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ABSTRACT

Accurate 3D tracking of animals from video recordings is critical for many behav-
ioral studies. However, other than for humans, there is a lack of publicly available
datasets of videos of animals that the computer vision community could use for model
development. Furthermore, due to occlusion and the uncontrollable nature of the an-
imals, existing pose estimation models suffer from inadequate precision. People rely
on biomechanical expertise to design mathematical models to optimize poses to mit-
igate this issue at the cost of generalization. We propose OptiPose, a generalizable
attention-based deep learning pose optimization model, as a part of a post-processing
pipeline for refining 3D poses estimated by pre-existing systems. Our experiments
show how OptiPose is highly robust to noise and occlusion and can be used to opti-
mize pose sequences provided by state-of-the-art models for animal pose estimation.
Furthermore, we will make Rodent3D, a multimodal (RGB, Thermal, and Depth)

dataset for rats, publicly available.
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Chapter 1

Introduction

The precise quantification of animal behaviors, based on their position, orientation,
and movement of their head, body, or limbs, is critical for neuroscience, ecology,
and psychology studies. Computer vision has long been a facilitator of such stud-
ies, initially limited to two-dimensional analysis of single videos of rodents and flies
in laboratory settings |2, [27, |20, [L1], then providing three-dimensional (3D) behavior
analysis of wild animals in the field, for example, 3D flight paths of bats and birds |31,
33, 34], and eventually using deep learning models to estimate the 3D pose of ani-
mals, small and large, caged and wild [10, |15 [23]. While DeepLabCut [23] is likely
the most widely used state-of-the-art software for estimating and tracking 3D key-
points on animals in laboratory settings, other approaches are emerging to improve
the performance and the accuracy of keypoint detection and tracking [10, (18| 28].
Recently people began to include the postural dynamics of the animal either through
manual constraints from biomechanical experts [15], |35] or through deep learned ge-
ometric reasoning [8]. Using postural dynamics for pose estimation outperforms the
2D markerless systems like DeepLabCut, especially in unfavorable conditions. Fur-
thermore, deep-learned structural reasoning has a clear advantage of generalizability
over hand-crafted constraint-based methods. One could argue that these approaches
lack an understanding of the posture at a temporal scale. Our work aims to address
this issue.

Since the emergence of Transformer models in the field of Natural Language Pro-



Figure 1-1: OptiPose Task: Improving the tracks of 3D keypoint
estimates. Red arrows indicate inaccurate keypoint estimates due to
occlusion, inaccurate detection by the 2D keypoint extractor, or errors
introduced in the 3D reconstruction.

cessing, it is the consensus that attention-based architectures rapidly became state-
of-the-art for learning the relations among the words and, in turn, acquiring a crude
understanding of the underlying grammar. Therefore, we reframed the pose opti-
zation problem as an NLP Task. Our model treats each pose as a token, and the
keypoints collectively form its embedding in a high-dimensional space. Specifically,
given T' consecutive sets of N keypoints on an animal of interest, its poses over a

RT>*3N space. Thus,

period of time, P; 7, can be defined by an embedding vector in
an activity, defined as a sequence P; 1 of poses, can be considered on par with a
sentence in a natural language. Different permutations of pose tokens form different
activities. These permutations are defined by the movement pattern of the animal,

which could be interpreted as the grammar of the language. We designed OptiPose

as a spatio-temporal self-attention model that outputs a sequence of 3D animal pose



Figure 1-2: The proposed publicly available Rodent3D dataset con-
tains annotated multimodal videos, including thermal infrared (top
left), regular and low-light RGB (top right), and depth (bottom).

estimates defined by 3D keypoints located on the surface of the animal (see Fig. .
Its input is a potentially highly noisy version of a 3D keypoint sequence. OptiPose can
handle significant occlusion of keypoints (Fig. left), label inaccuracies (Fig. [1-1}
middle), and 3D reconstruction inaccuracies (Fig. right). It can be employed in
combination with any keypoint tracker, e.g., DeepLabCut , as a second stage in
a two-stage 3D pose tracking system.

In our work, we developed a high refresh-rate multi-camera system to record ro-
dents in a laboratory setting, using three modalities — RGB, depth, and thermal
infrared (see Fig. [1-2)) — to produce ground truth labels of the 3D pose. Thermal in-
frared cameras or color cameras at low light are preferred over color cameras in bright
light for recording rodent behavior in neuroscience laboratories to avoid unnatural be-
havior due to light distraction by these nocturnal creatures. We have collected and
curated an animal pose estimation dataset, called Rodent3D, that we made publicly
available so that others can conduct that benchmark experiments with single or multi-

ple modalities. Finally, we will release our highly configurable software that executes



our pipeline and performs behavioral analysis.



Chapter 2

Literature Review

This chapter reviews the previous work on 3D pose estimation and attention-based
sequence-to-sequence models. For 3D pose estimation, we will focus on the approaches
that exploit kinematics or postural information to optimize the initial coarse predic-
tions. Finally, we will also discuss the pose estimation datasets available for the

animals.

2.1 3D Animal Pose Estimation

General approaches for 3D pose estimation can be categorized into two broad tech-
niques: One set of approaches use classical photogrammetric methods on intermediate
2D markers obtained through deep convolutional neural networks 23| |11}, 27, 28, |15,
16}, [12]. The other set of approaches uses a volumetric convolutional network to pre-
dict 3D poses directly [8, 24, 14, |26]. Developing robust volumetric networks requires
accurate 3D annotations, which are difficult to obtain without expensive recording
hardware like motion capture systems. On the other hand, using classic multi-view
reconstruction of keypoints is prone to noise due to its multi-stage reconstruction
pipeline. In that, both the keypoint detection and reconstruction could add unnec-
essary noise. Furthermore, both techniques are inclined to have incorrect predictions
due to occlusion or lighting conditions. To reduce noise in keypoint detection, Deep-
Fly3D [12] uses pictorial patterns [9] to divide the 2D skeleton into different parts

and minimize the region of predictions. Tools like Anipose [16] apply spatio-temporal



filtering to alleviate marker noise and perform robust triangulation. However, such
filtering cannot handle long-term occlusions. Researchers have addressed this issue
by incorporating postural information in the model or as a post-processing function.
Approaches such as GIMBAL [35], FTE [15] that incorporate the biomechanics of the
subject can be used for improving 3D estimates of poses reconstructed with geometric
triangulation while handling long term occlusions. However, these methods require
biomechanical expertise and manual feature definitions. Consequently, they are not
cross-species. On the other hand, a deep-learned volumetric network is bound to learn
the spatial postural patterns but collecting accurate 3D ground truth is very expen-
sive. Furthermore, learning spatial biomechanical patterns is not enough; leveraging

temporal understanding is equally important.

2.2 Attention-based Sequence-To-Sequence Models

Recent advancements in Natural Language Processing are primarily attributed to
the type of attention mechanism used in the Transformer model family (32} |7, 4, 3
29]. These models are better than the previous recurrent neural networks as they
are non-sequential and instead use clever positional embedding to encode sequential
relations. Recent large-scale models [3] 29] utilizing these methods have exhibited a
realistic understanding of the language. Therefore, by looking at the poses as words
and the performed activities as sentences, we can use these methods to understand
the underlying ”grammar” of the subject’s behavior. Recent work [36] proposes a
transformer-based model that inputs raw images and generates a 3D pose that suc-
cessfully outperforms state-of-the-art pose-estimation models. However, it is not a
sequence-to-sequence model and generates a single 3D pose from a sequence of inputs.
Furthermore, since it operates directly on images, it can not easily take advantage of

the augmentation methods described in Sec[4.4]



2.3 Datasets

The pose estimation datasets for the animals are not as mature as the human datasets.
Researchers have recently begun to release large-scale video datasets for various an-
imals [8, 15, 22]. The AcinoSet (Cheetah) dataset includes sequences of a running
cheetah from six views recorded with high-speed cameras. It provides approximately
7,500 hand-annotated frames with 20 keypoints. It also includes 3D reconstructed
poses for 119,490 frames, computed by Full Trajectory Estimation (FTE), which can
be used as ground truths [15]. The Rat7M [8] dataset includes 10.8 hours of motion
capture and color video data, almost 7 million frames total. The motion capture
data was obtained by attaching markers to 20 sites on a rat’s head, trunk, and limbs
using body piercings. The RGB videos involve up to 6 synchronized camera views,
operating at 30 Hz under day-time light conditions. The PAIR-R24M [22]| provides
24 million frames of multi-animal RGB videos and motion-captured 3D pose annota-
tions. These existing datasets have a large number of frames, but in contrast to our

proposed dataset Rodent3D, they do not offer multiple imaging modalities.



Chapter 3

Rodent3D: Data Acquisition

3.1 Configuration and Synchronization

/_Tc-p View \/ Side View ' Red \

Orange,Green

o) Arena Yellow “% .. AN ﬁ

\ _________________________________________________________________ — /\ — 1m —] /

Figure 3-1: Setup of video cameras for Rodent3D dataset collection,
including thermal cameras (Red, Orange, and Green) and RGB-D cam-
eras (Blue, Yellow, and Pink). The animal arena, 1 m x 1 m, has either
drop-off edges or walls on its sides.

@

Our recording system consists of 3 FLIR SC8000 cameras and 3 Intel Realsense
D435 cameras Tab. B.Il The SC8000 cameras can record thermal infrared videos of
1024x1024 pixel frames at 130 Hz. To ensure seamless recordings without frame drops,
we used FLIR’s High-Speed Data Recorders (HSDRs). Each HSDR connects to one
thermal camera to act as a buffer for the recording computer. The recording capability
of the Realsense D435 camera is dependent on the number of recorded streams and

the resolution; therefore, the D435 cameras acted as the rate-limiting factor in our



Table 3.1: Hardware information of the recording cameras.

Model | Resolution (px) Focal length Pitch ~ Modality
SC8000[1024x1024@130Hz 25 mm 18 wm  Thermal
D435 848x480@60Hz 1.8 mm 3.3 um RGB, depth

configuration. Consequently, we configured the D435 cameras at 848x480 spatial
resolution, 16 bits depth stream, and 24 bits RGB stream to ensure high-resolution
data and selected a 60 Hz constant framerate for all cameras. Since the depth cameras
do not support HSDR hardware, we used timestamps to detect frame drops. We used
this information during reconstruction to filter out invalid views. In addition to the
calibration accuracy, the orientation of the cameras towards the arena also affects the
quality of the reconstruction. To minimize the reconstruction uncertainty, we used
the EasyCamera method [31] to optimize the design of our camera configuration. The

resulting overlapping views of the cameras are defined in Fig. |3-1

Yellow Pink \

Figure 3-2: Frame synchronization event from the 6 camera views
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One of the most critical steps of any multi-view computer vision task is camera syn-
chronization. Our cameras are hardware synchronized to an external 60 Hz, 1.8 Volts,
TTL (Transistor-Transistor Logic) signal generated by a fourth non-recording Re-
alSense camera. Using such a hardware synchronization ensures that all cameras
acquire frames simultaneously. Although they support a synchronization signal from
specialized hardware such as a function generator through an additional circuit, us-
ing an extra camera in a master-slave configuration was simpler. However, manual
video alignment is still required to overcome camera initialization delays. Therefore,
we started our recording sessions with a lighter flame event, visible in all modalities,
see Fig. [3-2. We used FFMPEG to align these videos based on the corresponding

timestamps of such events.

3.2 Camera Calibration

Yellow Pink \

|

amera 0
I\W _S'//'? ’—CameraB
= 5]
;;-;" > Fo0.5
S
=
= =
-1 g
>
Z(m) / rs
Camera 2
1.5
1 Camera 5 _alQeraé
0.5 Orange
0 T T T
1 0.5 0
X (m)

(a) (b)

Figure 3-3: Camera calibration annotation: (a) Reconstructed wand
points through EasyWand [31]; and (b) Visualization of synchronized
wand annotation corresponding to the red wand in (a)

Although we used standard techniques to calibrate the RGB-D cameras, the tra-

ditional computer-vision calibration method for visible-light cameras that involves a
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flat checkerboard is not suitable in the setting of thermal cameras. We, therefore,
designed a calibration cube with thermoelectric devices that uses the Peltier effect to
generate hot and cold surfaces. The cube can thus be imaged by our thermal cameras,
as shown in Fig[3-3}lb. We annotated 45 synchronized frames.

We used the EasyWand method [31] to process the annotated calibration data with
bundle adjustment and generated the direct linear transformation (DLT) coefficients.
We annotated 45 synchronized frames, each containing one wand and four static

corners of the arena.
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Chapter 4

OptiPose: A Self-Attention Based Pose

Optimizer

OptiPose is a supervised model that refines the raw 3D keypoints reconstructed from
any state-of-the-art 3D pose estimation method, yielding refined pose estimates.
Fig. defines the pipeline. The coarse 3D keypoints were obtained by perform-
ing multi-view reconstruction using the DLT coefficients, obtained through the pro-
cess described in the previous chapter, with the markerless 2D tracking provided by
DeepLabCut [23]. We cleaned the reconstruction errors through the pre-processing
techniques described in Sec. After parsing the reconstruction data and collecting
clusters of continuous data points without missing keypoints, we used our training
data augmentation algorithms defined in Sec. to generate the dataset. The train-
ing and testing of OptiPose is done in a sliding window manner, meaning that a
sequence Py r of T' 3D poses, i.e., sets of 3D keypoints {z1, za, ..., Ty }1=1_ 7, depict-
ing a certain motion, are processed by OptiPose one at a time. The central component
of OptiPose is the "context models” (CM) that build on the idea of Self Attention
encoders [32]. Furthermore, we used temporal [6] and structural [25| 5] loss functions
to promote learning the inherent geometrical patterns. The architecture is discussed

further in the next section.
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Figure 4-1: A general pipeline for training the OptiPose model.
4.1 Architecture

The core of OptiPose is a set of parallel context models (CMs), shown in Fig. .
Each CM receives a sequence of 3D poses, i.e., tokens, and computes an embedding
vector. We denote the token as P and a sequence of tokens as P, € R3Y, where the
length of the sequence is denoted by 7" and N is the number of keypoints per pose
token. The output of each CM is in the dimension of 7' x E (e.g., we set £ = 64 in
our experiments).

These outputs are concatenated and fed into a fully connected dense linear layer

(dark green box at the bottom of each CM block in Fig. and that reduces the
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Figure 4-2: Architecture of OptiPose. It consists of parallel context
models CMs (grey boxes) that share the same input P;_ 7 but whose
weights are initialized differently during training. Each CM contains
K submodels. A submodel contains an attention block and a fully
connected layer.

dimensionality back to a Tx 3 N-dimensional output, generating the offsets required for
refining the poses. Finally, these offsets are added to the masked input to obtain the
optimized 3D poses. Every CM consists of a sequence of sub-CMs that take T'x 3N
input and generates the same dimension output. Each sub-CM has an attention
block (blue) and a fully connected layer (green). The output of the attention block is
concatenated with its input and fed forward to a fully connected layer (dark green), as

in a standard encoder block . Keeping a sub-CM’s input and output dimensions
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the same allows us to vary the number K of sub-CMs.

The attention blocks in OptiPose is implemented as a single-headed self-attention
model [32]. Tt provides a unique Spatio-temporal mechanism of attention. The self-
attention mechanism in natural language processing is multi-headed, with each head
focusing on a subset of embeddings in parallel. However, in the case of pose op-
timization, where the input embeddings are the pose themselves, multi-headed at-
tention would fail to recognize patterns among the keypoints from the other heads.
Therefore, to enable OptiPose to learn to pay attention to different Spatio-temporal
patterns, we employ multiple CMs in parallel. We chose a single-headed attention
mechanism since the keypoints all have distinct relationships.

OptiPose learns to pay attention to the spatial relationships between keypoints in
a pose and temporal relationships among poses. It weighs keypoint information dif-
ferently in case of occlusion. The temporal attention mechanism is essential when sets
of keypoints are missing in consecutive frames, and the locations of these keypoints
need to be estimated.

All fully connected layers in the CMs have a Parametric ReLU (PReLU [13]) as
the nonlinear activation function. Using PReLU ensures that our model does not
have an upper limit on the range of keypoint locations, making the prediction-range
task-adaptive (i.e., laboratory scale for the rodent and wildlife-enclosure scale for
the cheetah). The number of parallel CMs (n.,) and sub-CMs (K), as well as the
parameters (d(64) and F(30)) that determine the length of attention and embedding
encodings, are hyperparameters that can be adjusted according to the number of
keypoints in different animal species. For our experiments, the maximum length of

attention was 30 and the size of embedding encodings was 64.
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4.2 Spatio-Temporal Loss Functions

Keypoints of interest in many animal pose estimation tasks are connected to one
another and the distances between some keypoints are constrained by rigid bones.
We capture such constraints using an undirected graph G = (V, E) where the graph
nodes set V represents a set of keypoints, and the edge set F represents the distance
between keypoints. We incorporate this geometric constraint and define the structural

loss [25, 5] as

1 e L
La=55 D> (i = lly = Il = 2511,)° (4.1)

=1 j=1
where N is the number of keypoints, and z;,Z; € R? are the predicted and the
groundtruth coordinates of the i-th keypoint, respectively. We also introduce a tem-
poral constraint over T' consecutive poses that is designed to capture the movement

pattern of the animal, called temporal loss [6],

, (4.2)

(®)

where N is the number of keypoints, x;” is the predicted position and @Et) the

groundtruth at time ¢. We define our combined loss function £ as a weighted sum of

structural and temporal losses [36]:

N

T
1 1 .
L=%D (N;Hxi—m!ﬁaﬁst) + 8 Lip, (4.3)

t=1

where o and (8 are hyperparameters weighing the structural loss £, and the temporal

loss L.
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4.3 Pre-processing and Cleaning Poses

We perform pre-processing of the poses in stages. We used DeepLabCut [23] to per-
form 2D keypoint detection. It provides a likelihood value € [0, 1] for each keypoint
which can be thresholded to filter out noisy predictions. We used the frame drop infor-
mation collected during data acquisition to set the likelihood values in corresponding
frames to 0, ensuring that they will not be used in our reconstruction pipeline. We
then used a likelihood threshold of 0.95 for filtering views during the reconstruction.
This step is essential since we padded the dropped frames with the last recorded
frame to maintain the alignment of subsequent frames with other views. However, if
we record the videos at a very high frame rate, the noise added by padded duplicate
frames in reconstruction would be minimum for a short period.

The outlier detection algorithm defined in Algorithm [I]takes advantage of the fact
that the keypoints are grouped together in most animals. The algorithm computes
distances for each keypoint to all other available keypoints. If the median of those
distances is larger than the threshold, we can assume that the keypoint in question
is noisy. A simple threshold value could be the average maximum distance among
the keypoints. For our experiments, we used 350 mm as the threshold. The primary
application of this method is to remove outliers located far away from the accurate
keypoints. In such cases, the median distance for the outliers would likely be higher
than the threshold, whereas the median distance for the clustered valid keypoints will
be lesser. However, the downside of this method is that it assumes there always will

be at least a subset of valid keypoints per pose.

4.4 Data Augmentation

For OptiPose, we cannot use the standard data augmentation techniques used in

computer vision [30], given that OptiPose manipulates 3D keypoints and not images.
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Algorithm 1 Outlier Detection Algorithm
Input P, threshold Output P
1: for keypoint € P do
distances + ||
for ref € P do
add(distances, distance(keypoint,ref))

if Median(distances) > threshold then
remove (P, keypoint)

Algorithm 2 Masked Keypoint Data Augmentation
Input T, N, datasets Output datasetsAug

1: Initialization: datasetsAug < ||

2: for iteration =1,2,... do

3: rotations < uniformly sample from {0, ...,360}
4: for r € rotations do

5: for d € datasets do

6: P < sample T consecutive poses € d

7: f < select augmentation function with p
8: P+ f(P)

9: s < random scaling factor € [0.5,1.5]

10 scale(P'; s)

11: rotate(P’, Z-axis, r)

12: v < random translation vector

13: translate(P’,v)

14: insert(datasetsAug, P")

Nonetheless, we can employ standard geometric transformations such as rotation and
translation, and noise addition for augmentation. In addition, we mask a subset of
poses (Algorithm to promote learning of geometric patterns, similar to masked
language modelling for natural language processing [7]. One key difference is that we
mask the embeddings partially in addition to the complete poses.

This enables us to train OptiPose to handle the occlusion of keypoints on the
animal, e.g., an occluded ear or foot, as we will show in the ablation study below.
Such occlusions may not appear in the training set otherwise, and so the purpose of

the augmentation algorithm is to maximize the variety of pose sequences in the total
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training set to encourage the model to learn the structure of the animal. Relying on
random decisions at every step ensures that the augmented data, while still physically
valid, is substantially different from the original data, and thus enables OptiPose to
generalize and correctly interpret unseen data.

We designed three augmentation functions (f) to mimic real world scenarios or to
enforce the learning of specific spatio-temporal features. They are selected at random
in the main algorithm for P’ <— f(P). The probability assigned to each function is

also a hyper-parameter and can be tuned to specific real world recording conditions.

e Function 1: RandomNoise. This function does not mask any pose or key-
points, however, random noise is added to a uniformly selected subset of poses.
The motivation behind this augmentation was to encourage the model to correct

errors in visible keypoints. The probability p for this function is 0.01.

e Function 2: Masked Pose. This function has three variants. The first
variant uniformly masks either odd indexed poses or even indexed poses. The
second variant masks a cluster of randomly selected consecutive poses. Whereas
the third variant uniformly selects and masks non-consecutive poses. These
functions encourage the model to understand the activity defined by P poses

at temporal scale. The total probability for all three variants is 0.38.

e Function 3: Masked Keypoints. This function has two variants. The first
variant uniformly masks at most % keypoints in every pose in P. The second
variant masks the keypoints selected at random for each pose. The first variant
promotes spatial reasoning whereas the second variant promotes both spatial

and temporal reasoning. The total probability for this function is 0.61.

For the dataset of at most T consecutive poses with N keypoints, we uniformly

sample a set Rotations such that Rotations C {0,...,360}. For each r € Rotations, we
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Figure 4-3: Left: Plot of the activity defined by the ground-truth.
Right: Plot of first pose of the original data (red) and the augmented
data(blue)

sample P consecutive poses such that |P| < T. We apply one of three augmentation
functions, chosen randomly. The resulting partial poses P’ are then scaled, rotated
in the XY (horizontal) plane by r degrees followed by a 3D translation. Fig. |4-3(left)
shows a sequence of unmasked poses that defines “sweeping head” activity. The
Fig. 4-3(right) shows the plot of the first pose of the sequence after applying the
rotation and translation. Due to random masking, these sets of partial poses will

each act as an independent input to the model.
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Chapter 5

Experiments and Results

Table 5.1: Configuration of OptiPose used for experiments (Fig.
PCM and Sub-CM will vary for ablation study.

Parameters Values
PCM (nem) 10
Sub-CM (K) 3

Embedding Dimension (E£) 30
Attention Dimension (d) 64

We performed our experiments using three datasets - Rodent3D, AcinoSet, and
Rat7M. The architecture parameters (Sec for all experiments except the ablation
studies are as defined in Tab. [5.1] For the Rodent3D dataset, we evaluated our model
on data from videos with different modalities and refresh rates. We also compared
our model with a publicly available tool called Anipose [16], which shares a similar
pipeline as ours. Finally, we performed ablation studies to evaluate the impact of

different architecture variations and the loss functions.

5.1 Evaluation Metric and Baseline Identity Model

We used the Probability of Correct Keypoint (PCK) metric at 5% and 10% thresholds.

It is defined as follows:

1 |1, if d; < thresh x max (d)

0, otherwise
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Table 5.2: Average PCK accuracy of OptiPose per keypoint over 6,500
sets of T' < F' consecutive poses on the Rodent3D dataset (Top: color
input, F' = 30 . Bottom: thermal input F' = 60). Baseline model as
described in Sec.

Rodent3D: Snout RightEar LeftEar HeadBase Mid TailBase TailMid TailTip| Avg

Baseline H(P) 64.50 64.52  64.73 64.86 65.00 65.68 64.97 64.90 64.90
PCK@Q0.05 74.08 83.61 85.04 85.82 78.51 80.59 84.16 80.66 81.56
PCK@0.10 85.37 92.54 92,90 93.38 90.25 90.62 91.41 87.34 90.48

Rodent3D: Snout RightEar LeftEar HeadBase Mid TailBase TailMid TailTip| Avg

Baseline H(P) 65.32 65.77  65.21 65.76  66.14 65.24  65.85 65.37 65.56
PCK@Q0.05 78.66 82.11 82.19 78.11 83.76 82.24 80.33 74.34 80.91
PCK@O0.10 89.42 92.69 92.95 94.22 93.14 92.05 90.4 86.35 91.89

where d; is the distance between prediction and output, max(d) is the maximum
distance among any two points in the ground truth, and n is the number of keypoints.

For quantitative comparison of how much OptiPose improves the noisy data, we
assume a hypothetical identity model H as our baseline such that for a sequence of
noisy poses P, H(P) = P. Using the above evaluation metric on baseline output will
give us the percentage of input keypoints that match the test dataset’s ground truth.
Therefore, a higher evaluation score for the OptiPose model would indicate that it

successfully optimizes the poses by reducing noise and filling in the masked data.

5.2 OptiPose on Rodent3D

On average, OptiPose improves the noise-added inputs by 15 percentage points within
5% and 24 percentage points within 10% of their ground truth range. Estimates of
raw keypoint locations can be highly inaccurate due to occlusion, missed detection by
the 2D keypoint extractor, or errors introduced in the 3D reconstruction, as Fig.
illustrates. One may argue that such inaccuracies can be smoothed out or interpo-
lated by a temporal filter, thus making a keypoint refiner like OptiPose less relevant.

However, simple smoothing or interpolation will lead to information loss for keypoints
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that are missing for a lengthy period. Outlier coordinates of a keypoint cannot easily
be substituted.

As shown in Fig. 5-1] we plot the trajectory of the snout of a rodent in x, y, and z
as functions of time and highlight that OptiPose can estimate snout position during

long periods when the accuracy of raw keypoint locations is poor.

refined

OptiPose is able to catch

the subtle movement of the : A" 2 :
snout, which a simple P b
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Figure 5-1: OptiPose can catch the subtle movement, which a simple
interpolation is unable to. Top: The rodent’s 3D pose (red box) shown
in the infrared images is a refined version of the inaccurate raw 3D
pose shown. Bottom: The plots show raw (orange) and refined (blue, by
OptiPose) keypoint coordinates for a sequence of 12,000 frames (100 s).
Interpolation will not provide accurate snout positions, particularly
during challenging periods like the 360-frame long period marked 7.

We applied the OptiPose model trained on the color dataset on a thermal dataset
that was recorded in a different session (Tab. [5.3). This experiment shows that

OptiPose generalizes well on unseen data type and unseen animal behavior.
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Table 5.3: Average PCK accuracy of OptiPose, trained on 30 Hz RGB
data, over 6,000 sets of T < 30 consecutive poses, recorded at 120 Hz
from thermal cameras. Baseline model as described in Sec.

Rodent3D: Snout RightEar LeftEar HeadBase Mid TailBase TailMid TailT ipl Avg

Baseline H(P) 64.86 65.51 64.87 65.41 64.55 64.62 65.30 65.12 65.03
PCK@Q0.05 74.48 83.45  84.86 85.50 77.86 79.93 8480 80.44 81.41
PCK®@0.10 85.44 92,52 92,58 93.18 90.02 90.33 91.86 87.08 90.38

5.3 OptiPose on AcinoSet

We conducted experiments to compare the performance of our OptiPose model on
the AcinoSet dataset |[15] with the performance of the state-of-the-art Full Trajectory
Estimation (FTE) technique provided with the AcinoSet [15]. As recommended [15],
we treated the 3D cheetah poses reconstructed by FTE from six camera views (FTEG)
as the ground truth 3D poses.

We applied our data augmentation method to the published 6-camera FTE re-
constructed 3D poses to create a training dataset for OptiPose. For testing, we
compared our model performance with the FTE performance in settings where FTE
uses fewer than six cameras to provide 3D pose reconstructions (ground truth is still
obtained from all six views). We denote these baseline models as FTE2 and FTEA4,
corresponding to the settings with two or four cameras only. We treat the FTE2 and
FTEA4 outputs as raw 3D keypoints and aim to improve their accuracy with OptiPose.
We used 14 videos (2,204 frames) for training and two videos (331 frames) for testing.
The resulting augmented training dataset had 22,400 sequences of poses. The results
indicate that OptiPose outperforms FTE in both settings. It improves the FTE2 by
~2 percent points and FTE4 by ~3 percent points (Tab. . In addition, infer-
ence with OptiPose is faster than with iterative constraint optimization |15] (seconds

versus minutes).
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Table 5.4: PCK@O0.1 accuracy of baselines and OptiPose on the chee-
tah “run” data of the AcinoSet [15]. The ground truth is FTE with 6

cameras.

Method 2 cameras 4 cameras
FTE2 [15] 73.415 NA
FTE4 [15] NA 90.09
OptiPose  75.44 92.92

Table 5.5: Average PCK accuracy of OptiPose per keypoint over 2,909
sets of T < 30 consecutive poses on the Rat7M [21] motion capture

dataset.

Rat7M: HeadF HeadB HeadL SpineF  SpineM SpineL. Offsetl Offset2
Baseline H(P) 70.97 70.61 71.04 70.61 70.94 70.54 71.33 70.80
PCK@O0.05 75.75 75.51 75.66 71.30 75.66 79.16 82.76 61.07
PCK®@0.10 85.23 87.44  84.76 86.62 88.36 89.34 89.12 79.07

HipLL HipR ShoulderLL ShoulderR KneeR Kneel. Shinl. ShinR | Avg
Baseline H(P) 71.05 71.44 71.11 71.43 71.13 71.08 71.15 71.93 71.07
PCK®@O0.05 69.82 7859  65.94 72.32 67.25 71.80 75.90 84.47 73.94
PCK@0.10 82.19 88.80 76.11 86.00 81.72 87.48 87.29 89.44 85.56

5.4 OptiPose on Rat7M

We conducted experiments to evaluate OptiPose on the motion capture data provided

in the Rat7M dataset [21]. We trained OptiPose on the subject-1-day-1 and evaluated

the model performance on the subject-2-day-1 dataset. We generated our training

dataset by applying our data augmentation and masking method to the 3D poses of

subject-1-day-1, defined by 16 keypoints. The training set consists of 126K frames

and the test set of 184K frames. We report the PCK@Q5 and PCK@10 values of our

Rat 7M experiment in Tab. [5.5] OptiPose improves the noisy input by ~3 percent

points (PCK@5) and ~14 percent points (PCK@10).
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Table 5.6: Reprojection error in pixels onto the three RGB-D camera
views.

View Model |Sn0ut RightEar LeftEar HeadBase Mid TailBase TailMid TailTip
OptiPose 5.93 5.78 5.19 4.99 6.99 4.17 5.26 5.06

Blue .

Anipose |16] 9.26 9.89 9.21 8.63 776 7.52 7.62 7.98
Pink OptiPose 4.89 4.14 4.24 3.95 454  3.07 4.37 3.41
in

Anipose [16] 13.23  12.96 13.20 12.34 12.73 11.44 11.86 10.83

OptiPose 57.04 47.27 46.88 4553 33.49 28.01 28.44  27.41
Yellow

Anipose [16] 59.05 49.33  49.37 4797 3645 3243 3243 31.33

5.5 Comparision: OptiPose and Anipose

To compare the performance of Anipose versus OptiPose, we reprojected the 3D re-
constructed keypoints back to their original 2D planes and compared these reprojected
keypoints in 2D with the manually annotated ones. We report the 2D Euclidean dis-
tance in pixels in Tab.[5.6] OptiPose outperforms Anipose in all views in all keypoints.
It is noticeable that data from the front-view camera (Yellow), see Fig. , suffers
the most error in both OptiPose and Anipose. It is consistent with our observation

that the occasional frame drops happened mainly in the recordings from the Yellow

camera.

5.6 Ablation Study
5.6.1 Architecture Variants

To study the impact of the number of sub context models (sub-CM) and parallel
context models (PCM), we trained a variety of combinations of the architecture,
containing 1 and 3 sub-CMs and 4, 7 and 10 PCMs for both the Rodent3D (8 key-
points) dataset and the AcinoSet (20 keypoints) dataset respectively. It is evident
from Tab. (Left) that a higher number of parallel context models and sub-CMs,

here 10 and 3 respectively, is beneficial for increasing the overall accuracy of keypoint
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Table 5.7: Ablation study for OptiPose with maxium 30 pose input.
Left:PCK@OQ.1 averaged across all keypoints for different OptiPose vari-
ations. Right: Number of trainable parameters for different OptiPose
variants.

Model Datasets |1-sub—CM 3-sub-CM

Baseline Rodent3D  64.80 64.80 Model Datasets |1-sub—CM 3-sub-CM
AcinoSet 67.11 67.11 POM.4 Rodent3D 58,264 149,656
PCMA Rodent3D  77.49 88.54 AcinoSet 160,828 420,412
AcinoSet 69.83 74.24 POM.7 Rodent3D 92,440 233,368
PCM7 Rodent3D  83.88 88.59 AcinoSet 258,076 665,692
AcinoSet 74.06 81.52 POM.10 Rodent3D 126,616 317,080
POM.10 Rodent3D  80.26 90.46 AcinoSet 355,324 910,972

AcinoSet 77.40 84.26

Table 5.8: PCK@0.05 of OptiPose-10PCM-3SubCM, trained with dif-
ferent loss functions, on Rodent3D dataset. The baseline accuracy
(Sec. of the test dataset was 64.14

Loss Function PCK@0.05

MSE 79.32
Ly 87.39
Ly 86.16
Lo +Ly 86.21

estimation. The more keypoints that are used to model animal shape and motion,

the higher the number of parallel context models should be.

5.6.2 Loss Functions

In order to perform ablation study for the loss functions, we trained an OptiPose
model with 10 PCMs and 3 Sub-CMs on Rodent3D dataset. For each loss functions
variants, we trained our model for 1000 epochs with a and 3 set to 0.0001 and 0.00005
(see Sec. for details). We used the Adam Optimizer [17] with a learning rate
0.0005 and an exponential learning rate decay. Tab. provides accuracy on the test

dataset for different loss functions. The results show that the performance of proposed
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Figure 5-2: Left: Plot of PCK@Q.05 for different loss function against
training epoch. Right: Mean Absolute Error for different loss functions
against training epochs

cost function was actually slightly worse than the performance of the structural loss

function. However, the difference is not significant and could be attributed to the

complexity of the loss function.

coefficient to converge faster.

It might need more epochs or a different scalar
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Chapter 6

Discussion and Analysis

Accurate 3D poses allow us to perform complex analyses of animal behavior. Two
components of the pose, the head direction and the body direction, are widely used
for behavior analysis in rodents [1]. We defined the “head direction” as a vector from
HeadBase to Snout keypoints and the "body direction” as a vector from Midpoint to
HeadBase keypoints. The location of the rodent at any instance was computed by
averaging the positions of the keypoints-Snout, HeadBase, and Midpoint.

For our analysis, we used a session where the arena was surrounded by three walls
and a platform drop-off on the fourth side. Furthermore, this session was recorded
with only top view and the front view (see Fig. Two automatic food dispensers
were placed in the middle of on the left and right walls, respectively. The spatial
heatmaps shown in Fig. are examples of types of behavioral analysis that can be
performed with Rodent3D and OptiPose. The occupancy plot represents the locations
where rodent spent most of its time. The hot-spots near the Left and Right walls
are the rough positions of the automatic food dispensers. Consequently, they are the
most explored areas. The bottom plot indicates the locations and frequency of the
instances of rearing behavior which is one of the exploration indicators. High rearing
occupancy values were found near the region close to a food dispenser and the corners
of the walls. The Heading plot indicates all locations in which the head direction led
the body direction of the animal. The positions shown with higher values are near a

known reward location. It is evident that the animal likely turned its head to face a
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Figure 6-1: Behavioral analysis (a) Spatial heatmaps measuring oc-
currence of rodent behaviors across a 1 m by 1 m laboratory arena.
Top: Discrete locations of the rodent in bin units of 10 cm by 10 cm.
Middle: Locations of "heading events” where the body direction con-
sistently followed the head direction, notably between and at food dis-
pensers. Bottom: Locations where rodent performed a ’rearing’ action,
notably near the food dispensers and arena corners. (b) Heatmaps of
where the rodent is approximately looking per second. The five plots
show the five surfaces of the arena.

reward location, then moved in the corresponding direction to navigate to the reward.
Fig[6-1|(b) plots the frequency of how much time the rodent spent, looking at 5 cm x
5 cm blocks on one of the surfaces. We assumed that the viewing direction was the
same as the head direction. By simply tracing the head-direction vector to one of the
surfaces, we can estimate a general position of where the rat is looking.

For accurate analysis, it is essential that the tracking is robust. Our results show

120

-100
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that OptiPose performs and generalizes well on different input modalities. Notably,
the fact that the OptiPose model, trained on low-frequency data and a different
modality, can still predict 3D locations of keypoints in 120 Hz thermal recordings with
competing accuracy (Tab. compared to Tab. Bottom) suggests that OptiPose
is capable of understanding relation among keypoints at spatio-temporal scale. In
addition to the color dataset computer scientists use, the thermal recordings might
be preferable to neuroscientists studying the rodents for avoiding unnatural behavior
since light is often an aversive stimulus for these nocturnal creatures.

In our experiments we show a trade-off for having a different number of PCMs
and Sub-CMs in Tab. 5.7 It is evident from the experiment that a skeleton with a
higher number of joints demands more PCMs and Sub-CMs. As it is in the general
scenario, the accuracy seems directly proportional to the number of trainable param-
eters. However, tuning the architecture is essential for finding where the trade-off
plateaus. The impact of the spatio-temporal loss function is evident from our ab-
lation study. Fig. [5-2] shows the plot of two evaluation metrics during the training.
It is clear that even using one of the loss functions, helps model to converge faster.
It is also evident from Tab. that using the loss functions improves accuracy by
approximately 8 percentage points. Although the structural loss function outper-
forms temporal and the combined loss function, we believe that tuning a and 3 (see
Sec. would provide much better results.

Annotations on our dataset are limited to keypoints along the head, spine, and
tail of a rodent. These keypoints were chosen to address questions from experimental
neuroscience about the position, orientation, and velocity of the rodent’s head and
body. Furthermore, it could be viewed as a limitation of our approach that we did
not include CAD models in the training process, as proposed by recent work by

Chen Li et al. [19]. However, the design and verification of dynamic CAD models
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of animals require biomechanical expertise to ensure realistic modeling, particularly
of limb movements. However, our problem statement was to avoid such expertise.
Nonetheless, it should be noted that if an accurate dynamic CAD model of the animal
species of interest exists, it could be used for the training of OptiPose and would likely
make its results even more accurate.

OptiPose is not an end-to-end pose estimator. Therefore, the model’s performance
depends on the quality of the 3D raw keypoints. Future work may circumvent this
issue by integrating an existing pose estimation architecture with a pre-trained Opti-
Pose model. Such an end-to-end system may benefit from OptiPose’s insights on the

structure and movement patterns of the animal or human.
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Chapter 7

Future Work
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Figure 7-1: Future Work: Modification of Optipose to accept raw
images as inputs and generating voxelized 3D pose and activity classi-
fication label

A notable limitation of OptiPose is that it does not use raw 2D images as its input.
It relies upon the accuracy of the keypoint detection algorithm and the quality of pre-
processing defined in Sec. [£.3] In future work we can address this issue by using a
convolutional neural network to obtain feature vectors. However, instead of using
a pose regressor or the standard hour-glass structure that generates a probability
distribution over input pixels, we can pass them to the OptiPose model that outputs
n xnxn voxels Fig.[7-1 The model can also be trained to generate additional output

that predicts the activity based on the spatio-temporal context. However, to make
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our current data augmentation method work on an end-to-end system, we have to
use generative models to create synthetic views from augmented poses.

The OptiPose model does not utilize the depth information provided by the Ro-
dent3D dataset; in the future, we can use the multi-view aligned depth maps to
generate accurate point cloud reconstruction of the arena to aid the tracking and 3D
ground-truth acquisition. Furthermore, for behavior analysis, a feature vector can be
extracted from an earlier layer of a pre-trained OptiPose model and fed to a clustering

algorithm to perform unsupervised behavioral analysis on a sequence of frames.
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