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Abstract

Gait analysis plays a pivotal role in quantitatively defining equine biomechanical
parameters for lameness detection and performance evaluation. Currently, equine gait analysis
requires attaching markers or IMU sensors to a horse for motion capture, which is low-
throughput and may impact the quality of the horse’s movement. In this study, evaluation of the
feasibility and utility of deep learning-based video processing as a marker-less motion capture
method for equine gait analysis was performed. For that purpose, evaluation consisted of an
annotated video dataset of horses performing their natural locomotion patterns, accounting for
4075 images, each with 21 tagged landmarks on the body. Detection of landmarks utilized
DeepLabCut and Mask R-CNN models for each video. A performance comparison between both
methods evaluated which landmark detection paradigm achieved higher detection accuracy. A
fine-tuned Mask R-CNN model had a lower overall RMSE = 30.6 compared to DeepLabCut =
128.4, whereas DeepLabCut had a lower RMSE = 20.6 for the x coordinates of kepoints of each
landmark compared to Mask R-CNN (RMSE = 26.1). Based on the x-axis body landmark
tracking results of DeepLabCut, algorithms were developed to extract the two biomechanical
parameters of stride length and stance time. The proposed post-processing pipeline correctly
detected 92% of the strides and 95% of the stances. Subsequently, interpretive accuracies were
found for the automatically extracted stride length (R? = 0.80, RMSE = 0.31) and stance time (R?
=0.81, RMSE = 0.03). The developed video processing pipeline has promising potential to
become a convenient and efficient analytics tool for animal scientists and veterinarians to study

the genetic control of equine locomotion and diagnose musculoskeletal problems, respectively.
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Chapter 1
Introduction

Horses possess wide variation in the pattern and timing of locomotion which is utilized in
transportation, military, and sports activities. The performance of horses in sport, pleasure or
race activities is determined by the quality of horse’s locomotion (Serra Braganca et al., 2018)
and thus, is of immense concern for the owners. Horse owners are interested to evaluate the
soundness in locomotion through a lameness examination; lameness can lead to a loss of equine
training or competition days causing financial losses for these owners and a possibility of an end
to the horse’s athletic career (Jeffcott et al., 1982; Murray et al., 2006; Dyson et al., 2008;
Agneta Egenvall et al., 2008; A. Egenvall et al., 2013). Lameness is not a disease in itself but is a
symptom of existing disturbance in locomotion. The goal of the lameness examination is to
localize its root cause for possible veterinary therapy.

Locomotion in the horse can be defined into four major gait classifications based upon
the speed and footfall pattern. The walk is a four-beat gait where two or three feet are in contact
with ground at any instance and is the slowest gait. The trot is faster than the walk and is a two-
beat diagonal gait with two moments of suspension (all four feet are off the ground
simultaneously). In the trot, the opposite hind and fore limb travel and touch the ground
simultaneously together (the left forelimb with the right hindlimb, and the right forelimb with the
left hindlimb). The canter is a three-beat gait with a moment of suspension followed by one
forelimb touching the ground, then the other forelimb and opposite hindlimb touching
simultaneously, and the sequence ends with the remaining hindlimb touching the ground. The
gallop is a four-beat gait with a moment of suspension where all four limbs are not in contact

with the ground and is the fastest gait.



Analysis of equine gait patterns plays a pivotal role in the improvement of horse
breeding, helps predict the performance potential of young horses, and reduces costs associated
with training (Barrey, 1999). The horse gait patterns may be monitored regularly to assist in the
early detection of an injury or lameness. Gait analysis is also used to assess the effectiveness of
training or increase in fitness of the horse (Barrey et al., 1995; Rose et al., 2009). If the gait
patterns are abnormal or drastically different from the baseline, it could be an indication that the
horse requires physiotherapy or another treatment. In four year old or less Thoroughbred
racehorses 53-68% horses could not race due to lameness in 1980 (Jeffcott et al., 1982). Even in
2016 in UK, 33% of the horses suffered due to lameness according to the National Equine Health
Survey (Shrestha et al., 2017). Gait analysis is also used to identify the biomechanical
parameters that are consistent among top performing sport and race horses (Echterhoff,
Haladjian, & Bruigge, 2018). Thus, equine gait analysis and its detection technique is of

paramount importance.

1.1 Related Work

Current equine gait analysis techniques combine video recordings with commercial
software, optoelectronic systems, as well as a variety of sensors such as electro-goniometers,
force plates or shoes, strain gauges, and accelerometers (Shrestha et al., 2017). Stationary force-
plate analysis techniques are repeatable as well as highly sensitive (Aviad, 1988; Merkens &
Schamhardt, 1988). They are considered the “gold-standard” to date for kinetic gait analysis and
lameness detection as they are precise and accurate instruments, but the trade-off is the laborious
and time-consuming data collection process (Serra Braganca et al., 2018). Force-measuring

shoes and treadmills have also been used in an attempt to refine the data collection process and
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measure contiguous strides (Weishaupt et al., 2002), but these require training the horse to
become accustomed to the treadmill (Béchi et al., 2018).

Wireless sensor-based systems are extensively used for clinical lameness investigations
because they were claimed to be noninvasive, to not affect the horse's natural movement, and are
easily attachable to the body (Marshall et al., 2012). These systems have advantages in terms of
data collection as they measure lameness in real-time on a continuous scale (Marshall et al.,
2012). However, recent studies have shown that the position of the sensor on the horse affects
the kinematic data obtained by using inertial sensor-based gait analysis systems (Moorman et al.,
2017).

Radar sensors can provide significant contributions in detecting and assessing lameness
of horses by extending the already established techniques to distinguish between radar signatures
of healthy horses to those exhibiting fore or hind limb lameness (Shrestha et al., 2017). With
regards to equine lameness assessment, radar sensors may be interesting for their contactless and
non-invasive detecting abilities, with no device required to be attached to the horse's body
(Shrestha et al., 2017). However, there is not much exploration on the sustainability of this

technique (Shrestha et al., 2017).

Motion analysis has advanced considerably. Biomechanical devices have grown significantly
from manual explanation of images to marker-based optical trackers, inertial sensor-based
frameworks and markerless frameworks utilizing refined human body models, computer vision
and Al algorithms (Colyer et al., 2018). Applying computer vision and artificial intelligence for

assessing horse locomotion has however not been significantly explored. This markerless
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technology could be leveraged to assess horse locomotion and lameness detection (Wang et al.,

2021).

1.2 Deep Learning

Over the last few years, the popularity of innovative techniques based on Deep Learning
has engendered many research groups to apply ROI techniques for object segmentation in
images and in videos, tracking for different purposes. The approach of this form appears to be
very interesting and powerful as the steps required for the features extraction from the segmented
ROIs are achieved, owing to DL architectures that use deep classifiers, i.e., Convolutional Neural
Networks (CNNs) (Chua & Roska, 1993).

In recent years, with the animal pose estimation tools like DeepLabCut (Nath et al.,
2019), DeepPoseKit (Graving et al., 2019), and OpenPose (Yunus et al., 2020), it is easy to track
the motion of an animal without the use of markers or IMU sensors. Most of these tools are
open-source and therefore, inexpensive.

Biomechanical analysis using computer vision and deep learning has been widely used to
evaluate and optimize performance of human athletes as mentioned above (Fang et al., 2018;
Toshev & Szegedy, 2014). Now this innovative technology is also applied to measuring equine
movement and performance (Kil et al., 2020). This technology allows objectively measuring of
the horse's gaits patterns, providing an analysis of how the horse is moving. It also highlights any
potential issues that might be adding to injury, behavioral concerns or restricting performance of
horses in the pleasure, races or other sports. Little research has been done to measure the

accuracy of these machine learning based methods.
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Machine learning when integrated with biomechanics can provide a distinct advantage
over current methods in animal research. A deep learning approach based on raw IMU sensor
data that used a long-short term memory (LSTM) network were able to achieve high accuracy in
gait classification (Serra Braganca et al., 2020). Deep learning has been utilized to classify
animals through pictures with >93% accuracy (Norouzzadeh et al., 2018). Deep convolutional
neural networks were explored to track horses (Kil et al., 2020). Around 34 horses kept in their
stalls were followed by automated prediction of three horse body parts — nose, wither and tail. It
was guaranteed that horse tracking was attained with a sensitivity of around 80% (Kil et al.,
2020). This automated video tracking process was first of its kind for stabled horses. The
limitation of this horse tracking automation is that it only considers the horses in stables, which
means small area with restricted and slow movement (Kil et al., 2020). The proposed method in
this thesis overcame that limitation by tracking horses moving outdoors, giving room for more

space.

1.3 Research Objective

In this thesis, a video-based markerless motion capture, deep learning-based body part
tracking and computer vision-based biomechanical parameter information extraction for equine
gait analysis are proposed. The system developed consists of DeepLabCut based tracking of
equine body parts and a fully automated pipeline that calculates the equine biomechanical
parameters. The specific objectives of this research were to 1) Compare equine body part
tracking of Mask R-CNN and DeepLabCut, and 2) Develop and evaluate a robust pipeline to
process body part tracking data using computer vision to extract the trajectory of various equine

body parts to compute biomechanical parameters, primarily stride length and stance time.
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The dataset consists of tracking 21 different equine body parts while the horses are in
motion from 12 videos and over 300 frames extracted from each video. This study aims to
expand the horizon in the field of equine body parts tracking by processing and analyzing the
videos with deep convolution neural networks. This could be used for multiple purposes — for
example, to measure the horse’s stride length, stance time, duty factor, and average forward limb
extension for the detection of lameness or other pain related behaviors and quantitatively score

athletic performance.
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Chapter 2
Equine Body Part Tracking, Mask R-CNN vs DeepLabCut

Convolutional Neural Networks (CNN) have advanced significantly over the past years
and been considered a practical detection technique for image recognition. Over the last decade,
different deep convolutional neural networks like R-CNN (Girshick et al., 2016), Fast R-CNN
(Girshick, 2015), Faster R-CNN (Ren et al., 2015) and Mask R-CNN (He et al., 2017) have
shown great potential in object detection and classification of millions of worldwide pictures
because of their ability to provide higher precision, accuracy and speed over the basic computer
vision techniques.

Deep learning has also been evolving in the field of animal pose estimation. Animal pose
estimation is based on tracking animal body parts. DeepLabCut (Mathis et al., 2018) is one of the
technologies used in various animal pose estimation (Labuguen et al., 2019) projects owing to its
qualities of being markerless, robust, open source and fast. DeepLabCut has already been used to
estimate animal poses providing satisfactory results (Nath et al., 2019). Mask R-CNN is another
technology that is used to track humans, could be extended for equine body part tracking. Both
Mask R-CNN and DeepLabCut are based on CNN but they are two different paradigms within
the CNN umbrella. The objective in this chapter was to compare the performance of equine
body part (keypoint) detection using two CNN-based paradigms Mask R-CNN and DeepLabCut

and assess their utility.

2.1 Mask R-CNN

Mask R-CNN is an improved version of Faster R-CNN (Ren et al., 2015) wherein an

additional branch for segmentation mask prediction on each Region of Interest (ROI) is added
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along with the classification and bounding box branches in parallel. It uses a two-stage
technique, with RPN first stage. In the subsequent stage, besides predicting the class and box
offset, Mask R-CNN additionally returns a binary mask for each ROI. Mask R-CNN follows the
structure of Fast R-CNN that applies classification of bounding box and mask in parallel (He et
al., 2017). It also uses an ROI alignment layer that increases the accuracy of the mask. For pose
estimation or keypoint detection, a keypoint’s location is modelled as one-hot mask, and Mask
R-CNN is used to predict K masks (He et al., 2017), one for each of K keypoint types like

shoulder, elbow, etc.

2.1.1 Detectron2

Facebook Al Research (FAIR) created Detectron2 to speed up the execution and
assessment of novel computer vision research. Detectron2 is a ground-up modification of the
already accessible Detectron form and is acquired from the Mask R-CNN benchmark (Wen et
al., 2021). Detectron2 immerses top notch executions of cutting-edge object detection algorithms

like DensePose (Wu et al., 2019).

2.2 DeepLabCut

DeepLabCut (Nath et al., 2019) is a deep convolution network formed by the
combination of a pre-trained ResNet layer and a deconvolutional layer (Insafutdinov et al.,
2016). The ResNet backbone was pre-trained on ImageNet dataset (He et al., 2016). The output
of this layer is fed into a deconvolutional layer which is used to upsample the visual features and
produce spatial probability densities of each pixel. When the model is trained with custom data,

it learns from the labeled training images.
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2.3 Materials and Methods
2.3.1 Data Collection

From a consumer quality high resolution camera, Sony Alpha a3600, videos of
locomotion of different horse breeds were recorded. The camera was set up on the image plane
parallel to the track where the horse was moving, with the right side of the horse facing the
camera. The various horse breeds involved in the experiment included Quarter horses,
Warmbloods, Thoroughbreds, a Percheron cross, Tennessee Walking horse, Kentucky Mountain
Saddle horses, and a Haflinger. A total of 12 videos were collected by the University of Florida
Equine Genetics lab in 2016. Each video records a horse moving from the left to right of the
camera frame. These videos were recorded outdoors and processed for experimental results and
analysis. The resolution of each video was 1280 x 720 and the frame rate 120 frames per second

(FPS).

2.3.2 Data Preparation

Detectron2 model accepts annotated input data in COCO format. Thus, the data passed to
the model should comply with the COCO annotation format. The CVAT (Pangal et al., 2021)
tool was used to annotate the data for all 12 videos. The data labels consisted of the 21 different

body parts of the horse (Figure 1) and a segmentation mask for the entire horse.
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A side view of the horse’s anatomy

shows clearly the strong, interlocking il it
% bones in the lags which provide the

- i o
@PQII PR shoulder blade (scopulo) //;._—4 ‘ﬂ = ¢ X
:Sv;’/\l(t):i; : r hip joint Sptnc?l cord / é ‘ ‘.' )
©klbow ‘ ‘ ; )
@croup \ )
@Hip \,
@®Dock
Opratella
@Right Knee
@Left Knee

(ORight Front Fetlock
©Left Front Fetlock
(ORight Front Hoof
OLeft Front Hoof
@Right Hock

@©Left Hock

@Right Hind Fetlock

R S elbow joint
OLeft Hind Fetlock

/ F V\\\\
@;é cannon bone 3
@Right Hind Hoof

long pastern
@) @,
> .(.\ ‘\
7 (sy Y
§ e LN
@Left Hind Hoof short pastern ‘\Lk

Figure 1: Hlustration of 21 equine body parts

The CVAT tool allows exporting annotations in multiple formats. In the CVAT format,
the annotations are in XML file and follow the CVAT formatting style which is different from
the COCO format. This COCO format annotations are of JSON file type, but the format varies
from the format used in Detectron2.

A template was created of the COCO format, JSON file type which was in accordance
with the Detectron2 dataset type. A python script combined the segmentation mask from the
CVAT extracted COCO file and the keypoint annotated values from the CVAT format XML file
into our template file. Thus, a COCO annotation file was created which had the information
about the keypoints and segmentation mask and complied to the Detectron2 syntax.

In order to have a fair comparison of Mask R-CNN based model performance to that of
DeepLabCut, the training and test set used in both models should be identical. Thus, the same set

of labeled images from each video were used for training and testing DeepLabCut as well as a
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Mask R-CNN model. The validation set consisted of 10 images selected at random from the

videos, exclusive of the frames used in the training set.

2.3.3 Ground truth data
The CVAT annotated data served as the ground truth data. This data consisted of 12
videos with each of its frame distinctly having annotations for all the 21 keypoints, the target

body parts. Each keypoint had x and y coordinate values.

2.3.4 Evaluation Metrics

The 21 keypoints were predicted by both the Mask R-CNN model and the DeepLabCut
model, respectively. The experiment used the root mean squared error (RMSE), the linear
regression coefficients and coefficient of determination as the evaluation parameters. The metrics
was calculated for the ground truth versus Mask R-CNN model predicted data and ground truth
versus DeepLabCut model predicted data. The data consisted of x and y coordinates of every

keypoint across the test dataset frames for all videos.

2.3.5 Experiments

The dataset used in our Mask R-CNN model was consistent with that used in
DeepLabCut body part tracking. We used 12 videos and processed them to achieve body part
tracking of 21 keypoints realized by the Mask R-CNN model as well as the DeepLabCut model.
The training dataset consisted of 392 images randomly selected from all the videos and the
validation dataset 10 random images from each video exclusive of the training images. For each

body part, the Euclidean distance was obtained between the ground truth data and each model
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output. This was obtained for 21 keypoints in every frame of each of the 12 videos. For the
performance evaluation of both the models, we considered the final predicted output of 21
keypoints for testing dataset images. These images consisted of all the image frames excluding
those in training and validation datasets. Table 1 shows the training, validation and test split of
each video in the dataset. The variations in the numbers of training images per video were a
result of using the DLC framework. Their linear regression equation and coefficient of
determination were calculated. The RMSE values were calculated for the overall Euclidean
distance between the ground truth and the predicted keypoints as well as for the x and y

coordinates separately.

Table 1: Training, Validation and Test split of each video in the dataset

Video Number Number of Training Number of Number of Testing
Images Validation Images Images
1 33 10 281
2 39 10 287
3 33 10 235
4 42 10 229
5 38 10 195
6 48 10 206
7 27 10 225
8 37 10 311
9 35 10 371
10 20 10 441
11 1 10 450
12 38 10 333

2.3.5.1 Detectron2 Mask R-CNN model

Detectron2 was utilized to assess body part tracking of the horses with Mask R-CNN and
induce from the outcomes, a comparison between the output of DeepLabCut following to that of
Mask R-CNN. A pre-trained model zoo of Detectron2 was used and fine-tuned by customizing

the hyperparameters suitable for our dataset. The parameters that can be customized are the
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hyperparameters. They may differ based on the variation and requirement of the dataset. Thus,
we fine-tuned a pretrained model zoo in detectron2 based on our dataset. For the purpose of fine
tuning, the Detectron2 default trainer was used. The learning rate was set to 0.025. The ROIs
batch size per image was set to 128. The maximum number of iterations were set at 400. The

model weights configuration was model weights keypoint_rcnn_R_50 FPN_3x.

2.3.5.2 DeepLabCut Model

DeepLabCut was used to track 21 horse body parts as labeled in the Figure 2. The
DeepLabCut training and body part tracking for all the 12 videos were performed by equine
researchers at UFL. For each video, this software tracked each body feature of a horse and
creates a digital trajectory of that part. The coordinates, in terms of pixels of image frame, of that
feature per frame were recorded in a CSV format file. The CSV file along with the training

dataset used to train a DeepLabCut model, were provided by the UFL team. This CSV file was

L

used as input for the subsequent processing.

|

S

Figure 2 : A DeepLabCut output image horse with 21 labeled body parts and human feet.
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The DeepLabCut model was trained by manually labelling the training dataset frames
with the 21 keypoints. The model was run on each video to obtain the equine body part tracking

for that video through DeepLabCut.

2.4 Results and Discussion

Figures 3 and 4 show qualitative results of the Mask R-CNN model predictions. The
bounding box shows a confidence value of 100%. This means that the horse is detected with a
100% confidence by the model. In Figure 3, most of the keypoints were correctly detected. In

Figure 4, there is an error in the detection of Left Hind Fetlock.
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Figure 3: Mask R-CNN body part tracking output 1.
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Figure 4: Mask R-CNN body part tracking output 2.

The overall RSME for the Euclidean distance between the ground truth and predicted
values was high for Mask R-CNN for a video is 20.86. Figure 5 shows the Mask R-CNN vs
Ground Truth plot of x and y coordinates respectively. The coefficient of determination is greater
than 0.99 which means that most of the data was explained by the model. For this video, the
Mask R-CNN was able to predict the y coordinates of the keypoints with an RMSE of 3.73

which is lesser than the RMSE of x coordinate, 20.52.

Mask R-CNN X coordinate Mask R-CNN Y coordinate
1400 350
1200 300 ,
1000 250 ’
] 5 -
g 800 g 200 ‘
o =%
= 600 y=0.9951x +8.6353 = 150 ,
b R*=0.9938 o ' y=0.992x + 3.3371
400 RMSE = 20.52 100 R%=0.9974
RMSE = 3.73
200 50
0 0
0 200 400 600 800 1000 1200 1400 0 50 100 150 200 250 300 350
Predicted (pixels) Predicted (pixels)

Figure 5: Linear regression, coefficient of determination, RMSE, Mask R-CNN versus Ground

Truth of a video
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The Figure 6 shows the output of DeepLabCut on an image in one of the videos. It has all 23

keypoints, including the ones on the operator’s feet, represented by different colors.

Figure 6: The DeepLabCut labelled output image. Different colors represent different keypoints

on the horse’s body and the handler’s feet.

The RSME for the Euclidean distance between the ground truth and predicted values for

DeepLabCut for a video was 145.36 which was very high.
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Figure 7: Linear regression, coefficient of determination (R?), and RMSE of DeepLabCut (DLC)

vs Ground truth (GT) of a single video

The overall RMSE for Mask R-CNN model for all the videos is 100.7. The overall RMSE for

DeepLabCut model for all the videos is 138.9. Table 1 displays the RMSE for every coordinate

for each model. Table 2 displays the overall RMSE of the Euclidean distance of each keypoint

from the ground truth value to the predicted value for each model. The RMSE value for the

Euclidean distance is less for the Mask R-CNN model as compared to that of the DeepLabCut

model. However, considering the x coordinate alone, the RMSE values are smaller for

DeepLabCut model for almost all the videos.
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Figure 8: Incorrectly detected keypoints by DeepLabCut for Left Hock and Left Hind Hoof

Figure 7 for DeepLabCut realized body part tracking of a video suggests some extreme

outliers in the DeepLabCut vs GT plot for the y coordinates of that video. In this case it failed to

locate and track the data points in some cases and hence, there are outliers in the y-coordinate

plot of DeepLabCut as seen in Figure 7. In some cases, the failure was caused by two

overlapping front or rear legs from the camera viewing angle. This case is illustrated in Figure 8,

where the left image shows correctly labelled parts. In the image on the right side of Figure 8, the

points colored yellow(Left Hock) and blue (Left Hind Hoof) are incorrectly identified. It also

happens when there is occlusion due to another object in the track. It is worth noting that in

scenarios where there is no noise due to occlusion, DeepLabCut may provide better results

compared to Mask R-CNN model.

Table 2: RMSE values for x and y coordinates from Mask R-CNN and DeepLabCut model outputs

Video No.

Mask R-CNN RMSE

DeepLabCut RMSE
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X coordinate Y coordinate X coordinate Y coordinate
1 150.92 26.09 19.43 76.58
2 136.36 44.69 47.65 154.2
3 20.52 3.73 7.52 145.16
4 80.85 36.56 5.73 133.06
5 129.17 75.68 53.93 144.43
6 133.5 72 10.15 142.96
7 81.09 37.9 12.81 S7.77
8 98.71 48.40 6.03 95.85
9 63.82 15.19 4.69 101.74
10 100.01 48.19 5.56 124.33
11 66.34 57.47 63.89 125.09
12 34.05 14.62 36.37 93.27

Table 3: RMSE value for Euclidean distance of keypoints from Mask R-CNN and DeepLabCut model

P Video Number Mask R-CNN RMSE DeepLabCut RMSE
] 153.16 230.37
5 143.49 161.39
. 5086 145.36
7 88.73 133.178
5 149.71 154.16
5 151.68 143.32
- 80.51 135.93
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8 109.94 96.04
9 65.60 101.85
10 111.01 124.45
11 87.77 140.47
12 37.06 100.11

2.5 Conclusions

The coefficient of determination is greater than 0.9 for the x and y coordinates,
respectively, for Mask R-CNN body part tracking. But the RMSE values of the Mask R-CNN
model were much higher for x coordinates than y coordinates. Based on our results, it can be
clearly interpreted that the Mask R-CNN model could be utilized for body part tracking, in the
case of horses. It is important to note that our data is completely based on horses and the
configurations and weights used in the pre-trained detectron2 model that we have used in our
experiment, had a number of classes and were not oriented towards animals or horses alone.
Better results could be expected if the model were trained from scratch with a horse dataset
which is beyond our scope.

When compared to Mask R-CNN model, DeepLabCut has more acceptable tracking
results for x coordinates but does not perform very well in tracking the y coordinates. The
extremely high overall RMSE values for DeepLabCut-based body part tracking are a result of the
outliers present in the data. It can be concluded that Mask R-CNN has overall better performance
when the data is noisy. However, if the data is smooth, DeepLabCut outperforms Mask R-CNN
in body part tracking. To add further, based on our experimental results, if valuable information

lies in x coordinate values, the DeepLabCut model should be used over the Mask R-CNN model.
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Chapter 3

Biomechanical Parameters Extraction
In this Chapter, a fully automated pipeline was developed that calculates the equine
biomechanical parameters based on DeepLabCut-based body part tracking. From the previous
chapter, it could be inferred that although Mask R-CNN had overall better performance,
DeepLabCut gave better results for the x coordinates alone. For stride length and stance time
extraction, the proposed pipeline utilizes x coordinates results. Thus, the DeepLabCut tracking
results were used for our pipeline. There are multiple biomechanical parameters that can be
extracted from horse body part tracking like stride length, stance time, flexion, and maximum
forward extension. However, this study focuses on extracting stride length and stance time as
they have multiple gait analysis applications like lameness detection (Peham et al., 2001),

training impact analysis (Rose et al., 2009), and behavior assessment (Ashley et al., 2005).

3.1 Ground Truth Data

The ground truth values of stride length and stance time were obtained in each video.
First, the x coordinates of the center of each hoof for each stance were manually measured to
calculate the stride length in pixels. Second, the frame numbers at the beginning and end of each
stance were distinguished to identify the stance duration as the number of frames. The head
length was measured as the Euclidean distance between the poll and the nostril of the horse at the
start and end of each stride. An average value of this distance served as a normalization factor to
compensate for unknown parameters which include the distance of between the horse and the

camera and the size of the horse. The stride length was then normalized by dividing the

29



normalization factor. In a similar fashion, the stance duration in number of frames was divided

by the frame rate, in frames per second, to obtain stance time in seconds.

3.2 Post-Processing of Hoof Trajectories

| T T T T | TN

Il | Ny
[,

|
e ——

Figure 9: Hoof trajectory from the beginning to the end of video in an image

3.2.1 Trajectory Smoothing

The trajectory of a horse hoof generated by DeepLabCut contained noise and errors as
seen in Figure 9. A Kalman filter (Kalman, 1960) was used to remove noise and smooth the data.
This filter consists of a 2-step process of prediction and estimation. In the first step it produces an
estimate of the next state based on current state variables and in the second step, it uses a
weighted average to re-estimate the next state. The pykalman python library (Metz et al., 2017)
was used with a pre-defined transition matrix, a pre-defined observation matrix and an initial
state mean as parameter to the Kalman filter. We gave our x-y coordinates to the filter as initial

measurement vector, z.

z=[xy]

where
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x = array of x coordinates of a hoof
y = array of y coordinated of a hoof

We used an observation matrix:

1 0 0 O

z=Ho=|, 4 1 ol°

where H represents the sensor matrix and o is the new best estimate matrix (mean)

and a dynamics or weighted average matrix:

o(k)= Fo(k—1)=> F =

S OO
O OR =
o RrO O
= O O

where F represents the transition matrix and k is the current state, and initial state mean:
initial_state_mean =[x, 0, y, 0]

When the x and y coordinate values are passed to the filter, it returns the smoothed
values. To smooth minutely crooked regions as observed in Figure 10, these values are further
passed to another Kalman Filter where the observation coefficients are 10 times those of the
initial filter. After the second Kalman filter, the peak and valley in the hoof trajectory during

each stride can be clearly identified as shown in Figure 11.
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(I

Figure 10: Hoof trajectory smoothed once from the beginning to the end of video in an image
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Figure 11: Hoof trajectory smoothed twice from the beginning to the end of video in an image

3.2.2 Stride Length and Stance Time Extraction

For the required parameters, stride length and stance time, only the x coordinates of the
hoof is used due to the relatively small change in the y coordinates. Based on the change in
gradient of the x coordinate trajectory, the x values were segmented into plateaus and slopes.
This change is calculated by calculating the slope at every point and taking its second derivative.
dy = xs(i) — xs(i-1) is the slope and dpy = dy(i) — dy(i-1) is the second derivative where xs is the
array of smoothed x coordinate values and i is the current frame.

Based on the value of change in gradient, the smoothed x values are segmented into two
groups. One group where the slope is negligible, in the range -2 to 2, is identified as the points
where the hoof is still. The other group where the slope is beyond the above-mentioned range
corresponds to the points where the hoof is in motion. To retain the frame-coordinate relation,
the frames where the values are not present, are filled with zeroes. Plateaus are the regions where
the x values are constant relative to video frame ID. They are the stances when the hoof is in

contact with the ground. On the contrary, the slopes represent the hoof in motion during a stride.
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Figure 12: (Left) stances and (right) strides as separated list of points. The zeroes are

fillers for maintaining frame-coordinate relation

Each slope in the trajectory corresponds to a stride. To make the pipeline more robust,
incomplete slopes were eliminated. Due to occlusions or incorrect detection in the video, if a
slope was split into two or more parts, the occluded part was removed and the fragments were
combined into one slope. A threshold of 6 frames was used to measure the gap between two
adjacent slopes. If the difference between two slopes is less than the threshold, the gap is filled,
and the slopes are merged. Incomplete strides might occur in the beginning and at the end of a
video. To remove these incomplete strides, the strides that do not fall in the range of median + 50
of all strides, were removed from the list of strides. Lastly, the stride length in pixels were
normalized by head length to minimize the effect of varying camera-to-horse distances and horse
size.

Each plateau represents a stance. Similar to swing phase, the gaps between stances are
filled and the incomplete stances are removed. The length of a continuous plateau is referred to
as a stance in terms of number of frames of the video. All the values are normalized by dividing

the stance time by the frame rate (120 FPS).
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3.2.3 Evaluation

The strides and stances computed for each video were compared to the corresponding
ground truth values. The stride length and stance time were evaluated for right front hoof, left
front hoof, right hind hoof, and left hind hoof separately. Methods and metrics used to evaluate
the results include linear regression, coefficient of determination (R?), root mean squared error

(RMSE), and mean absolute percentage error (MAPE).

3.3 Results and Discussion

The proposed processing pipeline correctly identified 92% of the total 168 strides and
95% of the total 180 stances in the 12 videos. The estimated stride length and stance time were
found strongly correlated with the ground truth for individual hoofs. The coefficient of
determination ranges from 0.64 to 0.88 for stride length and from 0.75 to 0.86 for stance time.
Figures 13 and 14 show the linear regression analysis and error metrics for the stride length and
stance time estimations of individual hoofs, respectively. Because the normalized stride length is
unitless, interpretation of the numeric values may be difficult. However, the distributions in
Figure 13 suggests that large variations in stride length existed in the 12 videos.

It is worth noting that the stride length estimations are prone to error due to occlusions.
Since most of the videos cover trotting gaits, the diagonally opposite hoofs tend to show similar
strides and stances. The right front hoof and the left hind hoofs share similar behavior, and the
behavior of left front hoof is closely related to that of right hind hoofs. It is only a matter of
coincidence that the right hind hoof trajectory in these 12 videos was least affected by occlusions
and thus, right hind hoof stride and stance values have overall least Mean Absolute Percentage

Errors (MAPE). It was expected that the left-side hoofs would be more affected by occlusion
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caused by the right-side hoofs (all horses moves from left to right in the videos). But the pipeline

was able to predict both the left and right hoof strides and stances with satisfactory coefficients

of determination.
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Figure 13: Normalized stride lengths of each hoof with the equation of regression line,
coefficient of determination (R?), root mean square error (RMSE)(pixel/pixel) and mean absolute

percentage error (MAPE)(pixel/pixel)

35



Normalized Stance Time Left Front Hoof

06
k-]
5 05 .
4 L]
@ o—.p:
2o s § sy
w ’. L ]
3 4
S o3 o
= y = 1.0202x + 0.0081
202 R =0.7598
- RMSE =0.03
g 0.1 MAPE = 5.18
o
]
0 01 0.2 03 0.4 05
Predicted Values (seconds)
Normalized Stance Time Left Hind Hoof
06
w
2 os
o L]
o 4 Lo
g o'
<04 o f. .
g .
S o3 oﬁ_,.-’—-‘}’ -
= % y = 1.042x - 0.0056
g 02 R? = 0.8506
g RMSE = 0.02
301 MAPE =44
&
0
0 0.1 0.2 03 0.4 05

Predicted Values (seconds)

e
o

=]

Ground truth Values (seconds)

e
n

e e
w kS

e
o

o

Normalized Stance Time Right Front Hoof

s
e y=1.0576x-0.0124
. R* = 0.8598
RMSE = 0.02
MAPE = 4.00

0.1 0.2 03 0.4 05

Predicted Values (seconds)

Ground truth Values (seconds)

e
o

=]
in

4
=

=]
w

o
()

=]
=

o

Normalized Stance Time Right Hind Hoof

o ges
L]
0,'.0.
P 1
e
.
e
[ y=1171x-0.049
R? = 0.7605

RMSE = 0.03
MAPE = 6.67

0.1 0.2 03 04 05

Predicted Values (seconds)

Figure 14: Normalized stance time of each hoof with the equation of regression line, coefficient

of determination (R?), root mean square error (RMSE) and mean absolute percentage error

(MAPE)

Figure 15 shows the linear regression results of overall stance time and stride length

estimations. The coefficient of determination, root mean squared error and mean absolute

percentage error are comparable to those of the individual hoofs. Therefore, our biomechanical

parameter extraction pipeline can accurately measure stride length and stance time, at least in the

2D image space.
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Figure 15: Normalized Stride length and stance time of all hoofs with the equation of regression
line, coefficient of determination (R?), root mean square error (RMSE) and mean absolute
percentage error (MAPE)

3.4 Conclusions

The research in this paper was oriented to tracking the horse body parts and extract their
biomechanical traits. We used DeepLabCut to process the horse locomotion videos and track
horse body parts. We developed a pipeline to interpret the DeepLabCut data and process it to
output useable information on the biomechanical parameters of the horses.

This study primarily focused on the horse hoof body part, and the stride length and stance
time biomechanical parameters. There are other traits such as flexion angle, withers range, poll
range, forward head extension and so on. These traits can also be obtained by tracking withers,
poll, fetlock angle, nostril and other equine body parts. The most significant capability of horses
lies in their locomotion. The stride lengths and other information that comes from hoof tracking
could be used to assess horse locomotion. Regular monitoring of horse gait patterns can help
detect diseases like lameness at an early stage. These trends may also assist in improving horse
performances in sports activities and races. Horse gait analysis, thus, have numerous clinical,

scientific and physical performance-based applications.
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Appendix List
Appendix 1
Mask R-CNN model, detectron2 configuration of hyperparameters

from detectron2.engine import DefaultTrainer
from detectron2.config import get cfg

import os

cfg = get cfg()

cfg.merge from file(model zoo.get config file ("COCO-
Keypoints/keypoint rcnn R 50 FPN 3x.yaml"))

cfg.DATASETS.TRAIN = ("data horsel0Ol", "data horselO2", "data horselO3",
"data horsel04", "data horselO5", "data horselO6", "data horselQO7",

"data horsel08","data horsel09","data horsel0210","data horsel0211","data
horsel0212",)

cfg.DATASETS.TEST = ("data horsel01l1l", "data horselO21", "data horselO31",
"data horsel041", "data horselO51", "data horsel0O61", "data horselO71",
"data horsel081","data horsel091", "data horsel02101", "data horsel02111",
"data horsel02121",) # no metrics implemented for this dataset

"data horselO1l1",

cfg.DATALOADER.NUM WORKERS = 2 #Default 2
cfg.MODEL.WEIGHTS = model zoo.get checkpoint url ("COCO-
Keypoints/keypoint rcnn R 50 FPN 3x.yaml")

cfg.SOLVER.IMS PER BATCH = 1 #Default 2
cfg.SOLVER.BASE LR = 0.025 #Default 0.2
# cfg.SOLVER.STEPS = [] # do not decay learning rate
cfg.SOLVER.MAX ITER = (

400
) # 400 iterations seems good enough
cfg.MODEL.ROI_HEADS.BATCH SIZE PER IMAGE = (

128
)
cfg.MODEL.ROI HEADS.NUM CLASSES 1 # 1 classes (horse)
cfg.MODEL.RETINANET.NUM CLASSES 1
cfg.MODEL.ROI KEYPOINT HEAD.NUM KEYPOINTS = 21
os.makedirs (cfg.OUTPUT DIR, exist ok=True)
trainer = DefaultTrainer (cfqg)

trainer.resume or load(resume=False)
torch.cuda.empty cache ()
trainer.train ()
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Appendix 2
DeepLabCut configurations:

# Project definitions (do not edit)
Task: HTU_AW
scorer: Ariana West
date: Mar19
multianimalproject: false

# Project path (change when moving around)
project_path: C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19

# Annotation data set configuration (and individual video cropping parameters)
video_sets:

C:\DeeplLabCut_Trainings_Master_Folder\AW_HTU\C0009.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\AW_HTU\C0010.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\AW_HTU\C0018.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\AW_HTU\C0021.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\AW_HTU\C0025.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\AW_HTU\C0028.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0029.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0375.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0371.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0370.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0368.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0363.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0021.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0034.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0028.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0010.mp4:
crop: 0, 1920, 0, 1080

C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0025.mp4:
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crop: 0, 1920, 0, 1080
C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0018.mp4:
crop: 0, 1920, 0, 1080
C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU\C0009.mp4:
crop: 0, 1920, 0, 1080
C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU - 2\C0021.mp4:
crop: 0, 1920, 0, 1080
C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU - 2\C0028.mp4:
crop: 0, 1920, 0, 1080
C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU - 2\C0034.mp4:
crop: 0, 1920, 0, 1080
C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU - 2\C0363.mp4:
crop: 0, 1920, 0, 1080
C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU - 2\C0368.mp4:
crop: 0, 1920, 0, 1080
C:\DeeplLabCut_Trainings_Master_Folder\HTU_AW-Ariana West-2021-03-19\AW_HTU - 2\C0375.mp4:
crop: 0, 1920, 0, 1080
bodyparts:
- rightFhoof
- rightHhoof
- righthock
- rightFfetlock
- rightHfetlock
- rightknee
- handlerRfoot
- nostril
- poll
- withers
- shoulder
- elbow
- croup
- hip
- stifle
- pointofbuttock
- leftFhoof
- leftHhoof
- lefthock
- leftFfetlock
- leftHfetlock
- leftknee
- handlerLfoot
start: 0
stop: 1
numframes2pick: 20

# Plotting configuration

skeleton:
- - nostril
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- poll
- - poll
- withers
- - withers
- shoulder
- - shoulder
- elbow
- - withers
- croup
- - croup
- hip
- - croup
- dock
- - hip
- stifle
- - hip
- pointofbuttock
- - pointofbuttock
- croup
- - pointofbuttock
- stifle

- stifle
- - stifle
- righthock
- - righthock
- rightHfetlock
- - rightHfetlock
- rightHhoof
- - elbow
- rightknee
- - rightknee
- rightFfetlock
- - rightFfetlock
- rightFhoof
- - leftknee
- leftFfetlock
- - leftFfetlock
- leftFhoof
- - lefthock
- leftHfetlock
- - leftHfetlock
- leftHhoof
skeleton_color: blue
pcutoff: 0.6
dotsize: 12
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alphavalue: 0.7
colormap: jet

# Training,Evaluation and Analysis configuration
TrainingFraction:
-0.95
iteration: 0
default_net_type: resnet_50
default_augmenter: default
snapshotindex: -1
batch_size: 8

# Cropping Parameters (for analysis and outlier frame detection)
cropping: false
croppedtraining: false
#if cropping is true for analysis, then set the values here:
x1:0
x2: 640
yl: 277
y2: 624

# Refinement configuration (parameters from annotation dataset configuration also relevant in this
stage)
corner2move2:
-50
-50
move2corner: true
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