversity and size. The datasets were merged along their seven common
behavior classes, and the same train/test split and hyperparameters from [50] were
used. The model achieved Top-1 Accuracy: 81.45, Top-3 Accuracy: 97.02, and MCA:
51.54 on the merged dataset.

• Pretraining on Kinetics-400: Initializing weights from a model trained on Kinetics-400
[96], a large-scale human action dataset. The model achieved a Top-1 Accuracy of
76.0 and a Top-5 Accuracy of 92.3 on Kinetics-400 [43].

5.4.3.2 Model Architecture

We benchmarked several action recognition models, including three CNN-based architectures
and two transformer-based architectures.

• X3D: X3D [43] is a CNN-based architecture specifically designed for efficient action
recognition. It achieves state-of-the-art performance with a compact model size and
computational efficiency.

• SlowFast R50 and R101: SlowFast [44] employs a dual-path architecture that processes
video data at different temporal resolutions, effectively capturing both slow and fast
motions. We benchmarked two variants, R50 and R101, which differ in their backbone
complexity.

• TimeSformer: TimeSformer [11] is a transformer-based architecture that applies atten-
tion mechanisms across both spatial and temporal dimensions, achieving high accuracy
on various action recognition benchmarks.



114 Automated Recognition of Great Ape Gestures

Table 5.1 Model benchmarking hyperparameters. Values marked with an asterisk (*) are
considered default parameters in the following sections and will only be mentioned when
they are set at a different value.

Model Architecture X3D* SlowFast SlowFast TimeSformer VideoMAEv2
Architecture Details M* ResNet50 ResNet101 Space only Base

Batch Size 8* 4 8
Initial Learning Rate 0.01* 0.005

LR Scheduler MultiStepLR*
Optimizer SGD*

Momentum 0.9*
Weight Decay 0.0001*

Number of Epochs 50*
Frame Sampling Uniform*

Number of frames 8 frames* 16 frames
Data Augmentation No*
Pretrained Weights Kinetics400*

Modality RGB*

• VideoMAEv2: VideoMAEv2 [206] builds on the Video Masked Autoencoder (Video-
MAE) framework, introducing enhancements that improve representation learning for
video data, especially in transformer-based architectures.

The list of the hyperparameters considered by these models and their default values are
provided in Table 5.1.

5.4.3.3 Frame Sampling

Despite the significant variation in clip lengths within the dataset (see Fig. 5.2), action
recognition models require input of predefined dimensions, typically including batch size,
number of RGB channels, frame width, frame height, and the number of video frames.
In this study, we fixed the first four dimensions to 8, 3, 224, and 224, respectively, while
experimenting with different frame counts to determine the optimal choice: 4, 8, 16, 24, or
32 frames.

It is important to note the practical trade-off between the number of frames and computa-
tional cost. As for which frames to select, two common strategies are fixed-stride sampling
and uniform sampling. Fixed-stride sampling selects frames evenly spaced throughout each
clip, whereas uniform sampling selects frames randomly within t subsets of frames uniformly
distributed across the clip (where t is the number of frames).
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In our experiments, we adopted uniform sampling for the following reasons: (i) Previous
research in fine-grained human action recognition shows that uniform sampling outperforms
fixed-stride sampling for clips of varying lengths [39]. (ii) Uniform sampling allows the
model to observe the action in its entirety, avoiding potential biases from fixed-stride sam-
pling, which may emphasize the beginning of an action. (iii) The randomness of uniform
sampling ensures that the same clip can present different frame subsets during each training
epoch, introducing variability and reducing overfitting.

5.4.4 Data Augmentation

State-of-the-art action recognition models are often trained on large-scale datasets with
hundreds of classes, each containing hundreds of training clips. For instance, the latest
Kinetics-700 dataset includes 700 classes, each with 450 to 1,000 clips, totaling over 545,000
videos [22]. In contrast, FineChimp contains approximately 1,600 training clips, which poses
risks of overfitting and reduced generalization.

Additionally, the dataset’s class distribution is unbalanced. For example, ’grab’ and
’touch’ each have over 250 examples, whereas 10 classes have fewer than 10 clips. This
imbalance can lead models to overfit to frequent classes and perform poorly on rarer ones
[50].

To address these issues, we employed data augmentation techniques to expand the training
set. These methods are categorized into three types: geometrical, non-geometrical, and
temporal augmentation. Each model’s training pipeline also includes standard augmentations
such as centered cropping and flipping, which are common practices not detailed here.

5.4.4.1 Geometrical Data Augmentation

Geometrical augmentations involve transformations that alter the spatial characteristics of an
image, such as rotations, translations, and affine transformations [105]. We implemented the
following techniques:

• Rotation: Each training clip is augmented with random rotations of up to ±10◦.

• Affine Transformations: Each training clip undergoes random rotations (±10◦) com-
bined with affine transformations, such as scaling within the range [0.8, 1.2].

5.4.4.2 Non-Geometrical Data Augmentation

Non-geometrical augmentations modify the visual properties of images, such as color space,
noise injection, or cropping [105]. We tested three scenarios:
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• +2 Crops: Each training clip is augmented with up to two additional random crops.
For ’touch’ and ’grab,’ only one crop is added to balance their high frequency in the
dataset.

• +5 Crops: Each training clip is augmented with up to five additional random crops.

• Noise and Color Jittering: Each training clip is augmented with one version that
includes random noise and color jittering.

5.4.4.3 Temporal Data Augmentation

For video data, temporal augmentation generates new training examples by subsampling
video frames in various patterns [25]. We created additional 16-frame clips from videos with
at least 32 frames, ensuring minimal redundancy. Note that this method does not preserve
the original class distribution since classes with more clips exceeding the 32-frame threshold
will produce more augmented samples. Three subsampling strategies were tested:

• Random Sampling: Generates one 16-frame clip by randomly selecting frames without
replacement.

• Sliding Windows: Generates one 16-frame clip by selecting consecutive frames starting
at a random position.

• Stratified Sampling: Generates one 16-frame clip by sampling frames distributed
across the beginning, middle, and end of the clip.

5.4.5 Cross-View Generalization

Video-based action recognition models are often view-dependent, with accuracy deteriorating
when the model encounters videos captured from novel angles. For instance, a gesture such
as raising an arm may appear visually distinct depending on whether the individual is facing
the camera or turned away. Additionally, variations in lighting or background can further
degrade model performance [50].

Efforts in human action recognition have aimed to address these challenges by developing
models that learn view-invariant action representations [174]. Such research has also inspired
the creation of large-scale, multimodal, multi-view datasets, including RGB, RGB-D, 3D
skeletons, and infrared modalities, as seen in NTU RGB+D 120 [120].

We established a baseline for cross-view generalization using the protocol described in
[175]. For each camera, all items from that camera were used for testing, while items from
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the remaining cameras were used for training. This process was repeated for all five cameras
in FineChimp. Note that the number of test examples varies across viewpoints, as certain
gestures may not be visible from all angles and that some viewpoints do not include all
gesture classes.

5.4.6 Multimodality: Optical Flow

Building on the demonstrated value of incorporating optical flow alongside RGB data, both
in fine-grained human action recognition and primatology (see Sect. 5.2.2), we extended
our experiments by introducing a second VideoMAEv2 network as a parallel temporal data
stream. The main implementing steps are detailed in the following.
Data Preprocessing: Each video clip in FineChimp (without data augmentation) was
converted to optical flow using the TV-L1 algorithm [229] implemented in OpenMMLab’s
DenseFlow [209]. The resulting optical flow was resized to 224x224 pixels, ensuring
consistency with the RGB input dimensions.
Model Pretraining: Proper weight initialization is critical for VideoMAEv2, as training from
scratch is not feasible given the limited data in FineChimp. To address this, we leveraged
the optical flow of the Kinetics-400 dataset as a large-scale pretraining resource. First,
Kinetics-400 was converted to optical flow using the same method described above. We
initialized the VideoMAEv2 model with weights pretrained on RGB Kinetics-400. Since the
optical flow input has only two channels (compared to three for RGB), the initial weights
of the first layer (patch embeddings) were adjusted by averaging the RGB channel weights.
Second, the network was then fine-tuned on Kinetics-400 optical flow for 50 epochs. On the
Kinetics-400 validation set, the model achieved a Top-1 accuracy of 30.0%, Top-5 accuracy
of 55.5% and MCA of 30.0%.
Model Fine-Tuning on FineChimp: Several tests were conducted to determine the optimal
fine-tuning hyperparameters. The final optical flow VideoMAEv2 model was fine-tuned
for 100 epochs on 2 GPUs, each with a batch size of 8. The initial learning rate was set
to 0.01, with a momentum of 0.9 and a weight decay of 0.001, using cosine annealing for
learning rate scheduling. Additionally, a dropout ratio of 0.5 was applied to the model head
for regularization. All other parameters were left at their default values.
Late Fusion: To integrate predictions from the RGB and optical flow streams, we employed
late fusion. Weighted averages of the class prediction distributions from both streams were
calculated using a weighting factor λ , where λ ∈ [0,1] represents the weight given to the
RGB stream, and (1−λ ) corresponds to the optical flow stream. Results for different values
of λ are discussed in Sect. 5.5.4.
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5.4.7 Experimental Protocol

Cross-Validation: We employed a standard stratified 5-fold cross-validation protocol, where
the dataset is divided into five randomly distributed folds, each comprising 20% of the data.
The initial distribution of gesture classes is maintained across all folds to ensure consistency.
For each experiment, training and testing are conducted five times, such that in each iteration
one fold is used for testing and the remaining merged four folds are used for training. This
ensures that every clip in the dataset is used exactly once for testing.
Confidence Intervals: All metrics are reported with 95% confidence intervals, calculated
using the Student’s t-distribution with degrees of freedom ν = 4. Consequently, if for two
strategies, the confidence intervals for the same evaluation metric do not overlap, the strategy
having the best evaluation value is considered statistically significantly more efficient than
the second strategy.
Optimization Strategy: From a theoretical viewpoint, identifying the best set of parameters’
value which optimizes the performance of a particular model can be done by applying a “grid”
approach, on the space of all possible combinations of parameters’ values. We identified
several factors which may influence the performance of an action recognition model, as
pretraining (5 strategies), architecture (5 choices), number of sampled frames (5 values), or
data augmentation (8 transformations). An optimization strategy based on a grid search would
imply, only for these factors, the evaluation of a number of 5×5×5×8 = 1000 experiments
(supposing that all others hyperparameters are keep constant), requiring a huge amount of
resources (particularly computational power). Therefore, for practical considerations, we
decided to apply a “greedy” optimization strategy, in which the optimal value of a particular
factor is determined through a series of experiments independently of other factors.
Experimental Hardware Details: All training and evaluation procedures were conducted
using the MMAction2 platform [141]. Most model training was performed on the HPC
cluster at the University of Neuchâtel, using 4 NVIDIA RTX 2080 Ti GPUs (each with 11GB
of memory). An exception was made for the VideoMAEv2 model, which was trained at the
University of Zurich on 2 NVIDIA A6000 GPUs (each with 49GB of memory). The final
model for each experiment was selected based on its Top-1 accuracy on the validation set.

5.5 Results

This section discuss and analyze the performances obtained during multiple series of experi-
ments, where each series was designed, according to the "greedy" strategy, to identify the
best value of a particular factor, as detailed in Sect. 5.4.7.
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5.5.1 Performances of Model Pretraining, Architecture, and Frame
Sampling

In the following, we focus on the analysis of the effects of various scenarios concerning the
model pretraining, model architecture, and frame sampling.

5.5.1.1 Model Pretraining

Training from Scratch: Given the complexity of distinguishing subtle ape gestures, the
amount of data in FineChimp is insufficient to train X3D from scratch effectively. Specifically,
the mean Top1-accuracy of 24.8 barely exceeds the proportion of the most frequent class in
the dataset (’grab’ with 23.1%). Furthermore, the average MCA is 3.2, which approaches
the lowest possible value of 2.6 (i.e., 100/38), equivalent to the performance of a random
classifier.
Pretraining on Great Ape Behavior Datasets: The three pretraining scenarios using great
ape behavior datasets, as described in Sect. 5.4.1, show moderate improvements compared to
training from scratch. For Top1-accuracy, pretraining on either PanAf (CI [25.5,27.2]) or
ChimpBehave (CI [25.3,27.5]) offers only modest, but not statistically significant benefits
compared to no pretraining (CI [23.0,26.6]). However, combining both datasets (PanAf500 +
ChimpBehave) significantly improves Top1-accuracy, with a confidence interval [26.8,28.8].

For Top3-accuracy, the improvements are more pronounced, especially in scenarios
involving ChimpBehave. Pretraining on PanAf500 + ChimpBehave (CI [49.8,58.6]) and
ChimpBehave alone (CI [49.3,53.6]) both reach statistical significance compared to no
pretraining (CI [43.8,48.1]).

Similarly, MCA confidence intervals demonstrate significant improvement for all three
pretraining scenarios with great ape behavior datasets (CI [4.2,7.2], [4.3,7.6], and [6.2,9.3])
compared to no pretraining (CI [2.7,3.8]). These results suggest that (i) pretraining on great
ape behavior data positively impacts gesture recognition, and (ii) increasing the size of the
pretraining dataset improves the final model’s performance.
Pretraining on Kinetics 400: Studies in human action recognition have demonstrated
that pretraining on Kinetics 400, a large-scale dataset containing 400 human actions and
300,000 video clips, consistently boosts model performance across architectures and datasets
[23]. In our experiments, X3D pretrained on Kinetics 400 significantly outperforms all
other pretraining scenarios, underscoring the value of large-scale human activity datasets in
recognizing ape gestures.

The results of these experiments on FineChimp dataset are summarized in Table 5.2.
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Table 5.2 Performance evaluation for pretraining scenarios. Pretraining on Kinetics-400
(K400), a large-scale human action dataset, significantly outperforms both pretraining on
great ape behavior datasets (PA = PanAf500, CB = ChimpBehave) and training from scratch.

Pretraining Top-1 accuracy Top-3 accuracy MCA

none 24.8 ± 0.7 [23.0, 26.6] 45.9 ± 0.8 [43.8, 48.1] 3.2 ± 0.2 [2.7, 3.8]
PA 26.4 ± 0.3 [25.5, 27.2] 49.4 ± 1.1 [46.3, 52.6] 5.7 ± 0.5 [4.2, 7.2]
CB 26.4 ± 0.4 [25.3, 27.5] 51.5 ± 0.8 [49.3, 53.6] 6.0 ± 0.6 [4.3, 7.6]
PA+CB 27.8 ± 0.4 [26.8, 28.8] 54.2 ± 1.6 [49.8, 58.6] 7.8 ± 0.5 [6.2, 9.3]
K400 51.2 ± 1.0 [48.4, 54.0] 78.2 ± 0.7 [76.1, 80.3] 40.9 ± 2.3 [34.5, 47.3]

5.5.1.2 Model Benchmarking

Among the three CNN-based action recognition models evaluated in our experiments (X3D,
SlowFast R50, and SlowFast R101), and pretrained on Kinetics-400, we observe similar
performances, with no statistically significant differences across all three metrics.

However, contrasting results emerge when comparing these CNN-based models to
transformer-based architectures. Contrary to expectations that newer architectures would
outperform older ones, TimeSformer underperforms significantly compared to its CNN-based
counterparts. This result aligns with prior observations that the variant tested (space-only
TimeSformer) does not outperform either X3D (M) or SlowFast (R50/R101) on the Kinetics
400 benchmark. Additionally, TimeSformer has 86.11M trainable parameters, far exceeding
those of X3D (3.8M) and SlowFast (R50: 34.6M, R101: 62.9M).

In contrast, VideoMAEv2, the second transformer-based architecture in our benchmarks,
significantly outperforms all other models across all three metrics. This statistically signifi-
cant improvement establishes VideoMAEv2 as our final classifier.

The results of model benchmarking are summarized in Table 5.3.

Table 5.3 Performance evaluation for model benchmarking. VideoMAEv2, a recent
state-of-the-art video transformer, significantly outperforms other model architectures.

Model Top1-accuracy Top3-accuracy Mean Class Accuracy

X3D 51.2 ± 1.0 [48.4, 54.0] 78.2 ± 0.7 [76.1, 80.3] 40.9 ± 2.3 [34.5, 47.3]
SlowFast (Resnet 50) 50.4 ± 0.7 [48.5, 52.2] 75.4 ± 1.2 [72.0, 78.8] 41.0 ± 1.9 [35.7, 46.2]
SlowFast (Resnet 101) 50.9 ± 1.0 [48.3, 53.6] 74.3 ± 1.0 [71.5, 77.1] 40.3 ± 1.7 [35.6, 45.0]
TimeSformer 36.9 ± 1.1 [33.8, 40.0] 65.8 ± 1.3 [62.1, 69.5] 25.5 ± 1.7 [20.6, 30.3]
VideoMAEv2 61.4 ± 0.7 [59.4, 63.4] 84.3 ± 0.7 [82.3, 86.4] 57.4 ± 0.8 (55.1, 59.7]
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Table 5.4 Performance evaluation for frame sampling. Using 16 frames as input achieves
the best performance, indicating it is the optimal input length.

Method Top-1 accuracy Top-3 accuracy MCA

4 frames 45.1 ± 0.4 [44.0, 46.1] 72.9 ± 0.6 [71.3, 74.5] 31.8 ± 1.2 [28.6, 35.0]
8 frames 51.2 ± 1.0 [48.4, 54.0] 78.2 ± 0.7 [76.1, 80.3] 40.9 ± 2.3 [34.5, 47.3]
16 frames 53.7 ± 0.5 [52.2, 55.1] 80.7 ± 0.8 [78.5, 82.8] 46.1 ± 1.0 [43.2, 48.9]
24 frames 52.8 ± 1.2 [49.4, 56.2] 78.7 ± 0.8 [76.3, 81.0] 46.0 ± 2.8 [38.3, 53.8]
32 frames 51.4 ± 1.2 [48.0, 54.7] 79.0 ± 0.9 [76.6, 81.4] 44.0 ± 2.1 [38.2, 49.8]

5.5.1.3 Frame Sampling

When analyzing the impact of the number of frames on evaluation metrics, we observe
that the mean of each metric increases as the number of frames rises from 4 to 16, but
then decreases as the input dimension continues to grow from 16 to 32. Specifically, the
model performs statistically better when using 16 frames compared to 4, suggesting that
longer inputs can be beneficial for this complex task, which contains significant temporal
information. However, using even longer video clips (e.g., 24 or 32 frames) tends to result in
slightly lower evaluation scores (but not statistically significant).

We attribute this trend to two potential factors: (i) Shorter video clips (e.g., those with 10
or 20 frames) may require frame duplication to meet the model’s input dimensions, which
could introduce redundancy. (ii) The model may lose generalization capability by overfitting
to lengthy patterns in the training data.

The results of frame sampling experiments are presented in Table 5.4.

5.5.2 Performances of Data Augmentation

As outlined in Sect. 5.4.4, we identified eight different data augmentation techniques
categorized as geometrical, non-geometrical, and temporal. The results of these experiments
(all based on a pretrained X3D model) are presented in Table 5.5, alongside a baseline
without augmentation for comparison.

From a general perspective, none of these techniques, when applied individually, produced
a statistically significant boost in any of the three evaluation metrics compared to the baseline
(without data augmentation). However, several notable observations can still be made: (i)
Both cropping methods (+2 crops and +5 crops) resulted in mean scores equal to or higher
than the baseline across all three metrics. However, +5 crops did not yield significant
benefits over +2 crops, especially considering the increased training time required. (ii) All
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Table 5.5 Performance evaluation for data augmentation. Techniques with an asterisk
sign (∗) will be used in final model evaluation. The parameter n represents the size of each
training fold after applying the corresponding augmentation technique.

n Top-1 accuracy Top-3 accuracy MCA

No augmentation 1596 51.2 ± 1.0 [48.4, 54.0] 78.2 ± 0.7 [76.1, 80.3] 40.9 ± 2.3 [34.5, 47.3]

Geometrical

rotation∗ 3189 51.0 ± 0.9 [48.5, 53.5] 76.4 ± 1.3 [72.7, 80.0] 46.1 ± 1.6 [41.8, 50.5]
affine∗ 3189 49.4 ± 0.8 [47.3, 51.5] 74.7 ± 0.7 [72.7, 76.7] 42.9 ± 2.2 [36.8, 49.1]

Non geo-metrical

+2 crops 4217 54.3 ± 0.9 [51.7, 56.8] 80.3 ± 0.6 [78.6, 81.9] 47.2 ± 1.6 [42.7, 51.7]
+5 crops∗ 9548 54.4 ± 0.7 [52.4, 56.4] 78.2 ± 0.6 [76.4, 79.9] 48.7 ± 3.2 [39.9, 57.5]
noisy∗ 3189 50.3 ± 1.3 [46.8, 53.8] 76.0 ± 1.0 [73.3, 78.7] 44.7 ± 2.6 [37.6, 51.7]

Temporal

stratified∗ 2925 51.9 ± 1.2 (48.7, 55.2) 76.4 ± 1.9 (71.1, 81.6) 46.5 ± 2.5 (39.6, 53.4)
random∗ 2925 50.4 ± 1.1 (47.4, 53.4) 77.0 ± 1.2 (73.5, 80.4) 43.7 ± 1.7 (39.1, 48.3)
sliding 2925 49.5 ± 0.6 (47.7, 51.3) 75.8 ± 0.8 (73.6, 78.0) 41.2 ± 1.6 (36.8, 45.6)

non-cropping techniques (i. e., rotation, affine, noisy, stratified, random, and sliding) tended
to lower mean Top1-accuracy and Top3-accuracy but improve MCA. This suggests that
these methods may better support underrepresented classes in the dataset, highlighting a
potential tradeoff between Topk-accuracies and MCA. To illustrate this tradeoff, Fig. 5.8
visualizes the impact of selecting models based on MCA rather than Top1-accuracy. For
all techniques, selecting models based on their best MCA results in higher MCA scores but
lower Top1-accuracy, as indicated by the blue arrows pointing toward the upper-left corner.

For final model training, we included all augmentation techniques except +2 crops and
sliding. The former is subsumed by +5 crops, while the latter’s MCA confidence interval
upper bound does not exceed the baseline.

5.5.3 Performance of Cross-View Generalization

As shown in Table 5.6, generalization performance varies across viewpoints. Cameras
0 and 4 demonstrate relatively similar metrics (Top1-accuracy 52.1/54.2, Top3-accuracy
76.5/76.0, MCA 35.3/38.0, respectively), as do Cameras 2 and 3 (Top1-accuracy 58.1/57.8,
Top3-accuracy 81.1/81.0, MCA 58.5/56.5). In contrast, Camera 1 shows distinctive results
(Top1-accuracy 44.0, Top3-accuracy 77.2, MCA 43.8).
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This trend aligns with the camera setup (see Fig. 5.5), where Cameras 0 and 4 capture
the scene from a greater distance and at similar angles, while Cameras 2 and 3 provide side
views close to Camera 0, the main annotation source. Camera 1, positioned above the scene,
offers a corner perspective, leading to fewer visible gestures. Consequently, the set of gesture
classes to be considered by MCA metric is not identical for every camera: the missing class
are ’bite’, ’climb on’, ’flap with object’, ’pull other’, ’stomp rhythmic object’ and ’throw
object’ for Camera 1, flap with object’ for Camera 2, and finally flap with object’ and ’stomp
rhythmic object for Camera 3.

Similarly, the number of test items per camera reflects these patterns. Camera 4 has
the highest number of test items (467), second only to Camera 0 (622), suggesting strong
similarity between these views. Cameras 2 and 3 also have comparable test item counts
(360 and 315, respectively). In contrast, Camera 1 has significantly fewer test items (232),
consistent with its limited visibility of gestures.

Fig. 5.8 The impact of model selection based on MCA rather than Top1-accuracy. For
all six data augmentation techniques, selecting models based on MCA results in higher
MCA but lower Top1-accuracy. Dashed segments indicate 95% confidence intervals for
Top1-accuracy selection, dotted segments for MCA selection. Blue arrows represent shifts in
score means. Red horizontal and green vertical lines show the confidence interval minimum
and maximum of the baseline (without data augmentation).
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Table 5.6 Performance evaluation for cross-view generalization. The columns ntest and
mclasses indicate the number of test items and missing classes respectively. MCAvalid means
that missing classes were excluded for the calculus of MCA.

ntest mclasses Top-1 accuracy Top-3 accuracy MCAvalid

Camera 0 622 - 52.1 76.5 35.3
Camera 1 232 6 44.0 77.2 43.8
Camera 2 360 1 58.1 81.1 58.5
Camera 3 315 2 57.8 81.0 56.5
Camera 4 467 - 54.2 76.0 38.0

5.5.4 Performance of multimodality: RGB + Optical Flow

In the following, we focus on the analysis of the effects of the two types of information
sources (RGB and Optical flow) and of their fusion in a dual-stream architecture.

5.5.4.1 RGB stream

Based on the analysis of performance evaluation corresponding to the series of experiments
presented in sections 5.5.1 and 5.5.2, we selected as the final, best model VideoMAEv2
architecture, pretrained on Kinetics 400, using a 16-frame input, and incorporating six data
augmentation techniques: +5 crops, rotation, affine, noisy, stratified, and random. These
augmentation techniques raise the number of training examples per fold to approximately
15,400.

Class-level metrics for the final model trained on RGB stream are shown in Fig. S16, with
its normalized confusion matrix available in Fig. S18 in Appendix D. Two key observations
can be made regarding the class-level metrics:

(i) Performance Variability by Class: The variability of the model’s performance across
classes can by measured by the coefficient of variation, a standardized measure of
dispersion defined as the ratio between standard deviation and the mean. For the
metrics precision, recall and F1-score, this coefficient varies between 25% and 29%,
expressing the fact that these performance metrics have not a high variability across
classes. On the other hand, for False Positive Rate (FPR), the coefficient of variation is
237%, expressing a huge variability, due particularly to few classes, as ’grab’, ’touch’
and ’grab pull’ (the FPR values for these classes can be seen as outliers values). This
effect could be partially attributed to the higher number of examples for these classes
in the dataset, coupled with model selection based on Top1-accuracy. This selection
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Table 5.7 Performance evaluation of the final model trained on different data streams.
The model trained on RGB stream without data augmentation serves as the baseline, while
combining data augmentation techniques leads to higher mean accuracy scores across all
metrics (although not statistically significant). The model trained solely on optical flow
performs significantly worse than the baseline model; however, fusing RGB and optical
flow streams results in higher mean scores for Top1-accuracy and MCA (but not statistically
significant).

Top-1 accuracy Top-3 accuracy MCA

RGB

no augmentation 61.4 ± 0.7 [59.4, 63.4] 84.3 ± 0.7 [82.3, 86.4] 57.4 ± 0.8 [55.1, 59.7]
with augmentation 64.2 ± 0.9 [61.6, 66.8] 86.4 ± 0.9 [84.1, 88.8] 62.8 ± 2.7 [55.4, 70.1]

Optical Flow 48.9 ± 2.1 [46.4, 51.6] 71.5 ± 3.0 [67.8, 75.2] 41.8 ± 2.1 [39.2, 44.4]

RGB+Flow λ=0.65 65.1 ± 2.2 [62.4, 67.8] 84.9 ± 1.9 [82.6, 87.2] 63.3 ± 5.9 [56.0, 70.6]

process may favor models that overfit more frequent classes. Quantitatively, this
tendency is further evidenced by the diminishing False Positive Rate as the number of
examples per class decreases.

(ii) Strong Performance on Rare Classes: In contrast to other research on great ape
action recognition [17, 50], we observe that certain classes with limited examples
achieve high performance. For example, F1-scores for ’drum object’ (n = 31), ’stomp
object’ (n = 13), ’shake object’ (n = 8), and ’reach foot’ (n = 5) are significantly higher
than those for the five most frequent classes: ’grab’ (n = 462), ’touch’ (n = 252), ’grab
pull’ (n = 134), ’hand on’ (n = 121), and ’directional push’ (n = 109). This suggests
that the model can perform well on rare gestures, presumably due to their distinct
visual features that make them easier to differentiate.

5.5.4.2 Optical Flow stream

The final model trained solely on optical flow (OF) performs statistically significantly
worse across all metrics than the same model trained exclusively on RGB, underscoring
the importance of RGB information for this task (see Table 5.7). For more insights into
class-level performance see Fig. S17 and Fig. S18 in Appendix D. While lower performance
for Optical Flow streams on certain datasets is not uncommon, this result contradicts the
assumption that the classification of fine-grained actions benefits more from motion features
than appearance features [176].
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Fig. 5.9 Performance of the fused RGB and optical flow (OF) streams as a function of
λ (the weight assigned to the RGB stream), for values ranging from 0 to 1. RGB alone
(at λ = 1) consistently outperforms the OF stream (at λ = 0). An interval (0.65 ≤ λ ≤ 0.8)
is observed where the fused RGB+OF stream achieves slightly higher Top1-accuracy and
MCA than RGB alone, suggesting potential benefits of multimodal fusion.

Three factors may partially explain this discrepancy: (i) State-of-the-art video trans-
formers, such as VideoMAEv2, are optimized for RGB stream and are highly capable of
modeling and learning temporal representations directly from RGB data. (ii) The Optical
Flow stream of VideoMAEv2 showed lower-than-expected performance during pretraining
on Kinetics-400 (Top1-accuracy: 30.0), compared to previously reported results for CNN-
based models (e.g., Top1-accuracy: 54.0 in [32]). This may be due to the inherent inductive
bias of CNN architectures (e. g. translation equivariance) which Transformers lacks [38]. (iii)
Unlike the Optical Flow stream, the RGB stream benefited from additional data augmentation
techniques (see Sect. 5.4.4).

5.5.4.3 Fused RGB and Optical Flow streams

Figure 5.9 illustrates the model’s performance when λ , the weight assigned to the RGB
stream, varies between 0 and 1. For relatively low values of λ , the RGB stream alone
significantly outperforms both the Optical Flow stream and the fused RGB + Optical Flow
streams across all three metrics.

When λ = 0.5 (i.e., equal weights assigned to both RGB and OF streams), the mean
scores for all metrics remain slightly higher for RGB alone than for the fused approach,
although the difference is not statistically significant.

Interestingly, there exists an interval, 0.65 ≤ λ ≤ 0.8, where the fused RGB+OF stream
achieves higher mean scores for Top1-accuracy and MCA compared to the RGB stream
alone. Although not statistically significant, this result suggests that FineChimp performance
could potentially be improved with further exploration of multimodal architectures and fusion
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techniques. The results of all experiments are shown in Table 5.7, where all three metrics
showed improved means with data augmentation and/or fused streams, although without
statistically significant differences.

5.6 Discussion and Future Work

The previous sections have presented our main findings, demonstrating that computer vision
models can successfully learn to recognize chimpanzee communicative gestures. To the
best of our knowledge, this is the first successful application of computer vision to the
automatic recognition of great ape gestures—a highly meaningful source of information
for understanding the evolution of human language. The creation of the FineChimp dataset
was instrumental for this achievement, and we are committed to making this data publicly
available. FineChimp offers researchers a novel resource: a dataset specifically designed for
the recognition of animal gestural communication, featuring fine-grained chimpanzee actions
labeled by domain experts and multiview videos of great apes. We hope these results inspire
other researchers to improve classification accuracies on FineChimp and similar datasets,
and, more importantly, to publish additional annotated video data of animals, leveraging
domain knowledge to advance the field further.

Our findings highlight that some gesture classes are easier to recognize than others.
This discrepancy may be influenced by factors such as the visual prominence of certain
actions—e.g., a raised arm creates more contrast within the scene compared to a subtle hand
touch—or the number of dataset examples per class. A notable limitation of FineChimp is
the low number of examples for certain gesture classes. Additionally, the video resolution
is relatively low in some cases, which can hinder fine-grained action classification. For
instance, human action datasets like FineGym include videos with resolutions up to 1080p
[176]. Future work should prioritize annotating less frequent gestures and aim to include
high-definition video segments to enhance classification performance.

In primatology, identifying great ape gestures often requires assessing multiple criteria,
such as indicators of intentionality and mutual gaze to determine if movements are part of
communicative exchanges [57]. However, FineChimp’s annotated gestures focus solely on
the visual, mechanical characteristics typical of communication. For example, a juvenile
grabbing its mother to climb on her back may be labeled as a ’grab,’ even if it does not meet
stricter definitions of communication. This deliberate choice was made to create a dataset
tailored for computer vision algorithms. Future work could incorporate these additional
criteria to expand FineChimp’s utility for both computer vision and behavioral science
applications.
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Additionally, addressing the multimodality of great ape signals is a promising avenue
for future research. FineChimp currently contains only video data, but chimpanzees often
combine gestures with vocalizations [140, 84]. Furthermore, their likelihood of producing
specific gestures with audible components may depend on the receiver’s attentional state [57].
Including synchronized audio data alongside video could enhance the dataset’s potential for
capturing the full spectrum of chimpanzee communication.

In future work, we aim to provide perfectly synchronized frames across all viewpoints
and extend the action recognition task to action detection, which could further reduce manual
screening time for large video datasets. Inspired by developments in great ape behavior
recognition, we anticipate that integrating additional modalities such as pose estimation [52],
dense pose estimation [15], and text descriptions [16] could enhance gesture classification,
particularly in out-of-distribution contexts such as in-the-wild videos [50].

The present work focuses exclusively on the recognition of great ape gestures as a
supervised classification task, where gesture classes are predefined and annotated by humans.
We envision that future AI-assisted research in great ape communication will also advance in
unsupervised learning approaches. Such methods could enable systems to learn meaningful
representations of gestures directly from raw video data in a purely data-driven manner,
without the need for human supervision.

5.7 Conclusion

Artificial intelligence is increasingly transforming the study of animal behavior. Our hope
is that these technologies will assist researchers in their areas of expertise by automating
time-intensive, repetitive tasks, thereby enabling broader and deeper observational studies.
Computer vision offers a wealth of opportunities to streamline the collection and annotation
of video data, as demonstrated in this work. Models and public datasets like FineChimp
can play a pivotal role in automating the recording of animal interactions with non-invasive
technologies, processing large datasets with minimal human intervention, and preselecting
footage of interest. Moreover, this study has shown that computer vision models can discern
highly complex visual patterns in chimpanzee gestural communication.

We hope this achievement inspires further research to expand the availability of publicly
accessible datasets featuring fine-grained animal actions. Such resources are critical for
capturing meaningful insights into animal social interactions and communication, advancing
our understanding of both animal behavior and the evolutionary roots of human language.
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Conclusion

6.1 Summary of Contributions

This dissertation is centered around the main research question: How can deep learning
action recognition methods be applied to animal behavior understanding, particularly in
recognizing great ape behaviors and communicative gestures?

In our research, we explored multiple machine learning tasks, including individual
detection/tracking, pose estimation, and action recognition, using diverse approaches such as
video-based and skeleton-based action recognition. Moreover, our work leveraged large-scale
primate datasets, including OpenMonkeyChallenge [224], OpenApePose [36], ChimpACT
[124], and PanAf500 [17].

The automated recognition of gestural signals of great apes represents one of the most
significant contributions of this dissertation, both for computer vision and primatology. From
a computer vision perspective, we demonstrated that large video transformers, equipped with
dual-path architectures (RGB and Optical Flow), are particularly effective for fine-grained
action recognition. In primatology, this marks the first automated classification of great ape
gestures, a critical component of their communication system. Meanwhile, the study of
great ape gestures continues to raise profound theoretical questions, such as whether gestures
are learned through individual experience or form part of a species-wide repertoire with
individual variations.

As emphasized in the introductory chapter, one of the most pressing challenges in
advancing AI for animal research — particularly great ape action recognition — is the
scarcity of publicly available datasets. To address this bottleneck, we contributed two large
chimpanzee-specific datasets, annotated by expert primatologists: (i) ChimpBehave, a dataset
for behavior recognition; (ii) FineChimp, a dataset for gestural signal classification. These
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resources, openly available to the community, are expected to empower future researchers
and foster further advances in both primatology and computer vision.

Skeleton-based action recognition, widely used in human-centric applications, holds
significant promise for quantifying animal behaviors due to its lightweight architectures
and robustness across individuals and environments. Despite its potential, its application
to animal behavior recognition — particularly on large datasets and in natural settings —
remains underexplored. This dissertation addresses this gap in two major ways: (i) we
designed ASBAR (Animal Skeleton-Based Action Recognition), a species- and behavior-
agnostic framework that integrates full model and data pipelines for skeleton-based action
recognition; (ii) we validated the effectiveness of ASBAR on a large scale by successfully
classifying great ape behaviors in their natural habitat, a particularly complex and challenging
scenario for animal research.

Furthermore, while the robustness of skeleton-based approaches has been extensively
studied for human-centric action recognition, their generalization capacity across visual
domains has not been explored in animal studies. To this end, we compared the performances
of skeleton-based and video-based methods in cross-dataset experiments. Our results demon-
strated that skeleton-based methods exhibit superior generalization to visual domain changes,
underscoring their robustness for great ape behavior recognition.

Finally, the automated multi-view camera setup remains operational to this day and has
already facilitated video data collection for other teams of primatologists. Notably, it has
been used to establish a blink rate baseline for great apes. In humans, blink rate has been
related to cognitive load, and may well have implications for understanding stress in social
groups, as well as assessing how apes process different stimuli in cognitive experiments.

Together, these contributions advance the intersection of deep learning and animal behav-
ior research, laying a foundation for automated, scalable, and resource-efficient solutions to
understand complex behaviors in non-human primates.

6.2 Future Research Directions

This dissertation primarily focuses on models for action recognition. While action recognition
is inherently a classification task, future research could explore leveraging these models’
feature representations to adapt them for spatiotemporal localization tasks, such as action
detection [124]. Such extensions would be particularly valuable for primatologists, as they
could significantly reduce the manual effort required for coding large video datasets.

The techniques employed in this work predominantly fall within the paradigm of super-
vised learning. However, unsupervised learning holds immense potential, particularly in
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the study of great ape gestural communication. Unsupervised methods may uncover hidden
patterns or relationships in the data that have so far remained unnoticed by human observers
[123, 212]. This could open new avenues for understanding the complexity of great ape
communication systems.

Our current methods rely solely on visual data, without incorporating sound. Audiovisual
pipelines have already proven successful for chimpanzee behavior recognition [5], and future
work could extend our models to include audio signals. This would enable the detection
of multimodal behaviors, where gestures are often accompanied by audible components
(e.g., ’single stomp,’ see modalities in Table T4 in Appendix D). On a broader scale, a
comprehensive machine learning study of great ape communicative systems would greatly
benefit from integrating both gestural and vocal signals, reflecting their naturally multimodal
communication strategies.

While this dissertation extensively investigated skeleton-based approaches for behavior
recognition (Chapters 3 and 4), these methods were deliberately not explored for gesture
recognition (Chapter 5). This decision was motivated by the lack of skeletal keypoints
representing fine-grained finger movements in current public primate pose estimation datasets.
Current skeleton annotations for primates are limited to limb extremities (wrists and ankles),
which are insufficient for distinguishing gestures that depend on finger-level actions. Future
work could focus on extending primate skeletons to include high-granularity keypoints,
similar to whole-body pose annotations available for humans [89].

Additionally, while this work evaluated the generalization capacity of action recognition
approaches across different visual and recording settings, a natural progression would be to
examine how well these models generalize to distinct animal species. Investigating cross-
species performance could offer further insights into the robustness and transferability of
current action recognition techniques.

Finally, as part of our future research agenda, we aim to adapt human-centric gaze-
following models [161] to chimpanzees. Mutual gaze is a critical marker of intentional
communication in great apes [56, 198]. Developing such models could help quantify gaze be-
haviors and provide a deeper understanding of communicative intent in non-human primates.
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A.1 Multi-stream GCN

A two-stream adaptive GCN is introduced in [177], building upon the spatio-temporal GCN
(ST-GCN) proposed by [219]. This new architecture is motivated by some shortcomings of
ST-GCN, mostly due to its fixed, predefined skeleton structure, its lack of data-dependent
adaptiveness and absence of bone-related information.

They first reformulate the ST-GCN forward propagation rule fout which includes the
adjacency matrix, Ak, defining the fixed edges between each joint and the learnable mask
matrix, Mk, indicating the edge importance weighting. The expression of fout is:

fout =
Kv

∑
k

Wk( finAk)⊙Mk

where Kv represents the kernel size. To make the graph topology adaptive in each layer, a
new forward propagation rule is presented and constitutes the first stream of the network
(so-called joint-stream):

fout =
Kv

∑
k

Wk fin(Ak +Bk +Ck)

where Ak is an N ×N matrix representing the adjacency matrix, and Bk is also an N ×N
matrix, whose function is similar to the mask matrix and whose parameters are learned
during training. The major difference with ST-GCN, however, is that it is not part of a dot
product operation but an addition to Ak. In other words, ST-GCN edges importance is only
part of the features propagation if its structural link preexists, i. e. it is conditional to its
skeleton’s fix structure. In short, if a connection between two nodes has a value of zero in Ak,
its element-wise multiplication with any Mk coefficient will be 0. In opposition, in this work,



154 Supporting Information of Chapter 2

non-structural edges will partially infer on the final action prediction. This allows actions
that relate physically distant body parts, to now have a learnable edge representation on the
graph. For example, actions such as “clapping both hands” will therefore be predicted more
easily. The third matrix Ck is a data-dependent graph that predicts a connection between two
nodes if they are similar.

Similarity between nodes is computed as:

f (vi,v j) =
eθ(vi)

T φ(v j)

∑
N
j=1 eθ(vi)T φ(v j)

where θ and φ are two embedding functions with learnable parameters. In practice, due to
its softmax operation, Ck can be computed using:

Ck = softmax( f T
inW T

θkWφk fin)

Here Wθk and Wφk are both learnable weights of the embedding functions. The output of
this first stream is an action class prediction using a final softmax classifier.

The second stream of the network is called the second-order information, or bone-stream.
For each structural bone, or edge, between two adjacent nodes, the length and spatial direction
are coded as features of the node furthest away from the central joint. The resulting graph is
fed into a separate stream, called B-stream, with similar architecture to the first stream. The
output predicted by the second stream is a similar softmax classifier as the one from the first
stream. Both predictions are added together, resulting in the overall network class prediction.
The model outperforms previous state-of-the art architecture.

Building on their previous success, [178] offers further developments of their model
via a novel multi-stream attention-enhanced adaptive GCN (MS-AAGCN). Very similar to
their prior work, the new stream architecture encompasses two additional streams for joint
and bone movements. The nodes’ features are equal to the spatial Euclidean distance they
travelled in-between frames. Final model prediction is the addition of all four stream-specific
softmax predictions. Furthermore, to improve the model’s performance, spatial, temporal and
channel-related attention modules are integrated. The overall result exceeds the performance
of other state-of-the-art models.

More recent works obtain even higher performance, such as [151], which improves
MS-AAGCN, further adding a temporal extension module that enables inter-frames link
prediction between nodes representing different anatomical joints.

Finally, in an attempt to reduce the number of computations, [79] makes use of a learnable
spatial attention map, similar to the matrix Bk developed by [177]. They additionally integrate
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a temporal attention module and optimize the overall architecture to increase computational
efficiency. This work achieves state-of-the-art performance while reducing the number of
computations by a factor of 9.6.

A.2 Actional-Structural GCN

When dealing with interactive systems, [100] introduces a way to predict implicit rela-
tionships in an unsupervised way by only using observational data (see Appendix A.3 for
details). This approach is implemented in [115] for skeleton-based single human action
recognition, where each joint is considered as an independent system. The resulting graph is
used conjointly with an anatomic structural graph for a global action classification.

To implement the model of [100] into single human action recognition, the authors
pre-train the ELBO loss function for a few epochs to obtain a warmed-up adjencency matrix
A. This allows them to develop an actional graph convolution that incorporates the actional
dependencies between each body joint.

Given the feature vector Xin, the model output of the actional stream is:

Xact =
K

∑
k=1

Âk
actXinW k

act ∈ RNxd

where Âk
act = Dk−1

act Ak
act is used as the graph convolutional kernel. The matrix Ak

act = A:,:,k ∈
[0,1]NxN is the linking probability of the k-th edge type, W k

act is the learnable weight matrix
for the edge type k and d is the dimension of the output features.

On the other hand, somewhat similar to the forward propagation rule of [219], the output
of the structural stream is:

Xstruc =
L

∑
l=1

∑
p∈P

M(p,l)
struc ⊙ Â(p)lXinW (p,l)

struc

where L is the polynomial order that determines the receptive field of each node and allows
messages from L-hop neighbors to be passed through the successive graph convolutions. Â(p)

is the graph transition matrix of the p-th parted graph, whereas W and M are the weights and
edge importance matrix respectively. The element-wise product is symbolized by ⊙.

The final model output is therefore given by:

Xout = Xstruc +λXact ∈ RNxd
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where λ is a hyperparameter giving more or less importance to the actional stream. After
adding a temporal convolution to capture inter-frame action features, the network’s ouptut
is fed into a softmax action classifier to obtain a class prediction (ŷ). The loss function for
action prediction is a standard cross entropy loss:

L =−yT log(ŷ)

with yT the transposed ground truth vector of the action class.

A.3 Relational Inference of Interacting Systems

Based strictly on their motion data, the model presented by [100] can infer interactions
between interactive systems. At the center of the model is a variational auto-encoder [99],
whose latent representation is the interaction graph and whose reconstruction is achieved via
graph neural networks. The encoding part of the network inputs the observed trajectories
x = (x1, ...,xT ), i. e. the trajectories of N objects over T time steps. The features of the
object vi (its location and velocity) at time t is denoted by xt

i , the set of all features of N
objects at time t by xt = {xt

1, . . . ,x
t
N}, and the trajectory over T time steps of the i-th object

by xi = (x1
i , . . . ,x

T
i ).

The encoder’s goal is to infer pairwise discrete edge types zi j, representing the relationship
between objects vi and v j, for each pair of objects. The encoder is given as

qφ (zi j|x) = softmax( fenc,φ (x)i j,1:K)

where fenc,φ (x) is a GNN of the fully-connected graph with learnable parameters φ and K
the number of interaction types.

Because the variables in the latent space are discrete, the model can not backpropagate
properly. Therefore, the model will instead sample from a continuous approximation of its
discrete distribution as introduced by [125] to allow gradient-based learning.

The decoder’s goal is to predict the location of each object at time t+1, i. e. pθ (xt+1|xt , . . . ,x1,z)
or in the case of a Markovian dynamics simulation, as it is here, pθ (xt+1|xt ,z)).

Learning occurs when the model maximizes the variational autoencoder ELBO loss
function from [99]:

L = Eqφ (z|x)[log pθ (x|z)]−KL[qφ (z|x)||pθ (z)]
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where the first term is called the reconstruction error, estimated as:

−∑
j

T

∑
t=2

∥xt
j −µ t

j∥
2σ2 + const

whereas the latter term is called the KL divergence and is computed as the sum of entropies
H:

∑
i̸= j

H(qφ (zi j|x)+ const
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B.1 PCK Nasal Dorsum

Fig. S1 PCK nasal dorsum. The turquoise segment represents the length between the center
of the eyes and the tip of the nose, i.e., the nasal dorsum. Any model prediction (represented
in green) that falls within this distance of the ground-truth location (indicated in red) is
considered as detected. In this case, all keypoints are detected except for the shoulders, neck,
left wrist, and the hip (circled in purple). Hence, for this image, the detection rate would be
12/17 = 0.706 = 70.56%.
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B.2 Prediction Comparison of Pose Estimation Models

Fig. S2 Prediction comparison of the nine models at test time. After 40,000 training
iterations, the models’ test predictions are visually compared to one example of the test set.
Note for example that i) ResNet-50 (center) wrongly predicts the top of the head as the tail’s
position, ii) only three models can predict the left ankle’s position accurately (ResNet-50
(center), ResNet-101 (center right), and EfficientNet-B1 (bottom left)) and iii) no model
correctly detects the left knee’s location.
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B.3 NMER by Families, Species and Keypoints

Fig. S3 Normalized error rate by families, species and keypoints. For all OMC images at
test time, we visualize the normalized error rate (NMER) for each species.
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B.4 Examples of Elements of the ASBAR GUI

Fig. S4 Examples of UI elements of the ASBAR graphical user interface. The GUI is
terminal-based and therefore can be rendered even when accessed on a distant machine, such
as a cloud-based platform or a remote high-performance computer.
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C.1 Image Examples of ChimpBehave

Fig. S5 Image examples of ChimpBehave. ChimpBehave consists of 1,362 annotated video
segments of chimpanzees, derived from a collection of 50 longer videos recorded in 2016 at
the Basel Zoo indoor enclosure.
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C.2 Image Examples of PanAf500

Fig. S6 Image examples of PanAf500. PanAf documents the behaviors of chimpanzees and
gorillas in their natural habitats, using static cameras deployed in African forests to capture a
wide variety of ape populations.
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C.3 Pose Estimation Examples on ChimpBehave

Fig. S7 Pose estimation examples on ChimpBehave in which one of the limbs is incor-
rectly detected. For example, both examples on the top row show one of the upper limb
being mixed up with other visual elements. See Fig. 4.6 for more representation details.

Fig. S8 Pose estimation examples on ChimpBehave in which the overall skeleton rep-
resentation is correct but HRNet inverted left/right limbs. Such inversions may still
lead to accurate behavior classification as PoseConv3D can flip symmetrical joints as a data
augmentation strategy. See Fig. 4.6 for more representation details.
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Fig. S9 Pose estimation examples on ChimpBehave in which the overall predicted
skeleton fails to capture an accurate representation of the individual’s pose. The pose
estimation network may easily struggle due to various factors, such as the presence of other
individuals (top left), partial occlusion (center left), less frequent postures (bottom left) or
fast moving individuals and blurriness (bottom right). See Fig. 4.6 for more representation
details.

Fig. S10 Pose estimation examples on ChimpBehave in which the overall predicted
skeleton seems accurate but the number of correctly detected keypoints may be low
due to the individual’s head orientation. As PCK-nasal dorsum accounts for the rate of
detected keypoints within the threshold of the nasal dorsum’s length, this metrics is sensitive
to the individual’s head position, when looking down (left, PCK-ND = 26,6 %) or away from
the camera (right, PCK-ND = 6,6 %) for example. See Fig. 4.6 for more representation
details.
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C.4 Pose Estimation Examples on PanAf500

Fig. S11 Pose estimation examples on PanAf500. From left to right: 1) original image
cropped around the individual bounding box. 2) keypoint ground truth (green crosses) and
HRNet prediction (red dots), the prediction error is highlighted when greater than the nasal
dorsum length (yellow segments). 3) ground truth skeleton (in green). 4) predicted skeleton
(in red). See Fig. 4.6 for more representation details.
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C.5 Examples of Miniclips

Fig. S12 Examples of miniclips between datasets and behavior classes. Note that we
sampled 4 out of 20 frames from each miniclip for visualization purposes.
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C.6 UMAP Visualization of ChimpBehave
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Fig. S13 UMAP visualization of ChimpBehave for folds 1 to 3 (top to bottom) using the
video-based approach.
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C.7 Confusion Matrices

Fig. S14 Confusion matrices of ChimpBehave (8 classes) for all cross-validation folds.
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Fig. S15 Confusion matrices of ZOO (ChimpBehave, 7 classes) and FOREST (PanAf, 7
classes) for all cross-validation folds.
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C.8 Tracking Model Fine-Tuning

iterations
to fine tune

tracking model

New or existing
tracking model

Run existing model
to predict tracks on

unseen videos

import predicted tracks
in labeling tool 

manually adjust
tracks when necessary

convert labels 
into tracking dataset

train and evaluate
new tracking model

1

26

5

4

3

models will be saved in 
mmtracking/work_dirs/qdtrack.../epoch_X.pth

use script in:
slurm/predict_tracks.sh

install Label Studio as documented here:
https://labelstud.io/

Create a project and import 
your json files created in previous step

 
if necessary use:

 
scripts/update_json_address.sh

to update the video address 
in your json files

and

tools/serve_with_cors.py
 to run a web server to generate 

URLs for the files

export your annotations and use : 
tools/convert_labelstudio.py

to convert them into a dataset folder
data/tracking/tracking_release

then use 
scripts/process_data.sh 

to expand them to a full MOT dataset in
data/tracking/tracking_processed

NB: if you are training your model
on a headless server, compress and send
tracking_release to your server, where you

can then run scripts/process_data.sh  

Fig. S16 Description of steps to fine-tune a tracking model
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C.9 Behavioral Ethogram

Table T1 Behavioral ethogram, adapted from [150] .

Behavioral Class Description

Sitting Sitting with the rump on the ground, branch, or another surface, with
the body more or less vertical.

Standing Standing quadrupedally, e.g., pausing to scan the environment or
waiting for another individual.

Walking Walking quadrupedally.

Running Locomoting quickly.

Hanging Hanging by one or both hands from a structural element.

Swinging Hanging from ropes by the arms and swinging back and forth.

Climbing down Climbing down from an elevated site.

Climbing up Climbing up a structural element using all four limbs.
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C.10 Within-Dataset Class-level Metrics

Table T2 Within-Dataset class-level metrics (Mean ± Std) for ZOO (ChimpBehave, 7
classes) and FOREST (PanAf, 7 classes) across 5-fold cross-validation

Precision Recall F1 Score FPR FNR

ZOO Video

Sitting 0.942 ± 0.014 0.969 ± 0.008 0.955 ± 0.011 0.151 ± 0.038 0.031 ± 0.008
Standing 0.801 ± 0.061 0.690 ± 0.102 0.739 ± 0.079 0.019 ± 0.006 0.310 ± 0.102
Walking 0.671 ± 0.086 0.677 ± 0.069 0.671 ± 0.061 0.035 ± 0.012 0.323 ± 0.069
Hanging 0.462 ± 0.170 0.394 ± 0.231 0.417 ± 0.206 0.010 ± 0.001 0.606 ± 0.231
Climbing Up 0.351 ± 0.024 0.551 ± 0.039 0.428 ± 0.023 0.037 ± 0.004 0.449 ± 0.039
Climbing Down 0.328 ± 0.190 0.165 ± 0.156 0.197 ± 0.144 0.006 ± 0.005 0.835 ± 0.156
Running 0.600 ± 0.490 0.055 ± 0.061 0.098 ± 0.104 0.000 ± 0.000 0.945 ± 0.061

ZOO Skeleton

Sitting 0.958 ± 0.009 0.973 ± 0.018 0.965 ± 0.009 0.107 ± 0.024 0.027 ± 0.018
Standing 0.861 ± 0.022 0.807 ± 0.041 0.832 ± 0.019 0.014 ± 0.003 0.193 ± 0.041
Walking 0.738 ± 0.042 0.784 ± 0.040 0.759 ± 0.017 0.028 ± 0.007 0.216 ± 0.040
Hanging 0.583 ± 0.096 0.602 ± 0.091 0.586 ± 0.074 0.012 ± 0.005 0.398 ± 0.091
Climbing Up 0.472 ± 0.082 0.472 ± 0.107 0.461 ± 0.056 0.020 ± 0.010 0.528 ± 0.107
Climbing Down 0.420 ± 0.117 0.252 ± 0.088 0.295 ± 0.064 0.010 ± 0.006 0.748 ± 0.088
Running 0.627 ± 0.199 0.160 ± 0.119 0.220 ± 0.120 0.001 ± 0.001 0.840 ± 0.119

FOREST Video

Sitting 0.794 ± 0.016 0.860 ± 0.047 0.825 ± 0.017 0.156 ± 0.023 0.140 ± 0.047
Standing 0.655 ± 0.101 0.596 ± 0.072 0.617 ± 0.047 0.086 ± 0.040 0.404 ± 0.072
Walking 0.835 ± 0.029 0.887 ± 0.025 0.860 ± 0.017 0.076 ± 0.017 0.113 ± 0.025
Hanging 0.497 ± 0.201 0.338 ± 0.143 0.400 ± 0.166 0.018 ± 0.008 0.662 ± 0.143
Climbing Up 0.453 ± 0.201 0.191 ± 0.080 0.264 ± 0.112 0.005 ± 0.003 0.809 ± 0.080
Climbing Down 0.057 ± 0.114 0.040 ± 0.080 0.047 ± 0.094 0.001 ± 0.001 0.960 ± 0.080
Running 0.363 ± 0.318 0.075 ± 0.064 0.123 ± 0.105 0.001 ± 0.001 0.925 ± 0.064

FOREST Skeleton

Sitting 0.771 ± 0.021 0.834 ± 0.028 0.801 ± 0.016 0.173 ± 0.022 0.166 ± 0.028
Standing 0.645 ± 0.045 0.540 ± 0.082 0.585 ± 0.060 0.076 ± 0.016 0.460 ± 0.082
Walking 0.789 ± 0.018 0.882 ± 0.023 0.833 ± 0.011 0.102 ± 0.012 0.118 ± 0.023
Hanging 0.557 ± 0.052 0.361 ± 0.038 0.438 ± 0.042 0.015 ± 0.002 0.639 ± 0.038
Climbing Up 0.646 ± 0.085 0.364 ± 0.061 0.462 ± 0.058 0.004 ± 0.001 0.636 ± 0.061
Climbing Down 0.500 ± 0.105 0.222 ± 0.193 0.283 ± 0.180 0.001 ± 0.000 0.778 ± 0.193
Running 0.430 ± 0.182 0.119 ± 0.062 0.177 ± 0.079 0.002 ± 0.001 0.881 ± 0.062
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C.11 Cross-Dataset Class-level Metrics

Table T3 Cross-Dataset class-level metrics (Mean ± Std) for ZOO (ChimpBehave, 7
classes) and FOREST (PanAf, 7 classes) across 5-fold cross-validation

Precision Recall F1 Score FPR FNR

ZOO>FOREST Video

Sitting 0.503 ± 0.034 0.728 ± 0.134 0.587 ± 0.025 0.516 ± 0.167 0.272 ± 0.134
Standing 0.385 ± 0.046 0.181 ± 0.111 0.224 ± 0.099 0.076 ± 0.053 0.819 ± 0.111
Walking 0.634 ± 0.151 0.290 ± 0.130 0.362 ± 0.135 0.098 ± 0.065 0.710 ± 0.130
Hanging 0.033 ± 0.030 0.039 ± 0.038 0.032 ± 0.032 0.049 ± 0.051 0.961 ± 0.038
Climbing Up 0.033 ± 0.013 0.123 ± 0.030 0.050 ± 0.017 0.087 ± 0.055 0.877 ± 0.030
Climbing Down 0.019 ± 0.023 0.016 ± 0.015 0.015 ± 0.015 0.008 ± 0.008 0.984 ± 0.015
Running 0.200 ± 0.400 0.004 ± 0.009 0.009 ± 0.017 0.000 ± 0.000 0.996 ± 0.009

ZOO>FOREST Skeleton

Sitting 0.556 ± 0.023 0.956 ± 0.020 0.703 ± 0.013 0.534 ± 0.060 0.044 ± 0.020
Standing 0.633 ± 0.078 0.287 ± 0.041 0.390 ± 0.030 0.045 ± 0.020 0.713 ± 0.041
Walking 0.864 ± 0.024 0.352 ± 0.081 0.494 ± 0.075 0.025 ± 0.011 0.648 ± 0.081
Hanging 0.484 ± 0.129 0.077 ± 0.034 0.126 ± 0.042 0.006 ± 0.005 0.923 ± 0.034
Climbing Up 0.145 ± 0.025 0.365 ± 0.095 0.201 ± 0.021 0.047 ± 0.025 0.635 ± 0.095
Climbing Down 0.142 ± 0.043 0.163 ± 0.066 0.139 ± 0.034 0.007 ± 0.005 0.837 ± 0.066
Running 0.237 ± 0.077 0.083 ± 0.057 0.100 ± 0.053 0.005 ± 0.005 0.917 ± 0.057

FOREST>ZOO Video

Sitting 0.953 ± 0.023 0.588 ± 0.117 0.720 ± 0.086 0.078 ± 0.049 0.412 ± 0.117
Standing 0.219 ± 0.056 0.689 ± 0.079 0.324 ± 0.049 0.298 ± 0.099 0.311 ± 0.079
Walking 0.382 ± 0.030 0.887 ± 0.068 0.532 ± 0.017 0.147 ± 0.029 0.113 ± 0.068
Hanging 0.044 ± 0.055 0.011 ± 0.019 0.017 ± 0.028 0.003 ± 0.003 0.989 ± 0.019
Climbing Up 0.285 ± 0.180 0.020 ± 0.011 0.037 ± 0.019 0.002 ± 0.001 0.980 ± 0.011
Climbing Down 0.250 ± 0.387 0.002 ± 0.002 0.003 ± 0.004 0.000 ± 0.000 0.998 ± 0.002
Running 0.033 ± 0.067 0.004 ± 0.009 0.008 ± 0.015 0.000 ± 0.000 0.996 ± 0.009

FOREST>ZOO Skeleton

Sitting 0.976 ± 0.001 0.877 ± 0.014 0.924 ± 0.007 0.056 ± 0.003 0.123 ± 0.014
Standing 0.719 ± 0.031 0.654 ± 0.025 0.685 ± 0.022 0.028 ± 0.004 0.346 ± 0.025
Walking 0.470 ± 0.017 0.896 ± 0.012 0.616 ± 0.015 0.102 ± 0.007 0.104 ± 0.012
Hanging 0.199 ± 0.044 0.404 ± 0.053 0.266 ± 0.047 0.045 ± 0.009 0.596 ± 0.053
Climbing Up 0.378 ± 0.033 0.241 ± 0.048 0.289 ± 0.031 0.015 ± 0.004 0.759 ± 0.048
Climbing Down 0.365 ± 0.042 0.135 ± 0.057 0.191 ± 0.064 0.006 ± 0.002 0.865 ± 0.057
Running 0.203 ± 0.079 0.125 ± 0.053 0.151 ± 0.059 0.005 ± 0.002 0.875 ± 0.053
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C.12 Classes in Great Ape behavior Datasets

Table T4 Comparison of great ape behavior datasets

Category ChimpBehave PanAf500 PanAf20K ChimpACT

locomotion

walking walking
travel moving

running running

standing standing

resting
resting

sitting sitting

sleeping

climbing up climbing up
climbing climbing

climbing down climbing down

hanging hanging

swinging

object interaction

feeding eating

tool use

object carrying

solitary object
playing

manipulating
object

social interaction

sitting on back
chimp carrying

being carried

carrying

grooming
being groomed

grooming

aggression aggressing

losing object

taking object

begging

being begging
from
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Category ChimpBehave PanAf500 PanAf20K ChimpACT

nursing

being nursed

playing

embracing

touching

social interac-
tion

sex

other

camera interac-
tion

camera reac-
tion

display displaying

bipedal

vocalisation

piloerrection

cross species

no behavior

erection
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D.1 Gesture Class Description

Table T4 Descriptions of signals and their corresponding modalities from [57].

Signal Modality Description

Beckoning arm S Stretching arm toward another, followed by a sideways
sweeping movement of the arm toward the self and end-
ing with a twirl of the wrist from palm upward to down-
ward, indicating an invitation to approach and follow

Beckoning hand S Stretching arm toward another, followed by a twirl of the
wrist from palm upward to downward

Bite T Holding another’s body part between lips or teeth without
pressure (mock bite)

Climb-on S Sweeping movement of the arm over own opposite shoul-
der, invitation to climb on back

Directional hand-
on

T Touching other’s body part (usually back) with palm of
hand and maintaining touch for more than 2s to orient
other in a desired direction

Directional push T Gentle push on another’s body part with hand(s), arm(s),
feet, or head to orient partner’s body in the desired direc-
tion

Drum object A Drumming an object with fists
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Embrace T Signaller wraps arm(s) around recipient and maintains
physical contact

Flap S Raising one arm and hand and making a downward slap-
ping movement of the arm in front of another, in the
air

Flap with object S Raising one arm and hand and making a downward slap-
ping movement of the arm in front of another with object
held in hand, in the air

Grab T Grabbing gently another’s body part with closed hand(s)

Grab-pull T Grabbing gently another’s body part with closed hand(s)
and pulling towards self

Hand on T Touching head (or other body part) of another with
palm(s) of hand(s) and maintaining touch for more than
2s

Hit object A Hitting object with closed fist

Knock object A Hitting an object forcefully and multiply with fist or wrist

Open arm S Subtle opening of the arm, invitation to body contact

Open leg S Subtle opening of the leg, invitation to body contact

Poke other T Touching firmly and briefly another’s body part with
finger, may be repetitive

Punch other T Hitting another forcefully and singly with fist(s) or
wrist(s)

Pull other T Pulling gently another with palm of hand towards self

Push other T Pushing away gently another with hand(s) or arm(s)

Raise arm S Raising one (or both) arm(s) above head level

Reach foot S Holding a foot toward another by extending the leg and
foot

Reach hand S Holding a hand toward another by extending the arm and
hand

Shake head S Shaking head from side to side on a horizontal axis

Shake object S Shaking fixed object forcefully with one or both hands
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Slap other T Slapping forcefully and singly another with palm of hand

Slap object A Slapping forcefully and singly object with palm of hand

Stomp multiple A Stamping ground forcefully with sole of foot repeatedly
(more than once)

Stomp object A Stamping object forcefully with sole of foot once

Stomp rhythmic A Stamping ground forcefully and alternatively with one
foot then the other rapidly

Stomp single A Stamping ground forcefully with sole of foot once

Stretch over S Stretching and raising arm till about head level with the
palm facing downwards, like embracing another’s body
without touching, sexual invitation

Stroke other T Stroking another individual’s body with gentle back-and-
forth movement of palm of hand or fingers

Swing arm S Swinging arm back and forth on the side of the body,
either once or repetitively

Tap other T Tapping repetitively another with palm of hand, with
firm short contact of the fingers to the other’s body (may
include rhythmic repetition or single movement)

Throw object S Throwing an object in the direction of another

Touch T Touching gently another individual’s body part with palm
of hand, for under 2s
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D.2 Class-level Metrics for RGB Stream

Fig. S16 Class-level metrics for the RGB stream. The classes are ordered by the number
of examples in the dataset, from most to least frequent.
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D.3 Class-level Metrics for Optical Flow Stream

Fig. S17 Class-level metrics for the optical flow stream. The classes are ordered by the
number of examples in the dataset, from most to least frequent.
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D.4 Confusion Matrices

Fig. S18 Confusion matrices for RGB (top) and optical flow (bottom). The classes are
ordered by the number of examples in the dataset, from most to least frequent.



Appendix E

Evaluation Metrics Formulas

We present here the mathematical formulas of used metrics.

Top-1 Accuracy =
∑

N
i=1 δ (yi = ŷi)

N
(E1)

Top-3 Accuracy =
∑

N
i=1 δ (yi ∈ {ŷ(1)i , ŷ(2)i , ŷ(3)i })

N
(E2)

Mean Class Accuracy =
1
C

C

∑
i=1

TPi

TPi +FNi
(E3)

Mean Average Precision (mAP) =
1
C

C

∑
i=1

APi (E4)

Precisioni =
TPi

TPi +FPi
(E5)

Recalli =
TPi

TPi +FNi
(E6)

F1 Scorei = 2× Precisioni ×Recalli
Precisioni +Recalli

(E7)

F1weighted =
∑

C
i=1 si ×F1i

∑
C
i=1 si

(E8)

False Positive Rate (FPRi) =
FPi

FPi +TNi
(E9)
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False Negative Rate (FNRi) =
FNi

FNi +TPi
(E10)

Where,

• N: Total number of predictions/instances

• C: Total number of classes

• yi: True class for the i-th instance

• ŷi: Predicted class for the i-th instance (the class with the highest confidence score)

• {ŷ(1)i , ŷ(2)i , ŷ(3)i }: set of top-3 predicted classes for the i-th instance, ranked by confi-
dence scores

• si: Support for class i (number of true instances in class i)

• TPi: True positives for class i (number of instances from class i correctly predicted as
class i)

• FPi: False positives for class i (number of instances not belonging to class i, incorrectly
predicted as class i)

• FNi: False negatives for class i (number of instances from class i not predicted as such)

• TNi: True negatives for class i (number of instances not belonging to class i and not
predicted as class i)

• APi: Average Precision for class i (the area under the precision-recall curve for class i)

• δ (·): Indicator function, returns 1 if the condition is true, 0 otherwise


	Table of contents
	List of figures
	List of tables
	1 Introduction
	1.1 Motivation and Scope
	1.2 Problem Statement
	1.2.1 Skeleton-Based Behavior Recognition
	1.2.2 Out-of-Distribution Generalization
	1.2.3 Recognition of Great Ape Gestures

	1.3 List of Contributions
	1.3.1 The ASBAR Framework
	1.3.2 General Primate Pose Estimator
	1.3.3 Great Ape Skeleton-based Behavior Recognition
	1.3.4 The ChimpBehave Dataset
	1.3.5 ChimpBehave Baselines
	1.3.6 Cross-dataset Generalization
	1.3.7 The FineChimp Dataset
	1.3.8 Automated Recognition of Great Ape Gesture
	1.3.9 Multi-View Camera System

	1.4 Thesis Structure
	1.5 List of Publications

	2 Related Work
	2.1 Deep Neural Networks
	2.1.1 Logistic Regression - An Example
	2.1.2 Multilayer Perceptrons
	2.1.3 Convolutional Neural Networks
	2.1.4 Graph Convolutional Networks
	2.1.5 Transformers

	2.2 Pose Estimation
	2.2.1 Task Definition
	2.2.2 Single-Individual Pose Estimation
	2.2.3 Multi-Individual Pose Estimation

	2.3 Action Recognition
	2.3.1 Definition
	2.3.2 Video-Based Action Recognition
	2.3.3 Skeleton-based Action Recognition

	2.4 Computer Vision Applications for Non-Human Primates
	2.4.1 Overview of Scientific Contributions
	2.4.2 Great Ape Behavior Recognition


	3 Skeleton-Based Action Recognition for Great Ape Behaviors
	3.1 Introduction
	3.2 The ASBAR Framework
	3.2.1 Pose and Behavior Datasets
	3.2.2 Pose Estimation Module
	3.2.3 Action Recognition Module

	3.3 Materials and Methods
	3.3.1 Datasets and Data Annotation
	3.3.2 Evaluation Metrics
	3.3.3 Methods for Pose Estimation
	3.3.4 Methods for Pose Extraction
	3.3.5 Methods for Behavior Recognition

	3.4 Results
	3.4.1 Results of Pose Estimation
	3.4.2 Alternative Performance Evaluation
	3.4.3 Results of Behavior Recognition

	3.5 Discussion
	3.5.1 Challenges and Future Directions

	3.6 Conclusion
	3.7 Acknowledgments

	4 Out-Of-Distribution Generalization
	4.1 Introduction
	4.2 Related Work
	4.2.1 Non-human Primate Datasets
	4.2.2 Behavior Recognition for Non-Human Primates

	4.3 The ChimpBehave Dataset
	4.4 Method and Experiments
	4.4.1 Datasets and Data Preparation
	4.4.2 Evaluation Metrics
	4.4.3 Video-Based Behavior Recognition
	4.4.4 Skeleton-Based Behavior Recognition
	4.4.5 Experimental Protocol

	4.5 Results
	4.5.1 Behavior Recognition on ChimpBehave
	4.5.2 Behavior Recognition: Within-Dataset and Cross-Dataset

	4.6 Discussion
	4.7 Conclusion
	4.8 Ethical Statement
	4.9 Acknowledgement

	5 Automated Recognition of Great Ape Gestures
	5.1 Introduction
	5.2 Related Work
	5.2.1 Deep Learning for Animal Communication
	5.2.2 RGB+Optical Flow for Action Recognition
	5.2.3 Related Datasets

	5.3 The FineChimp Dataset
	5.3.1 Dataset Description
	5.3.2 Zoo Installation
	5.3.3 Data Collection
	5.3.4 Data Annotation
	5.3.5 Challenges for Action Recognition

	5.4 Method and Experiments
	5.4.1 Datasets
	5.4.2 Evaluation Metrics
	5.4.3 Model Pretraining, Architecture, and Frame Sampling
	5.4.4 Data Augmentation
	5.4.5 Cross-View Generalization
	5.4.6 Multimodality: Optical Flow
	5.4.7 Experimental Protocol

	5.5 Results
	5.5.1 Performances of Model Pretraining, Architecture, and Frame Sampling
	5.5.2 Performances of Data Augmentation
	5.5.3 Performance of Cross-View Generalization
	5.5.4 Performance of multimodality: RGB + Optical Flow

	5.6 Discussion and Future Work
	5.7 Conclusion

	6 Conclusion
	6.1 Summary of Contributions
	6.2 Future Research Directions

	References
	Appendix A Supporting Information of Chapter 2
	A.1 Multi-stream GCN
	A.2 Actional-Structural GCN
	A.3 Relational Inference of Interacting Systems

	Appendix B Supporting Information of Chapter 3
	B.1 PCK Nasal Dorsum
	B.2 Prediction Comparison of Pose Estimation Models
	B.3 NMER by Families, Species and Keypoints
	B.4 Examples of Elements of the ASBAR GUI

	Appendix C Supporting Information of Chapter 4
	C.1 Image Examples of ChimpBehave
	C.2 Image Examples of PanAf500
	C.3 Pose Estimation Examples on ChimpBehave
	C.4 Pose Estimation Examples on PanAf500
	C.5 Examples of Miniclips
	C.6 UMAP Visualization of ChimpBehave
	C.7 Confusion Matrices
	C.8 Tracking Model Fine-Tuning
	C.9 Behavioral Ethogram
	C.10 Within-Dataset Class-level Metrics
	C.11 Cross-Dataset Class-level Metrics
	C.12 Classes in Great Ape behavior Datasets

	Appendix D Supporting Information of Chapter 5
	D.1 Gesture Class Description
	D.2 Class-level Metrics for RGB Stream
	D.3 Class-level Metrics for Optical Flow Stream
	D.4 Confusion Matrices

	Appendix E Evaluation Metrics Formulas

