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Motivation
Animals are widely used for experiments

Why Monkeys ?
Nonhuman primates more closely mirror human physiological and behavioral features.

Manual Annotation vs Computer Based Analysis

Manual : Computer Based :
A Subjective A Quantitative

A Changes by person A Unbiased

A Takes a lot of time A Replicable

A Automated
A Sophisticated data analysis

: ; : A Less intrusive
Ethical considerations (Three Rs):

A Replacement: Replace the use of animals
A Reduction: Obtain more information from animals.
A Refinement: Alleviate or minimize potential pain, suffering or distress.



Related Work

Transferring Dense Pose to
Proximal Animal Classes

SanakoyelArtsiom, Khalidov Vasil, McCarthy Maureen SVedaldi Andrea,NeverovaNatalia

dense parsing

source domain = target domain

(a) original DensePose-RCNN, human class (single domain)

dense mask 1

target domain

supporting domain

(b) domain adaptation through self-training for the new category

https://arxiv.org/abs/2003.00080

DeepLabCut

Alexander Mathis, PranaMamidanna Taiga Abe, Kevin MCury, Venkatesh N. Murthy,
Mackenzie W. Mathis, MatthiaBethge(Submitted on 9 Apr 2018)
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Related Work
OpenPose

(b) Part Confidence Maps

(a) Input Image (c) Part Affinity Fields (d) Bipartite Matching (e) Parsing Results
Figure 2. Overall pipeline. Our method takes the entire image as the input for a two-branch CNN to jointly predict confidence maps for
body part detection, shown in (b), and part affinity fields for parts association, shown in (c). The parsing step performs a set of bipartite
matchings to associate body parts candidates (d). We finally assemble them into full body poses for all people in the image (e).
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Purpose

Multiple Monkey Pose Estimation

A Model capable of detecting monkey body featams posture
A No restrictionson the number of monkey subjects in ifmage

A It should work with different monkelgehaviors
A Sniffing, grooming, eating, crawling, etc.

A Robustagainst colussion and sociateractiors

ANo environment restrictions,
A Not limited to laboratory environments
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Method
Original OpenPose

applied to monkey images

A In a few case®penPosés able to detect
monkey features.

0.15
A The confidence maps show that the

network is able to detect some body

features, but with low confidence. e




Convs Conv4 Conv3 Conv2 Convl

64 7x7 filters
3x3 max pool

64 3x3 filters
64 3x3 filters

128 3x3 filters
128 3x3 filters

256 3x3 filters
256 3x3 filters

512 3x3 filters
512 3x3 filters

Lightweight OpenPose

Network Architecture

— ResNetl8

Scoremaps

To T To o I
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Images resized 640 pixels,on height or width.
ResNet18 allows the network to be lightweight
Lightweight implementation dDpenPose
TensorFlow Framework

Hyperposean opersource implementation @penPose
from Tensorlayer

The network was exported to tINNX for reattime run

Hyperpose https://github.com/tensorlayer/hyperpose



Method

Training

Train Val Total
Images 12265 818 13083

Images%  93.75% 6.25% A The model is trained for 100,000 iterations
Monkeys 15373 1020 16393

Monkeys% 93.77% 6.22% A The required time to train the network is approximately 24
hours

A The model is trained on a Nvidia GeForce GTX TITAN X

A Loss significantly decreased during the first 10,000
Human IteratIOHS

A Afterward, the Loss keeps dropping at a slower but steady
rate

A The graph also shows a comparison against the same
network trained with the human MSCOCO 2017 dataset

20000 40000 60000 80000 100000
Iteration




Results

Results
Ground Truth

Input
Image
| A Predictedscore mapand PAF reassemble tgeoundtruth
f}ﬁ A AP was used asraetric
— A Monkey model evaluated on 757magesfrom the
evaluationset
|

Prediction
Network Dataset  Ap%0 Ap™ ApM Apl A Human model evaluated on 1831magesfrom the

Lightweight |Monkey |80.8 |37.3 |37.3 |42.8 S Qe

Openpose + | Dataset

ResNetl18 A Original OpenPoseesults included in table
Lightweight [ MSCOC 380 12.8 | 157

Openpose + | O 2017

ResNetl8

Original MSCOC 83.4 [66.4 [55.1 [68.1
OpenPose | 0O 2016
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Results
Visual Inspection

Success cases

A Unseen images from the dev set
A The sampled images display various
activities that include
A Eating
A Playing
A Jumping
A Crawling
A Standing

A The backgrounds are rich and varied
A Natural sceneries
A Plants and trees
A City with a sea view
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Visual Inspection
Failure cases

A b) A monkey is not detected

A Body partsdetected in the background
A ¢) Independent
A d) Attached to a monkey

A e)Mixed body features
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Results

Sniffing

Unsen videos
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Summary

Conclusion

A TrainedOpenPos@eural network using theacaquePosmonkey dataset.

A The trained model is capable of detecting monkey body features and generating PAF on
unseen images.

A The final output is the monkey's posture; there are no restrictions on the number of monkey
subjects in the image.
A It is robust against colussion and social interaction
A It works on challening backgrounds.

A The model was exported to the ONNX format allowing the model to run ktineel
A Better results could be achieved

A Using information from contiguous frameson videos ortracking the subjects.
A Using a deeper network and transfer learning.

Thank you 14
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