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Abstract

Pose estimation is an important and rapidly growing
field in computer vision. The applications of pose esti-
mation range from detecting figures in security cameras
to studying the behavior of animals. Over the past few
years, many accurate methods and benchmarks for human
pose estimation have been introduced. But these techniques
were specific to humans and couldn’t be generalized to
other species. Human pose estimation benefits from the fact
that humans have limited pose configurations and similar
anatomy to one another. Non-human primate pose estima-
tion is a step towards generalizing pose estimation to be
more robust to non-standard situations. We propose to im-
prove the accuracy of the Convolutional Pose Machine by
training separate pose machines for three classes of mon-
keys apes, old world, and new world. We propose that When
Pose Machine is specialized for a subset of monkeys, they
will have increased efficacy over more generalized models.

1. Introduction
Over recent years, there have been significant advance-

ments in systems that can estimate the pose of animals.
With the support of deep learning and sophisticated pose
estimation tools, research has further been promoted. How-
ever, animal pose estimation is still in the preliminary stage
compared to the ever long human pose estimation, which
has high accuracy and applicability [7]. In particular, the
ability to track non-human primates has greatly lagged due
to their homogeneous body texture and potentially large
pose configurations [13].

The OpenMonkeyChallnege [13] presents a challenge to
design an algorithm to estimate the pose and detect the pose
key points of various species of primates. These pose key
points correspond to a physical feature of the primates (like
eye, shoulder, tail, etc.).

This work presents a non-human primate pose estimation
technique based on Convolutional Pose Machine (CPM)
[12], originally developed for human pose estimation.

Figure 1. Monkey Landmark Annotations. [13]

1.1. Motivation

The motivation behind this project is that the OpenMon-
keyChallenge is both challenging and requires skills appli-
cable to other computer vision projects. This challenge is
also relevant to many modern computer vision problems. If
a pose estimator can be created to allow for the variance
between different species of primates, then a more general
pose estimator that allows for greater variance in human
subjects can be made. Solving this problem will provide
insight into the problems and solutions involved in general-
izable pose estimation.

2. Related Work
2.1. OpenMonkeyChallenge

The OpenMonkeyChallenge [13] (http :
/ / openmonkeychallenge . com/) is a bench-
mark challenge for non-human primate pose estimation
and tracking. It is an open and ongoing challenge that en-
courages the community to build generalizable on-human
primate pose, estimation models. The performance of each
submitted model is evaluated using standard evaluation

http://openmonkeychallenge.com/
http://openmonkeychallenge.com/


metrics: Mean Per Joint Position Error (MPJPE) [6], Prob-
ability of Correct Keypoint (PCK) [3], Average Precision
(AP) [13], and Object Keypoint Similarity (OKS) [9].

2.1.1 Dataset

The OpenMonkeyChallenge provides a diverse dataset of
111,529 annotated images of 26 species (6 New World mon-
keys, 14 Old World monkeys, and 6 apes as shown in Fig.
2) of non-human primates in natural contexts with 17 land-
mark annotations. This dataset is made up of cropped im-
ages containing at least one primate extracted from

1. different images and videos from the internet

2. photographs from National Primate Research Centers

3. videos of 27 Japanese macaques in the Minnesota Zoo

There are 17 landmarks int total which comprise a pose -
Nose, Left eye, Right eye, Head, Neck, Left shoulder, Left
elbow, Left wrist, Right shoulder, Right elbow, Right wrist,
Hip, Left knee, Left ankle, Right knee, Right ankle, and Tail
(as shown in Fig. 1).

This dataset is split into training, validation and test
datasets (60%, 20%, and 20% respectively) [13] and are
made publicly available for use. This dataset has been
demonstrated as qualitatively effective by comparing the
dataset with existing datasets based on seven state-of-the-
art pose estimation models.

Figure 2. Composition of OpenMonkeyChallenge Dataset. [13]

2.2. Metrics

In accordance with the OpenMonkeyChallenge, we eval-
uate both methods using Mean Per Joint Position Error
(MPJPE) [6]. It measures the normalized error between the
ground truth and estimated landmark locations. That is,

MPJPEi =
1
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for the ith landmark, J number of images, and W width
bounding box. The ground truth and estimated landmark
locations are x̂ij and xij respectively. Smaller MPJPE val-
ues indicate better performance.

We also use Probability of Correct Keypoint (PCK) [3].
It measures the probability that the normalized error be-
tween the ground truth and estimated landmark locations
is within a given error tolerance ϵ. That is,
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where δ(.) returns 1 when the condition is true and 0 when
false.

2.3. Convolutional Pose Machine

Wei et al. [12] developed a method for human pose es-
timation that involves the use of a Convolutional Pose Ma-
chine (CPM). In their paper, they describe a convolutional
architecture for Pose Machines that provides state-of-the-art
pose estimation. Over multiple stages, they create increas-
ingly refined landmark belief maps (shown in Fig. 3) using
image features and spatial context features of preceding be-
lief maps.

Figure 3. Human Pose Estimation with a CPM. [12]

As a result of this architecure, the CPM generates in-
creasingly refined estimates for the landmarks. The model
was evaluated on three human pose datasets: MPII Hu-
man Pose Dataset (more than 28000 training images), Leeds
Sports Pose Dataset (11000 training images and 1000 test-
ing images), and FLIC Dataset (3987 training images and
1016 testing images). The model demonstrated state of the
art performance using PCK for all landmarks.

2.4. Non-Human Primate Pose Estimation

In the context of pose estimation in non-human primates
(e.g. monkeys, macaques, baboons, etc.), several marker-
less approaches have been realized through the use of mul-
tiple deep sensing cameras, where a skeleton model is fitted
into the 3D reconstructed monkey. However, this approach
depends on several factors, such as the number of cameras,
their calibration, controlled laboratory setup and a limited
number of subjects [1, 5].



Figure 4. Overview of our method. We show the flow of our method through a R-CNN, one of three CPMs, and the softargmax function.
First, the R-CNN classifies the input image and estimates a bounding box. Second, a CPM creates belief images for its corresponding
species class. Third, the softargmax function extracts landmark locations.

Yao et al. [14] developed Multiview Optical Supervision
Network (MONET), an end-to-end semi-supervised learn-
ing framework to detect monkey pose using multi-view im-
age streams. This framework relies upon spatial and tem-
poral consistency across image streams and does not use
any deep learning models. Gaurav et al. [4] used deep con-
volutional neural networks (CNN) as means to locate key
feature points of monkey towards understanding its behav-
ior in its natural habitat. In the recent works, DeepLabCut
(DLC) [8, 10] and OpenPose [2, 11] were used for monkey
pose estimation.

3. Method
3.1. Baseline

Our method builds upon Wei et al. [12], who use a Con-
volutional Pose Machine to estimate landmark locations on
humans. The CPM is divided into three stages that gener-
ate 18 belief images, 17 for landmarks and 1 for the back-
ground. The belief images convey the confidence that a
landmark is at a location. So, bit(u) is the confidence that
the ith landmark in stage t is at location u. In the first stage,
image features x are extracted from the input image through
a sequence of convolution, ReLu, and pooling layers. The
classifier g1 then uses the image features to calculate land-
mark confidence values for each location:

g1(xu) → {bi1(u) | 1 ≤ i ≤ 18} (3)

In later stages, context features y are extracted from the be-
lief images of the previous stage through convolution. The
classifier gt uses both image features and context features
to calculate refined landmark confidence values for each lo-

cation:
gt(xu, yu) → {bit(u) | 1 ≤ i ≤ 18} (4)

The use of context features allows the model to learn spatial
context between landmarks.

3.2. Proposed

The diverse anatomy and behaviour of non-human pri-
mate species make generalizing the relationships between
image and context features for pose estimation difficult.
To handle the differences between species, a CPM will be
trained on each class of species (Old World, New World,
and Ape). Non-human primates will be classified into one
of the classes, and the corresponding CPM will estimate its
landmark locations. An overview of the method is illus-
trated in Figure 4.

3.2.1 Primate Classification

To classify each image as Old World, New World, or Ape,
we used a faster-r-CNN object detector. This object de-
tector will calculate bounding boxes and classify each im-
age to sort them into their appropriate model. To train the
faster-r-CNN model, we will use transfer learning. We will
start with pre-trained weights and fine-tune the model to
detect and classify monkeys into their species. There are
26 species classes that the classifier will consider, each of
which belongs to one of the three monkey groups. Faster-r-
CNN will detect multiple monkeys in some validation im-
ages. To account for this during evaluation, we will store
the images by the detected monkey with the highest confi-
dence. Sometimes, the detector will not detect monkeys in
images with them. In these cases, we will assign images



(a) Right Eye (b) Left Eye (c) Nose (d) Head (e) Neck (f) Right Shoulder

(g) Right Elbow (h) Right Wrist (i) Left Shoulder (j) Left Elbow (k) Left Wrist (l) Hip

(m) Right Knee (n) Right Ankle (o) Left Knee (p) Left Ankle (q) Tail

Figure 5. Belief Images. Our method can confidently estimate the location of prominent landmarks (eyes, nose, head, etc.) but struggles
wth others (wrists, ankles, tail, etc.).

to a random species. This overall is an effective method of
sorting images as they are received.
The open monkey challenge training set does not contain a
balanced distribution of the species classes; there is a dis-
proportionately large amount of Japanese Macaques. Of
the 60,917 training images, 29,424 of them are of Japanese
Macaques. Almost half of the images are of a single of
the 26 species. Such a disparity in training classes may
cause issues with classification accuracy as the detector will
mostly train a single class. We will trim 20k images from
the Japanese Macaque group to rectify this. The hope is
that the other groups will get proportionally more training
time, but just in case this lowers the overall accuracy, we
will train two detectors, one based on the reduced training
set and one on the full, and use the higher accuracy model
in the final version.

3.3. Training

Each input image is cropped to the bounding box of the
non-human primate, resized to 368 x 368 pixels, and nor-
malized. The CPM estimates belief images from the nor-
malized image. The ground truth belief image for each
landmark is created by placing a Gaussian peak at the
ground truth landmark location. Then, the ground truth be-
lief image for the background is created by inverting the
sum of all landmark belief images. At the end of each stage,
the intermediate L2 norm squared loss between estimated
and ground truth belief images is calculated. Thus, the over-

all loss is the sum of intermediate losses. All stages of the
CPM are trained jointly using stochastic gradient descent to
minimize the overall loss.

3.4. Landmark Location Extraction

A belief image provides confidence values to indicate the
locations where landmarks are likely to appear. To choose
the most likely location z, we use the softargmax function
on the third stage belief images bi3. So,

z =
∑
u

exp(αbi3(u))∑
v exp(αb

i
3(v))

u (5)

where u and v are locations and α is a constant determining
how heavily confidence should be weighted.

4. Results

We evaluated our proposed and baseline methods on
their efficacy in detecting the poses of the images in the val-
idation set. We measured each model based on its MPJPE
and PCK.

4.1. Classification

The classification was tested on two faster-r-CNN mod-
els, one trained on a reduced dataset and the other on the
full. Both models had difficulty detecting monkeys on some
of the more difficult validation images. Some images were



Figure 6. Landmark Location Estimations. The blue X’s are the ground truth locations and the red circles are our estimated locations.
Our method can reasonably estimate the landmark locations for a variety of non-human primate species and poses.

occluded or zoomed out, so the model had difficulty detect-
ing these cases. The two models did miss images at differ-
ent rates, the model trained on the reduced data set missed
3.4% of validation images, and the full data set missed 4%.
The reduced model had an overall classification accuracy of
77.5%. And the full had an accuracy of 72.2%. The reduced
dataset model missed fewer images and classified more im-
ages correctly, so we used the reduced trainset model in the
final proposed pose detector. Figure 7 shows a confusion
matrix of the reduced trainset model.

Figure 7. Confusion Matrix of Faster-R-CNN object detector.
Classification accuracy for species is 0.775 and 0.973 for species
class.

4.2. Pose Estimation

Table 1. Overall Metrics

Method MPJPE PCK@0.2 PCK@0.5

Baseline 0.2121 0.6527 0.8967
Ours 0.2178 0.6363 0.8984

Table 2. MPJPE by Landmark

Method Baseline Ours

Right Eye 0.1275 0.1371
Left Eye 0.1267 0.1349
Nose 0.1345 0.1446
Head 0.1362 0.1425
Neck 0.1471 0.1548
Right Shoulder 0.1737 0.1816
Right Elbow 0.2183 0.2187
Right Wrist 0.2955 0.2925
Left Shoulder 0.1727 0.1808
Left Elbow 0.2100 0.2200
Left Wrist 0.2953 0.2903
Hip 0.2938 0.3039
Right Knee 0.2349 0.2349
Right Ankle 0.2366 0.2370
Left Knee 0.2323 0.2403
Left Ankle 0.2368 0.2336
Tail 0.3335 0.3553

Table 3. MPJPE by Species Class

Method Ape Old World New World

Baseline 0.2316 0.2101 0.1880
Ours 0.2266 0.2188 0.1818

According to Overall Metrics 1, our method achieves
comparable overall performance to the baseline. Accord-
ing to MPJPE by Landmark 2, our method tends to perform
slightly better on harder landmarks and slightly worse on
easier ones.The proposed model has a better MPJPE for the
right wrist, left wrist, right knee and left elbow. According
to MPJPE by Species Class 3, our method performs slightly
better on underrepresented species classes, Apes and New
World Monkeys, and slightly worse on Old World Monkeys.
Figure 6 illustrates these results. The red predicted locations
are generally near the blue ground truth locations, but some
ground truth locations are missed. Overall, our method is



effective at estimating landmark locations across landmarks
and species classes.

5. Conclusion

Summarizing our work, we trained three separate CPM
models, each trained to learn the landmarks for each species
class. To classify each monkey image into its respective
species category, we trained an R-CNN object detector us-
ing transfer learning. Overall, we achieved comparable
results as compared to the baseline method. Our model
performed better in identifying crucial landmarks like the
wrists and knees. Additionally, our model gave better re-
sults for Apes and New World monkeys but could not out-
perform the baseline for Old World monkeys. We could
observe closer landmark detection using our approach, as
shown in Figure 6.

Overall, our method is largely comparable to the baseline
method. Our method does achieve better performance on
the underrepresented species classes, Apes and New World
Monkeys. However, the dataset is dominated by Old World
Monkeys, so the increase in overall performance is likely
negligible. The performance of our method could be fur-
ther improved by performing additional data augmentation
to limit the number of poor training samples (multiple or
occluded non-human primates). Additionally, the number
of stages in each CPM could be raised to increase the range
of learned context features. Finally, more samples of New
World Monkeys and Apes could be added so that Old World
Monkeys do not dominate the dataset.
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