
ASBAR: an Animal Skeleton-Based Action Recognition
framework. Recognizing great ape behaviors in the wild using
pose estimation with domain adaptation

Michael Fuchs1*, Emilie Genty2, Klaus Zuberbühler2, Paul Cotofrei1

1 Information Management Institute, University of Neuchâtel, Neuchâtel, Switzerland
2 Institute of Biology, University of Neuchâtel, Neuchâtel, Switzerland

* corresponding author: michael.fuchs@unine.ch (MF)

Abstract

To date, the investigation and classification of animal behaviors have mostly relied on
direct human observations or video recordings with posthoc analysis, which can be
labor-intensive, time-consuming, and prone to human bias. Recent advances in machine
learning for computer vision tasks, such as pose estimation and action recognition, thus
have the potential to significantly improve and deepen our understanding of animal
behavior. However, despite the increased availability of open-source toolboxes and
large-scale datasets for animal pose estimation, their practical relevance for behavior
recognition remains under-explored. In this paper, we propose an innovative framework,
ASBAR, for Animal Skeleton-Based Action Recognition, which fully integrates animal
pose estimation and behavior recognition. We demonstrate the use of this framework in
a particularly challenging task: the classification of great ape natural behaviors in the
wild. First, we built a robust pose estimator model leveraging OpenMonkeyChallenge,
one of the largest available open-source primate pose datasets, through a benchmark
analysis on several CNN models from DeepLabCut, integrated into our framework.
Second, we extracted the great ape’s skeletal motion from the PanAf dataset, a large
collection of in-the-wild videos of gorillas and chimpanzees annotated for natural
behaviors, which we used to train and evaluate PoseConv3D from MMaction2, a second
deep learning model fully integrated into our framework. We hereby classify behaviors
into nine distinct categories and achieve a Top 1 accuracy of 74.98%, comparable to
previous studies using video-based methods, while reducing the model’s input size by a
factor of around 20. Additionally, we provide an open-source terminal-based GUI that
integrates our full pipeline and release a set of 5,440 keypoint annotations to facilitate
the replication of our results on other species and/or behaviors. All models, code, and
data can be accessed at: https://github.com/MitchFuchs/asbar.

Author summary

The study of animal behaviors has mostly relied on human observations and/or video
analysis traditionally. In this paper, we introduce a new framework called ASBAR (for
Animal Skeleton-Based Action Recognition) that integrates recent advances in machine
learning to classify animal behaviors from videos. Compared to other methods that use
the entire video information, our approach relies on the detection of the animal’s pose
(e.g., position of the head, eyes, limbs) from which the behavior can be recognized. We
demonstrate its successful application in a challenging task for computers as it classifies
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nine great ape behaviors in their natural habitat with high accuracy. To facilitate its
use for other researchers, we provide a graphical user interface (GUI) and annotated
data to replicate our results for other animal species and/or behaviors.

Introduction 1

Direct observation and manual annotation of animal behaviors are labor-intensive, 2

time-consuming, prone to human error [67], and can present limitations such as 3

information loss, especially in natural low-visibility settings, during complex, fast-paced 4

social interactions involving multiple partners. The use of video recording and post-hoc 5

annotation of video data has thus been considered methods of choice to study animal 6

behavior. They allow the identification and interpretation of animal behaviors in 7

fine-grained details, and facilitate the testing of reliability and replication of the coding. 8

Animal behavior research would nevertheless greatly benefit from easing the burden of 9

intensive and lengthy manual video annotation thanks to the help of automated animal 10

behavior recognition systems. New machine learning tools could thus allow to identify 11

relevant video sections containing social interactions and classify behaviour categories 12

automatically. The development of such tools could furthermore significantly enlarge 13

the scope and robustness of observational studies and therefore deepen our 14

understanding of animal behaviors [1]. 15

Recent advances in machine learning computer vision techniques can offer innovative 16

ways to build such systems, as some of their models can be trained to recognize or 17

detect behaviors recorded on videos. Specifically, models from the task known as action 18

recognition can learn deep representations of the visual features in a video and classify 19

the recognized action into the appropriate behavior category. 20

In the context of deep learning, two primary approaches have emerged within the 21

action recognition task: video-based methods and skeleton-based methods. 22

Video-based action recognition involves analyzing raw RGB video data and 23

identifying spatio-temporal patterns to recognize actions in video clips. This field of 24

research typically relies on the use of Convolutional Neural Networks (CNNs) ([25]) and 25

their adaptation to data extending over the temporal domain. Typical state-of-the-art 26

video-based methods for human action recognition include models such as Two-Stream 27

CNNs [50], C3D [57], I3D [7], (2+1)D ResNet [56], and SlowFast [13]. Similar methods 28

have been subsequently adapted to classify animal behaviors from videos [52, 31, 48, 16, 29

4, 34] and extended to multimodal audio-visual data types [2]. 30

On the other hand, skeleton-based methods predict the action class from the body’s 31

skeletal structure and its motion [15, 11]. They thus rely on an additional preprocessing 32

step called pose estimation, in which the body parts, such as joints and bones, are 33

detected and their coordinates extracted from each video frame [6]. Despite the 34

additional workload that pose estimation represents, a skeleton-based approach offers 35

numerous advantages for the advancement of behavioral analysis over other video-based 36

methods for computational ethology [1, 67, 20]. Firstly, by focusing on the skeletal 37

motion rather than the apparent animal’s movements, such a model can recognize 38

cross-subject behaviors within the same species (see e.g., [32] for humans, and [3, 53] for 39

non-humans). Furthermore, as it is less subject to animal’s physical traits, the model 40

can be trained to recognize inter-species behaviors. Thirdly, video-based methods can 41

be sensitive to visual setting changes [8] - such as different lighting conditions, changes 42

in backgrounds, etc. - or even visual input changes imperceptible to the human eye ([54, 43

33]) which can lead to a drop in the network’s ability to perform its task. In other 44

words, a video-based model trained within a certain visual context (e.g., from cameras 45

in a zoo) may completely fail to recognize behaviors from the same species in a different 46

visual setting, for instance, in their natural habitat. Comparatively, skeleton-based 47
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methods are less sensitive to these changes [18] and, given a robust pose estimator, are 48

therefore likely to maintain a high action recognition accuracy. Furthermore, extracting 49

the animal’s pose coordinates from high-dimensional video segments drastically reduces 50

the network’s input space dimensionality, its computational complexity, and overall 51

power consumption [15], which can represent game-changing advantages for field 52

researchers with limited computational resources. Finally, identifying the pose offers a 53

pre-computed geometrical quantification of the animal’s body motion and behavioral 54

changes [67, 45]. 55

One of the major challenges for skeleton-based methods for animal behavior concerns 56

the extraction process of the required pose-estimated data. Whereas for human pose 57

estimation this process benefits from the availability of large-scale open source datasets 58

and state-of-the-art keypoint detectors achieving high performance, trying to replicate 59

the same performances for other animal species can easily become a daunting task. 60

Thankfully, on one hand, the number of available large annotated datasets with animal 61

pose is surging (e.g., Animal Kingdom [41], Animal Pose [5], AP-10K [65], 62

OpenMonkeyChallenge [64], OpenApePose [10], MacaquePose [26], Horse-30 [36]). On 63

the other hand, open-source frameworks for animal pose estimation are increasingly 64

accessible (e.g., DeepLabCut [35, 37, 27], SLEAP [46, 44], or AniPose [23]). Despite 65

these remarkable advances, studies leveraging pose estimation to classify animal 66

behaviors remain under-explored, especially outside the laboratory settings. This could 67

be primarily attributed to the scarcity of open-source datasets labeled with both 68

keypoint coordinates and behavioral annotations. Moreover, an additional challenge lies 69

in the tendency of researchers to investigate pose estimation and skeleton-based action 70

recognition as two distinct subjects rather than two facets of a comprehensive approach 71

to behavior analysis. 72

In practice, however, ethologists may not have the resources to manually label their 73

behavioral data with the animals’ poses and could therefore considerably benefit from 74

robust, ready-to-use keypoint detectors that streamline the pose estimation process. In 75

addition, some researchers may also be limited by resources to overcome the technical 76

challenges of integrating both machine learning tasks of pose estimation and behavior 77

recognition. 78

To alleviate these practical challenges, we introduce ASBAR, an innovative 79

framework for animal skeleton-based action recognition. We demonstrate the successful 80

application of our methodology by tackling a particularly challenging problem: 81

classifying great ape behaviors in their natural habitat. Our contributions are fivefold: 82

• We developed a fully integrated data/model pipeline, comprising a first module 83

for animal pose estimation based on the state-of-the-art DeepLabCut toolbox, and 84

a second one for animal behavior recognition, based on the open-source toolbox 85

MMaction2; 86

• We built a general and robust (to visual context shift) primate keypoint detector, 87

by leveraging OpenMonkeyChallenge [64], one of the largest primate pose datasets 88

with 26 primate species; 89

• We provide a methodology to extract the pose of great apes (chimpanzees and 90

gorillas) from a dataset of videos representing large-scale footage from camera 91

traps in the forest, and train a behavior classifier with 9 classes (such as walking, 92

standing, climbing up), which achieves comparable results to video-based methods; 93

• We provide a dataset of 5,440 high-quality keypoint annotations from great apes 94

in their natural habitat; 95

• We open-source a GUI that encapsulates the ASBAR framework to provide other 96

researchers with easy access to our methods. This GUI is terminal-based and can 97
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therefore be used to train DeepLabCut and MMaction2 on a remote machine 98

(such as in cloud- or HPC-based settings) without any programming knowledge. 99

Materials and methods 100

Datasets 101

For the experiment concerning the classification of great ape behaviors in their natural 102

habitat, three datasets are considered: OpenMonkeyChallenge, PanAf, and PanAf-Pose. 103

OpenMonkeyChallenge: OpenMonkeyChallenge (OMC) [64] is a collection of 104

111,529 images of 26 primate species, designed to provide a public benchmark dataset 105

for a competitive non-human primate tracking challenge. The various sources for this 106

dataset include images available on the web, photos from three US-National Primate 107

Research Centers, and captures from multiview cameras at the Minnesota Zoo. All 108

images were processed and annotated with species, bounding box, and pose information 109

corresponding to 17 keypoints: nose, eyes, head, neck, shoulders, elbows, wrists, hip, 110

tail, knees, and ankles. The commercial service commissioned to annotate the pose 111

(Hive AI) was instructed to identify the best guess location in case of occluded 112

keypoints and to specify their visibility. The dataset is split into a training (60%), 113

validation (20%), and testing datasets (20%) (where the annotations of the latter have 114

not been made public, but preserved for the competition). In our experiment, both 115

training and validation datasets were merged to obtain a pose dataset including 89,223 116

images (see examples in Fig 1). 117

Fig 1. Image examples from OpenMonkeyChallenge (pose dataset). A large
collection of primate images annotated with pose. The dataset was primarily designed
for an open benchmarking competition and includes a total of more than 100,000 images
of primates from 26 species.

PanAf : The Pan African Programme ”The Cultured Chimpanzee” [12], whose 118

mission is to enhance the comprehension of the evolutionary-ecological factors that 119

shape chimpanzee behavior diversity, has accumulated thousands of hours of footage 120
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from camera traps stationed in the forests of Central Africa. A collection of 500 videos 121

of chimpanzees or gorillas, each with a duration of 15 seconds (180,000 frames @ 24 122

FPS), were annotated with bounding boxes coordinates for ape detection [63, 62] and 123

behaviors for action recognition [48] (see examples in Fig 2). The nine labeled behaviors 124

include: walking, standing, sitting, running, hanging, climbing up, climbing down, 125

sitting on back, and camera interaction. 126

Fig 2. Image examples from PanAf (behavior dataset). Videos of gorillas and
chimpanzees are captured in the forest using video camera traps. Notable visual
challenges among others include the small size of certain individuals due to the camera
distance, the abundant vegetation, nocturnal imaging, and changes in backgrounds.

PanAf-Pose: We annotated a set of 5,440 keypoints from 320 images extracted 127

from the PanAf dataset. The chosen keypoints are similar to those annotated in OMC. 128

The images were selected in a two-step process. Firstly, a shortlisting of about 4,000 129

images was extracted automatically from the PanAf dataset, for which two models 130

(ResNet152 and EfficientNet-B6, see section Models benchmarking) showed a high 131

overall prediction confidence. Secondly, from the shortlist, we manually selected 320 132

frames, from 32 different video clips, representing different scenes, lighting conditions, 133

postures, sizes, and species - and avoiding consecutive frames as much as possible. 134

For each selected frame, we created an associated mini-clip of 34 frames (24 frames 135

before and 10 frames after the frame to annotate) that captures the ape’s motion and 136

allows us to label occluded keypoints more precisely. We started our annotation process 137

with a semi-automated labeling approach, i.e., using the best predictions of the 138

ResNet152 model. Then, using DeepLabCut’s napari plugin [51] for manual labeling, 139

these predictions were refined, in a first phase, by a non-trained human (MF) and then 140

finalized by a great ape behavior and signaling expert (EG) [17], to ensure high-quality 141

annotations. Our annotations can be found at: https://github.com/MitchFuchs/asbar 142

Domain adaptation 143

The ASBAR framework requires two distinct datasets. The first dataset (denoted as 144

pose) consists of images annotated with keypoint coordinates, used to build a pose 145
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estimator model. The second dataset (denoted as behavior) comprises video clips 146

labeled with specific behaviors. Poses are then extracted from these clips using the 147

aforementioned pose estimator. 148

Under ideal conditions, the two datasets come from the same visual distribution, e.g., 149

the images from the pose dataset represent a subset of the video frames from the 150

behavior dataset. In practice, however, the time-consuming and high-cost process of 151

annotating a video dataset, with both pose and behavior information, may be 152

impractical. Ethologists may therefore opt to shift domains and combine pose and 153

behavioral annotated data from two datasets coming from different visual distributions, 154

e.g., with keypoint annotated images captured indoors and behavioral data labeled in 155

videos recorded outdoors. We refer to the latter case as domain adaptation, where the 156

behavior dataset is called ’out-of-domain’, in opposition to ’within-domain’ pose dataset. 157

As our experiments suggest, large enough open-source pose datasets can be leveraged to 158

create pose extractors robust to domain shifts and sufficient for behavior recognition. 159

Pose estimation 160

The task of estimating the coordinates of anatomical keypoints, denoted as pose 161

estimation, is a crucial prerequisite for skeleton-based action recognition. In most cases, 162

each RGB frame of a video clip of an action is preprocessed to extract the set of (x, y) 163

coordinates in the image plane of each keypoint and its relative confidence c. In 164

practice, this transformation is often performed via supervised CNN-based machine 165

learning models trained for keypoint detection (Fig 3). 166

Fig 3. From RGB image to pseudo-heatmaps. The transformation of an RGB
image into a 3D heatmap volume. An input image is passed through a Conv-Deconv
architecture to output a probabilistic scoremap of the keypoint location (e.g., the right
elbow). By finding a local maximum in the scoremap, the location coordinates and
confidence can be extracted. Using a Gaussian transformation, a pseudo heatmap is
generated for each keypoint and used as input of the subsequent behavior recognition
model.

DeeperCut: In their paper [22], the authors developed DeeperCut, a model 167

architecture for human pose estimation, by combining an adapted version of ResNet [21] 168

(a state-of-the-art CNN-based image classifier trained on ImageNet) to create a deep 169

representation of the visual features of an image, followed by a series of deconvolutional 170

layers to recover the image’s original size by upsampling. Such a method, inspired by 171

semantic segmentation (see [59]), allows the network to output a keypoint probabilistic 172

scoremap, i.e., a pixel-wise probability that a pixel represents the location of a specific 173

keypoint (Fig 3). Using the argmax transformation, the coordinates (x, y) and the 174

confidence c of the local maxima of a scoremap can be extracted, outputting the 175

prediction of the specific keypoint. During the training step, a target scoremap for each 176

keypoint is calculated, in which a probability of 1 is assigned to all pixels within a given 177

distance from the ground-truth (x, y) coordinates (i.e., the correctly labeled location of 178
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the keypoint) and a probability of 0 for all other remaining pixels. By computing the 179

cross-entropy loss function between the target scoremap and the predicted one, the 180

weights and biases of the convolutional-deconvolutional model can thus be learned 181

during training by stochastic gradient descent. This original work was further adapted 182

and extended to the detection of other animal species’ body parts in DeepLabCut. 183

DeepLabCut: DeepLabCut (DLC) is an open-source multi-animal markerless pose 184

estimation, tracking, and identification framework [35, 40, 27], and one of the first 185

toolboxes leveraging the advances in human pose estimation for application to animals. 186

For keypoint detection, the framework allows the choice from different CNN models, 187

including ResNet [21] and EfficientNet [55] of various depths. Due to its high 188

qualitative detection accuracy, the availability of a large collection of models with 189

multiple animal species, and its active community of users and developers, DLC 190

currently sets a standard for researchers studying animal behaviors from various fields 191

such as neuroscience, ecology, etc. (see e.g., [60, 19, 66]). 192

In addition, one particular aspect of the framework is its user-friendly GUI, which 193

facilitates adoption by users less inclined to programming. However, this GUI comes 194

with a caveat: users whose local machine does not support GPU-accelerated CNNs 195

training - as is often the case - will likely have to learn to use DLC’s terminal 196

commands to train their models on a remote platform (such as cloud computing or 197

HPCs). To avoid such technical challenges, our ASBAR framework offers a 198

terminal-based GUI, which fully integrates DLC’s model training, thus allowing users to 199

remotely train their models without any programming skills (See Fig S1 in Annex 200

”Supporting Information” for UI element examples). 201

Fig 4. From extracted poses to behavior classification. From a set of
consecutive RGB frames (e.g., 20 in our experiments), 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’)

Skeleton-based action recognition 202

This computer vision task involves the recognition of a specific action (performed by 203

human or non-human individuals) from a sequence of skeletal joint data (i.e., coordinate 204

lists), captured by sensors or extracted by markerless pose estimators. 205

GCN-based methods: Traditionally, skeleton-based action recognition studies [15] 206

have focused on model architectures relying on Graph Convolutional Networks (GCNs) 207

[24], in which the model’s input consists of a graph G = (V,E). For human action 208

recognition [61], this graph consists of a set of vertices 209

V = {vti| t = 1, . . . , T, i = 1, . . . ,K} corresponding to K keypoints over T frames, and a 210

set of edges E partitioned into two subsets ES and EF , where ES = {vtivtj |(i, j) ∈ H} 211

with H being the set of anatomical body limbs and EF = {vtiv(t+1)i|i ∈ H} their 212

temporal connection between frames. Each node’s features vector includes its 213
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coordinates (x, y) and the estimation confidence c. After defining the spatial temporal 214

node’s neighborhood, this data structure can be passed into GCNs to classify actions 215

via supervised learning [61, 30, 29]. 216

3DCNN-based methods: More recent model architectures, such as PoseConv3D 217

in [11], have demonstrated superior performance when applying 3D-CNNs to pose 218

estimated data rather than GCNs. Particularly in the context of animal behavior 219

recognition, this approach is more suitable, as it significantly outperforms previous 220

GCN-based architectures in differentiating between subtly different actions (such as in 221

the case of FineGym [49]) and is more robust with noisy pose data. Furthermore, 222

PoseConv3D can deal with multi-individual settings without additional computation 223

expense (where GCN techniques see their number of trainable parameters and FLOPs 224

increase linearly with each additional individual), generalizes better in cross-dataset 225

setting, and can easily integrate dual-modality of pose and RGB data. 226

In comparison with GCN approaches, this type of architecture uses pose data to 227

create 3D heatmap volumes instead of graphs. From a set of pose coordinates 228

(xk, yk, ck) corresponding to the (x, y) coordinates and c confidence of the k-th keypoint 229

in a frame of size H ×W , a heatmap J can be generated by applying the following 230

Gaussian transformation: 231

Jkij = e−
(i−xk)2+(j−yk)2

2σ2 · ck (1)

where i, j refer to the pixel frame coordinates and σ is the variance of the Gaussian map 232

(Fig 3). For each frame, a total of K heatmaps are produced. After transforming all T 233

frames from the sample (i.e., video clip), all generated heatmaps are stacked in a 3D 234

volume of size K × T ×H ×W . This data can then be used to train an adapted 235

video-based action recognition 3D-CNN model such as [57, 7, 13] in a supervised 236

manner using stochastic gradient descent (Fig 4). 237

MMAction2: As a member of the OpenMMLab family [43], MMAction2 [38] is an 238

open-source toolkit that supports different types of models for the task of action 239

detection, localization, and recognition in video datasets. The toolkit implements 240

state-of-the-art models for action recognition, skeleton-based action recognition, 241

spatio-temporal action detection, and temporal action localization. MMAction2 has a 242

modular design, allowing users to define requested modules, and provides several 243

analysis tools, such as visualizers or model evaluators. 244

The ASBAR framework 245

ASBAR is a framework designed as an integrated data/model pipeline (marked in red in 246

Fig 5), composed of two sequential modules corresponding to the two machine learning 247

tasks of pose estimation and action recognition. The first module for animal pose 248

estimation (marked in green in Fig 5) is developed based on the DeepLabCut toolbox. 249

Specifically, it integrates DeepLabCut’s methods for the creation of projects and 250

multi-animal training datasets, model selection, training and evaluation, configuration 251

editing, and video analysis. The second module for behavior recognition (marked in 252

blue in Fig 5) is developed using MMAction2 and integrates its APIs for distributed 253

training and testing. 254

Module Pose estimation 255

The goal of the first module is to extract pose information from the behavior dataset 256

(see section Domain Adaptation) using a robust pose estimator model. This objective 257

can be achieved by training and evaluating a keypoint detection model on the pose 258

dataset and using it to predict the joint coordinates of the behavior dataset. The 259
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Fig 5. The ASBAR framework The data/model pipeline of the ASBAR framework
(red). The framework includes two modules - the first pose estimation (green), which is
based on the DeepLabCut toolbox, and the second action recognition (blue), integrating
APIs from MMAction2.

functionalities of this module include: data preprocessing, model benchmarking, model 260

selection, and pose extraction. 261
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Data preprocessing: The framework offers four preprocessing steps: data 262

formatting, data selection, dataset splitting for cross-validation, and configuration setup. 263

Data formatting ensures that the information from the pose dataset meets the 264

structural requirements of DLC. The data selection functionality allows users to select 265

or deselect any of the species present in the pose dataset, any of the keypoints 266

annotated, and to include/exclude invisible keypoints from their selection. For example, 267

one can decide to create a dataset with only two species (e.g., chimpanzees and 268

bonobos) containing only the annotations of three visible keypoints: the eyes and the 269

nose. The third preprocessing step defines the data split for cross-validation and lets 270

users choose between no cross-validation, 5-fold cross-validation, and 10-fold 271

cross-validation for model assessment. Finally, users can choose to modify DLC 272

configuration files, including the training hyperparameters. 273

Model benchmarking: Higher pose prediction performance is likely to positively 274

affect the accuracy of the behavior recognition phase. Therefore, one may want to 275

benchmark different pose estimation models by assessing their relative performance. 276

Users can thus train and evaluate several model variations with different backbones 277

(ResNet or EfficientNet) and various layer depths (ResNet50, ResNet101, 278

EfficientNet-B0, etc.). To statistically validate the model’s accuracy, the framework 279

integrates an optional k-fold cross-validation procedure. 280

Model selection: In the case of a behavior dataset being ’within-domain’ (see 281

section Domain Adaptation), this assessment is sufficient for selecting the best model 282

during the model benchmarking phase and proceeding with pose extraction. Conversely, 283

if the behavior dataset is ’out-of-domain’, as is the case in our experiments, an 284

additional model selection step may be required, since a good ’within-domain’ model 285

may not be robust against visual domain shift. In the literature, models with 286

EfficientNet backbones have shown higher generalization capacity in domain adaptation 287

than those with ResNet [36]. To assess a model ’out-of-domain’ performance, one can, 288

for instance, compare its predictions to a set of manually labeled video frames from the 289

behavior datasets. For more details, see our Results section. 290

Pose extraction: The pose information can be extracted from the behavior dataset 291

by the selected model. Users can choose a particular snapshot of the trained model or 292

let the framework pick the one with the lowest test set error. 293

Module Action recognition 294

The goal of the second module is to classify the behaviors from the behavior dataset, 295

using as input the extracted pose generated at the end of the first module. The 296

functionalities of this module include data preprocessing, model training, and model 297

evaluation. 298

Data preprocessing: To allow behavior recognition from pose predictions, the 299

framework implements four preprocessing steps: predictions filtering, data sampling, 300

data formatting, and configuration setup. The prediction filtering step ensures that at 301

most one prediction provided by the pose estimation model, for each frame and for each 302

keypoint, is kept and the rest are filtered out. More specifically, from the set of all 303

predicted coordinates that fall within the labeled bounding box, the pair of coordinates 304

with the highest prediction confidence for each keypoint is kept, while all others are 305

discarded. The data sampling step extracts the set of items (where an item represents a 306

sequence of consecutive frames satisfying particular constraints of time and behavior 307

label) from the behavior dataset. In the next step, the skeleton data is formatted to 308

ensure compatibility with PoseConv3D’s input data structure. Finally, users can choose 309

to modify the PoseConv3D configuration file, including its hyperparameter values. 310

Model training: Users have the possibility to train several architectural variations 311

of PoseC3D and RGBPose-C3D available in the MMAction2 toolbox [11, 38]. These can 312
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be based on different 3D-CNN backbones (SlowOnly [14], C3D [57], or X3D [13]) with 313

an I3D classification head on top [7]. Model training can be distributed across 314

multi-GPU settings to reduce computation time. The optimal values of hyperparameters 315

may be obtained using random or grid search with a hold-out approach. 316

Model evaluation: The model is a probabilistic classification model, which returns, 317

for each sample, a list of potential behavior candidates, listed in descending order by the 318

confidence probability. The final predicted behavior corresponds to the first candidate 319

and is used to calculate the Top1 accuracy measure, i.e., the percentage of samples 320

whose predicted behavior matches the ground-truth label. Meanwhile, the list of 321

candidates can be used to calculate alternative accuracy measures, such as Top-k 322

accuracy, which is the ratio of ground-truth behaviors ranked within the first k 323

generated candidates. Mean class accuracy is another available metric, which computes 324

the average Top1 accuracy per behavior class. 325

Artificial Intelligence Tools and Technologies 326

GPT-4 [42] was used for data visualization as well as sporadic text and code editing. 327

Results 328

In order to fully demonstrate the capability of the ASBAR framework to fulfill the task 329

of animal behavior recognition from pose estimation, we designed a particularly 330

challenging experiment: the classification of great ape natural behaviors in the wild. For 331

this, we used PanAf as the behavior dataset and OpenMonkeyChallenge (OMC) as the 332

pose dataset. The complete methodology of this experiment and the full results are 333

presented following the data/model pipeline of the framework. 334

Pose estimation 335

For the pose estimation module, the OMC dataset represents the ’within-domain’ 336

dataset, whereas the PanAf dataset, constructed from a different visual distribution (the 337

natural habitat of great apes), represents the ’out-of-domain’ dataset. 338

Data preprocessing For our experiment, we selected all data from OMC, i.e., all 339

26 species and all 17 keypoints including those not visible. Given the large size of OMC 340

(approx. 90k images), we chose a 5-fold cross-validation for the model benchmarking 341

step. Most training hyperparameters are left as default, except for batch size and 342

number of iterations, those values were chosen constrained by the hardware resources, 343

as described below. 344

Models benchmarking: We initially assess the ’within-domain’ relative 345

performance with 5-fold cross-validation of nine variations of pose estimation 346

architectures, including three ResNet networks (ResNet-50, ResNet-101, and 347

ResNet-152), and six EfficientNet networks (EfficientNet-B0, EfficientNet-B1, 348

EfficientNet-B2, EfficientNet-B3, EfficientNet-B5, and EfficientNet-B6) [21, 55]. All 349

models were pretrained on ImageNet [47] and subsequently trained on OMC data during 350

40,000 iterations. The number of iterations was set identical (40,000) for all models, as 351

preliminary tests had shown to be enough for the loss convergence of the largest 352

network (i.e., EfficientNet-B6). The batch size was set to 16, i.e., the largest number of 353

images fitting into the GPU memory (NVIDIA A100 40GB) for EfficientNet-B6. The 354

learning rate schedule is left as default: 1.0e-04 until iteration 7,500, then 5.0e-05 until 355

iteration 12,000, and finally 1.0e-05 until the end. Cross-validation followed the 356

standard 5-fold procedure where 80% of the data was used for training and the 357

remaining 20% for testing, ensuring that all 89,223 images were part of the test set once. 358
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Using our terminal-based GUI, all models were remotely trained on the Google Cloud 359

platform either with a NVIDIA A100 40GB or a NVIDIA V100 16GB. 360

Fig 6. 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.

During the training process, the snapshot model (the network’s weights after i 361

learning iterations) is saved at every 5,000 iterations and then evaluated on the test set 362

data. Therefore, each of the eight snapshot models is evaluated five times, once for 363

every fold of cross-validation. Due to the large size of OMC and the necessary number 364

of evaluations for a given model (8 ∗ 5 = 40) using a 5-fold cross-validation procedure, 365

we customized the network evaluation method provided by DLC to speed up the 366

processing time. For this, we implemented a batched data pipeline (compared to a 367

single-image process in DLC) and restrict the evaluation only to the test set data 368

(compared to both training set and test set evaluation, as implemented in DLC). These 369

modifications, which altered the source code of DLC, were not integrated in the release 370

of our framework. However, the default DLC network evaluation method is accessible 371

within our provided GUI to allow the replication of our results and methodology. The 372

performance metrics considered during the evaluation procedure are similar to DLC’s 373

evaluation method, i.e., the mean average Euclidean error (MAE), computed as the 374

distance between the ground-truth labels from OMC (x̂ ∈ R2) and the ones predicted by 375

the model (x ∈ R2), defined as the closest candidate to the ground-truth having a 376

confidence of at least 0.1. 377

MAE =
1

J

1

K

K∑
k=1

J∑
j=1

||x̂jk − xjk|| (2)

where J is the number of images (i.e., 89,223) and K is the number of keypoints (i.e., 378

17). See Fig S2 in Annex ”Supporting Information” for prediction comparison. 379

Additionally, we computed the percentage of correct keypoint (PCK) that falls within 380

the distance of the nasal dorsum (PCK nasal dorsum, see Fig S3 in Annex ”Supporting 381

Information” for example), i.e., the length between the middle of the eyes and the tip of 382

the nose, computed as 383

PCKnasal dorsum =
1

J

1

K

K∑
k=1

J∑
j=1

δ(||x̂jk − xjk|| < ϵ) (3)
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where δ(·) is a function that outputs 1 when its condition is met and 0 otherwise and ϵ 384

is calculated in each frame as 385

ϵ =
∣∣∣∣x̂nose − 1

2
(||x̂left eye − x̂right eye||)

∣∣∣∣ (4)

Within-domain evaluation: For each model, the deviation chart of the corresponding 386

snapshot variants, plotting the mean and the standard deviation, are displayed in 387

(Fig 6) (left chart for MAE metrics, right chart for PCK nasal dorsum metrics). To 388

compare the performance of the models, we can define the 95% confidence interval for 389

the mean of the performance metric MAE after 40, 000 iterations. Due to the small 390

number of evaluations (5) generated by the cross-validation procedure, the confidence 391

interval is constructed using a t-distribution (α = 0.025, ν = 4). For the MAE metric, 392

the corresponding confidence intervals for all nine models are displayed in (Fig 7). The 393

results show that ResNet-152 performs statistically better (14.05± 0.199) than any 394

other models, whereas ResNet-101 achieves second best results (14.334± 0.080). The 395

performance of EfficientNet-B5 (14.958± 0.299), EfficientNet-B6 (14.981± 0.288) and 396

ResNet-50 (15.098± 0.12) cannot be statistically distinguished; however all three 397

perform better than EfficientNet-B3 (15.455± 0.097) and EfficientNet-B2 398

(15.519± 0.25). Finally, EfficientNet-B1 and EfficientNet-B0 both show higher error 399

rate than all other models (16.031± 0.167 and 16.631± 0.546 respectively). 400

Fig 7. Final ’within-domain’ model’s relative performance. The mean and 95%
confidence intervals of the MAE in pixels after 40,000 iterations (end of training).
Disjoint confidence intervals represent significant statistical differences. ResNet152 in
this task performs significantly better than any other model.

Model selection: While all models were previously trained and tested on images 401

from the same ’in-domain’ visual distribution (i. e. trained and tested on pose dataset 402

OMC), their final goal is to predict keypoints on images coming from a different 403

’out-of-domain’ dataset, the behavior dataset PanAf. A good ’within-domain’ model 404

does not necessarily guarantee robustness to visual domain shift. Therefore, to select 405

the best model, we decided to pre-select four of the nine models as potential candidates 406

for pose estimation in the context of domain adaptation. The set includes two ResNet 407

models (ResNet-152, which performed best in the ’within-domain’, and ResNet-50, due 408
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to its wide use and popularity among researchers), and two EfficientNet models (B6 and 409

B3). The model EfficientNet-B6 has shown best generalizing performance on 410

’out-of-domain’ data in other experiments (see [36]), whereas EfficientNet-B3, although 411

having a ’within-domain’ accuracy lower than all three others, has a Top-1 accuracy on 412

ImageNet [55] and the capacity to generalize on ’out-of-domain’ data [36] higher than 413

those of ResNet-152 and ResNet-50. Moreover, this model has a much lower 414

computational cost (1.8G FLOPs compared to 4.1G FLOPs for ResNet-50 and 11G 415

FLOPs for ResNet-152), which makes it much more portable for ethology in the field. 416

All four pre-selected models were trained on all 89,223 images from OMC for which 417

annotations were made public (so no image from the OMC dataset is left out for testing 418

purpose). During this second training phase, all models are retrained from scratch 419

during 100,000 iterations with initial weights pre-trained on ImageNet. An increased 420

number of training iterations reflects the larger number of images in the training dataset, 421

while preventing underfitting. The batch size is set to 16 and learning rate schedule left 422

again as default. During training, a model weight snapshot is saved at every 5,000 423

iterations for later evaluation, resulting in 20 snapshots for each of the four models. 424

Fig 8. ’Out-of-domain’ performance on PanAf-Pose. Models are compared with
two metrics accounting for the animal’s relative size and/or distance. PCK nasal
dorsum (left, higher is better) and normalized error rate (right, lower is better) showcase
the superiority of RN-152 to predict great ape poses in their natural habitat.
Vertical/horizontal dashed lines represent max/min values and corresponding number of
iterations. We select RN-152 at 60,000 iteration for pose extraction.

Out-of-domain evaluation: Each saved snapshot is evaluated using as a test set the 425

PanAf-Pose dataset, a selection of 320 images from the behavior dataset PanAf, for 426

which we separately labeled the ground-truth keypoint coordinates (see section 427

PanAf-Pose). To filter out noisy model predictions, we maintained the minimum 428

confidence threshold for pose prediction at the default value of 0.1. 429

To evaluate the performance, we computed two metrics, namely the normalized error 430

rate (NMER) and PCK-nasal dorsum (see equation 3). Both metrics account for the 431

ape’s relative distance and/or size, which is particularly relevant in the case of images 432

captured through fixed forest camera traps. The normalized error is computed as the 433

mean raw pixel distance between the best prediction (with confidence threshold set to 434

0.1) and its corresponding ground truth, divided by the square root of the bounding box 435

area [36]. 436

NMER =
1

J

1

K

K∑
k=1

J∑
j=1

||x̂jk − xjk||√
wjhj

(5)

where w and h represent the width and height of the bounding box. 437

Our results suggest that ResNet-152 best generalized on ’out-of-domain’ data 438
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(Fig 8), evidenced by its highest overall PCK nasal dorsum of 54.17% across all 439

keypoints (n=5,440) and the lowest normalized error rate standing at 10.19%. 440

Pose extraction: Given ResNet-152 high accuracy observed at 60,000 iterations — 441

marked by a detection rate of 53.9% (very close to highest observed value) and the 442

minimal normalized error (10.19%) — we decided to use this snapshot of ResNet-152 as 443

the final keypoint detector with domain adaptation. This optimal pose estimation 444

model is applied to predict the pose information on all 180,000 frames of PanAf. Due to 445

the visual domain shift between OMC and PanAf, we drastically reduced the model’s 446

minimum confidence threshold for predictions from 10−1 to 10−6 in order to generate a 447

sufficient number of keypoints candidates and avoid ”no prediction” case. 448

Alternative performance evaluation 449

To reach a deeper understanding of the performance of the final pose estimation model 450

related to the keypoint type and the primate species, we evaluated the model, using a 451

5-fold cross-validation, on all 89,223 images from the OMC dataset (’within-domain’) 452

and all 320 images from PanAf-Pose dataset (’out-of-domain’). The minimum 453

confidence threshold was set to its default value. 454

Fig 9. Keypoint detection rate on ’within-domain’ vs. ’out-of-domain’ test
data. The keypoint detection rate at a pixel distance, i. e. the percentage of keypoints
detected within a distance, is visualized for OMC (left) and PanAf-Pose (right). For
instance, within a distance of 10 pixels or less, the nose is detected in around 95% of the
89, 223 images of OMC. In comparison, within the same distance, the tail is only
detected in around 38% of the cases.

Keypoint detection rate 455

Our experiments showed that, for non-human primates, not all keypoints are equal, i.e., 456

some are easier to predict than others. For each keypoint, the detection rate at a given 457

distance is computed, i.e., the cumulative distribution of the predicted distance in pixels 458

(Fig 9). On the left chart from Fig 9, the test predictions of ResNet-152 during 459

cross-validation on OMC are gathered (n = 89, 223 ∗ 17 = 1, 516, 791). From this, we 460

may conclude that: (1) keypoints of facial features (nose, left eyes, right eyes) are more 461

easily detectable than others; (2) the head’s position can be predicted more accurately 462

than any other keypoints below the neck; (3) generally upper body limbs (wrists, 463

elbows, shoulders) are recognized more effectively than lower body limbs (ankles and 464

knees); (4) the location of keypoints from limb extremities is predicted more accurately 465
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than those closer to the body (wrists vs. elbows/shoulder and ankles vs. knees); (5) the 466

position of tail and hip are the hardest to predict accurately. 467

These observations could partially be explained by the fact that (a) facial features 468

can more easily be distinguished visually, that (b) the individual’s head and limb 469

extremities tend to stick out from the rest of the body, and that (c) lower limbs, hips, 470

and tail can often be partially occluded and therefore more ambiguous to locate. 471

Compared to the detection rate on PanAf-Pose (right chart from Fig 9), we observe 472

a similar s-shape distribution, demonstrating the model’s robustness to domain shift. 473

Note here that all ground truth annotations were precisely labeled by a great ape 474

behavior and signaling expert (EG), which may result in a lower detection rate for 475

specific keypoints as ground-truth annotations in OMC may be less accurate (e. g., in 476

OMC, fingers are sometimes labeled instead of wrists and toes instead of ankles). Also, 477

consider that the dataset is much smaller (320 images, i. e. 5, 440 keypoints), includes 478

only two species (gorillas and chimpanzees), and that the x-axis is the absolute distance 479

in pixels for both charts (i. e. the image size was not taken into account). 480

Per species accuracy 481

To evaluate the performance of the model related to both dimensions, keypoints, and 482

species, we restricted the analysis to the OMC dataset. In Fig 10, the normalized error 483

rate (NMER, see equation 5) and 95% confidence interval are visualized for Chimpanzee 484

(n=6,190) and Gorilla (n=1,777). We can conclude that the model’s performance is 485

statistically dependent on the species, as the error rate confidence intervals for all 486

Gorilla keypoints are disjoint from the ones of Chimpanzees. The fact that the ranges of 487

the confidence interval are always lower for Gorillas indicates that the model can detect 488

the keypoint location more accurately for this species. See Fig S4 in Annex ”Supporting 489

Information” for other species grouped by family. 490

Fig 10. Normalized error rate for Chimpanzee and Gorilla The mean and 95%
confidence interval for NMER. Disjoint confidence intervals suggest statistical
significance. Here the model’s error rate is lower for all Gorilla keypoints, i. e. those
keypoints can be predicted more accurately by the model.
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Behavior Recognition 491

Data preprocessing: For the data sampling step, we adopted the methodology 492

proposed by [48], which involves setting a minimum threshold of 72 consecutive frames 493

(corresponding time: 3 seconds) that exhibit the same behavior. This approach ensures 494

that only prolonged and significant behavioral patterns are considered. The chosen 495

video clips are then divided into samples, each one comprising 20 consecutive frames, 496

with no gaps or overlaps between them. However, since the validation set suggested in 497

[48] included only four out of the nine classes of behavior, we reshuffled the dataset split 498

using a random 70-15-15 distribution of the 500 video clips. Given the low minimum 499

confidence threshold for pose prediction (10−6) used during the pose extraction step, 500

data filtering ensures that at most 17 keypoint predictions per frame are selected, i.e. 501

those with the highest confidence and within the given bounding box. The resulting 502

data were formatted and stored as triplets of (x, y, confidence). The model was 503

configured to use only joints (not limbs) with a sigma value of 0.6 (see examples in Fig 504

4). We did not account for the probabilistic score of the predictions (the parameter ck 505

in equation 1) as our minimum confidence threshold was extremely low, and detection 506

probabilities often close to 0. 507

Model training: A PoseConv3D with a ResNet3dSlowOnly backbone and an I3D 508

classification head on top was trained and tested. We selected this architecture due to 509

its high performance on NTU60-XSub [32], a benchmark dataset for human action 510

recognition, as reported by [11]. The search for optimal hyperparameters on the 511

validation set was conducted on the HPC cluster of the University of Neuchâtel, on 4x 512

NVIDIA RTX 2080 Ti (4x 11GB). Specifically, we used random search and grid search 513

to define the following training parameters: number of videos per GPU (32), number of 514

epochs (100), initial learning rate (0.512), momentum (0.858), weight decay (0.0005). 515

Other parameters remained similar to [11]. To best demonstrate an unadulterated 516

skeleton-based approach, the model was trained on pose estimated data only and did 517

not make use of RGB+Pose multimodal capability (i. e., no additional data stream 518

was fed with RGB information). 519

Model evaluation: We defined our key metrics as Top1 accuracy, Top3 accuracy, 520

and mean class accuracy similar to [48] for comparison. After 80 epochs, we reached our 521

highest Top1 accuracy score on the validation set at 62.95%, which was used for our 522

final test results described below. 523

Final results on PanAf 524

Our results (Table 1) demonstrate the successful application of our skeleton-based 525

action recognition for animals. In particular, in the context of the highly relevant yet 526

challenging task of automating the recognition of great ape behaviors in the wild, its 527

accuracy is comparable to other video-based techniques (as in [48]). On the PanAf 528

dataset, we achieved 74.98% Top1 accuracy in classifying nine different classes of 529

behaviors. To the best of our knowledge, this also represents the first use of a 530

skeleton-based approach to classify great ape behavior. Note here that the full size of 531

the PanAf dataset after pose extraction, i. e. the input features of the behavior 532

classifier, can be stored in text format on less than 60 MB of memory, around 20 times 533

less than the storage space needed for the same dataset following a video-based 534

approach. For ethologists working in the field, with scarce and often unreliable 535

computational, storage, and transfer resources, this can represent a significant 536

improvement without any performance loss in behavior recognition. 537

A limitation of our methodology can, however, be observed as the mean class 538

accuracy, an important metric when dealing with unbalanced datasets, is lower than in 539
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Table 1. Performance comparison with previous studies. Comparison of Top1
accuracy, Top3 accuracy, and mean class accuracy with previous video-based methods.
Our framework improves both TopK accuracies while shrinking by a factor of around 20
times the volume of the behavior recognition model.

Approach Top1 acc Top3 acc Mean class acc

Two-Stream CNNs [48] video-based 73.52% 94.07% 42.33%
ASBAR skeleton-based 74.98% 98.58% 33.58%

previous video-based experiments (Table 1). The final model’s confusion matrix is 540

depicted in Fig 11, where one can observe that the model predominantly predicts 541

behavior classes for which a larger number of samples are available in the dataset. 542

Moreover, we note that three classes of behaviors, namely climbing down, running and 543

camera interaction, have none of their samples correctly classified. This indicates the 544

need for future work in animal pose estimation with domain adaptation and 545

skeleton-based approaches for behavior classification. 546

Fig 11. Final confusion matrix on PanAf For each true behavior label (vertically),
the percentage of prediction is reported across all predicted behaviors (horizontally).
The cells on the diagonal represent the percentage of correct predictions per class. For
example, 61% of all the samples labeled ’standing’ were correctly classified, while the
remaining ones were wrongly predicted as ’sitting’ (28%) and ’walking’ (11%).
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Discussion 547

Despite a rapid increase in open-source resources, such as large-scale animal pose 548

datasets and machine learning toolboxes for animal pose estimation and human 549

skeleton-based action recognition, their integration has mostly remained unexplored in 550

the context of animal behavior recognition, especially outside of captive settings. By 551

introducing ASBAR, a framework that combines both machine learning tasks of animal 552

pose estimation and skeleton-based action recognition, we offer a new data/model 553

pipeline, methodology, and GUI to help researchers automatically classify animal 554

behaviors via pose estimation. In our experiments, we demonstrate the use and 555

successful implementation of the framework by applying it to a complex and challenging 556

task for machine learning models: the classification of great ape behaviors in their 557

natural habitat. Compared to previous video-based approaches, we achieve comparable 558

classification performance results, while reducing the action recognition model input size 559

by a factor of around 20, leading to less required computational power, storage space, 560

and data transfer necessity. Additionally, our skeleton-based method is known to be less 561

sensitive to changes in visual settings and therefore less context-dependent. The pose 562

estimator used in our experiments can extract poses from many other primate species 563

without any further training (as it was trained with 26 species) and is robust to visual 564

domain shift, which can speed up the pose estimation process for primatologists in 565

diverse fields. 566

Regarding our experiment’s results, we denote the need for future work, as our 567

method achieves lower mean class accuracy than previous video-based methods. On one 568

hand, this can potentially be explained by the noisy nature of the pose extracted data 569

due to domain adaptation and, on the other hand, the action recognition model’s failure 570

to correctly classify behaviors for which only a small number of samples are available, 571

due to the unbalanced nature of the behavior dataset. 572

We believe that our final model’s performance can be increased either algorithmically 573

and/or by enhancing data quality. In terms of algorithms, [11] reports higher accuracies 574

when the data pipeline uses the keypoint detection as pose scoremaps rather than 575

compressing them as (x, y, c) triplets, particularly in the context of lower-quality pose 576

predictions, which may be relevant with domain adaptation. Additionally, making use 577

of the RGB-Pose dual-modality may reflect positively on the model’s performance as it 578

fuses the predictions of both RGB and pose information for final behavior classification. 579

Finally, we note that the performance assessment of ’within-domain’ and ’out-of-domain’ 580

pose estimation models relying on EfficientNet’s architectures did not achieve higher 581

results than the ResNet one, as others have suggested [36]. This might have been 582

caused by the initial learning rate being similar for all models for comparison, whereas 583

EfficientNet models may have required hyperparameter tuning. 584

In terms of data quality, techniques to reduce the domain adaptation gap between 585

pose and behavior datasets may result in more accurate pose extraction [58]. Similarly, 586

the use of the extracted pose as pseudo-labels for semi-supervised learning could lead to 587

significant performance gains for ’out-of-domain’ pose estimation [5, 28, 39]. More 588

specifically for pose prediction on PanAf, training a pose estimator on OpenApePose 589

[10] may improve the final behavior classification. 590

In the future, our framework can also be extended to other animal pose datasets 591

such as Animal Kingdom [41], MammalNet [9], or Animal Pose [5]. Beyond action 592

recognition, the task of spatio-temporal action detection, a task highly relevant for 593

ethologists, could be straightforwardly integrated into the framework, as it is accessible 594

on MMaction2’s platform already. 595

In conclusion, we demonstrated the practical use and relevance of skeleton-based 596

action recognition approaches in computational ethology as well as future research 597

directions for further improvement. Our framework and provided GUI offer other 598
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researchers the tools and methodology to apply ASBAR in their own research to study 599

other behaviors and/or animal species. 600
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ANNEX Supporting information 601

Fig S1. 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.
Researchers may thus train and evaluate remotely the different models of DeepLabCut
and MMaction2 without the need to write any programming code or terminal
commands. See more details at https://github.com/MitchFuchs/asbar
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Fig S2. Prediction comparison of the nine models at test time. After 40,000
training iterations, the models’ test predictions are visually compared on 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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Fig S3. 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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Fig S4. 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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