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Abstract
Lameness is a condition that is difficult to treat in horses when discovered too
late and is therefore a common cause for culling. Veterinarians often make a
diagnosis based on their subjective experience. In this thesis, we investigate
whether neural networks can do lameness detection of horses by using the 3D
reconstructed model of the horses. We divide the problem into two parts. The
first part is about the 3D model reconstruction of the horse in the videos and
then we use neural networks to do lameness detection. We also perform exper-
iments on human videos to test the generalization of our idea, reconstructing
the 3D human model in the videos and doing action recognition with neural
networks. The two frameworks we use are standard LSTM and LSTMwith an
attention mechanism. The results of the human experiments show that both
networks can separate human actions given the 3D human model sequences
and some specific joints are pointed out when doing the two-class action clas-
sification. The results of animal experiments preliminarily show that the infor-
mation of the 3D horse model can be used to perform lameness detection and
front-limb lameness is more comfortable for the networks to learn compared
to hind-limb lameness.
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Sammanfattning
Hälta är ett svårbehandlat tillstånd hos hästar när det upptäcks för sent och är
därför en vanlig orsak för avlivning. Veterinärer ställer ofta en diagnos baserat
på deras subjektiva erfarenhet. I det här examensarbetet undersöker vi om neu-
rala nätverk kan upptäcka hälta med hjälp av en 3D-rekonstruerad modell av
hästar. Vi delar upp problemet i två delar. Den första delen handlar om rekon-
struktion av 3D-modellen av hästen i filmerna och sedan använder vi neurala
nätverk för att göra hältedetektering. Vi utför också experiment på mänskli-
ga videor för att testa generaliseringen av vår idé, rekonstruerar den mänskli-
ga 3D-modellen i videorna och utför handlingsigenkänning med neurala nät-
verk. De två sortens nätverk vi använder är ett standard LSTM-nätverk och ett
LSTM-nätverk med en uppmärksamhetsmekanism. Resultaten från de mänsk-
liga experimenten visar att båda nätverken kan separera mänskliga handling-
ar givet 3D-modeller och vissa relevanta kroppsdelar ges uppmärksamhet när
man gör actionklassificering över två klasser. Resultaten av försöken på häst-
data visar preliminärt att informationen i 3D-hästmodellen kan användas för
att utföra hältedetektion och att det är lättare att detektera frambenshälta jäm-
fört med att lära sig att detektera bakbenshälta.
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Chapter 1

Introduction

Horses are one of the Equidae family and lameness is a common disease of
horses.

A. Liautard defines lameness as ‘an irregularity or defect in the function
of locomotion’ [1]. New Oxford Dictionary explains lameness as the ‘inca-
pability of normal locomotion, deviation from the normal gait’ [2]. In other
words, lameness is a clinical term for a horse with an abnormal gait or stance
[3], owing to dysfunction of the locomotor system or accidental injuries. A
horse with lameness will be suffering and not be able to stand or run as usual.
Lameness compromises horses’ health.

Traumatic injuries, diet-related diseases and inflection can bring about
lameness. The health of the bones, muscles, and tendons of a horse affect its
gait as well. According to the British National Equine Health Survey (NEHS),
skin diseases and lameness remain the most commonly reported diseases for
horses. Lameness affected 29% of horses in UK in 2018, which constituted an
increase by 6% compared to the results in 2017 [4, 5].

Horses are prey animals and often hide their pain in order to prevent dam-
age from predators. They tend not to press more weight on the injured limb
when they stand or trot. If a horse suffers from lameness, it may move its
head in higher amplitude, which indicates lameness in the front limbs, while
asymmetrical movement patterns on the pelvis will reflect lameness in the hind
limbs. The lameness detection is especially hard for the hind limbs since the
asymmetrical patterns of the hips are not obviously observable. Well trained
veterinarians often diagnose the lameness of horses by their unusual move-
ment patterns, ultrasound, bone scan, computed tomography or video analysis
[6]. However, these methods of detection are subjective, which will influence
the treatment from veterinarians.
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During the past decades, technological revolutions have had a significant
impact on the diagnostics for lameness. The Equine Structure and Motion
Laboratory at the Royal Veterinary College in the United Kingdom developed
an Equine Symmetry system [7] to analyze the gait of the horse by apply-
ing some motion tracking sensors on the body of horses. The Equinosis R© Q
with Lameness Locator R© [8] is another system for diagnosing developed by
Equinosis R© LLC team invented by Dr. Kevin Keegan. The analyses focus on
the horse gait through real-time data obtained from sensors. Veterinarians can
know the asymmetries of horses in their behaviors and the limbs most likely
to be lame by using this system.

This thesis concentrates on predicting lameness by exploring a 3D repre-
sentation created from videos. Comparing with 2D images, an accurate 3D
model can present the object itself, excluding background and other irrelevant
information. More specifically, the 3D animal model we use, called Skinned
Multi-Animal Linear (SMAL)Model, separates the shape and pose of animals.
Regarding lameness detection, it is necessary to pay attention to the running
poses of the horses.

The overall aim of the thesis is to build a 3D model sequence of the horse
from each frame in a 2D video stream and to apply neural networks to perform
lameness detection. More content will be shown in the following sections.

1.1 Motivation
Lameness is hard to discover because the horse will deliberately try to hide
pain and act as normal. In severe cases, horses are euthanized to reduce their
pain caused by lameness. Since many riders fail to diagnose the diseases of
their horses, many horses are forced to perform when they suffer from pain
[9]. About 70% of horses that suffer from lameness can recover [10]. If it is
possible to make an early judgment on the lameness, the horses can have a
speedy recovery after given early treatments.

The veterinarians’ judgment is subjective and the traditional horse diag-
nosis systems also have some drawbacks. We notice that there are no studies
about using deep learning on 3D horse models for the lameness diagnosis.
There is a large room for improvement in the detection of lameness, which
motivates the study of this topic.

An advantage of a 3D animal model is that it ignores the irrelevant infor-
mation, such as the background objects. Furthermore, lameness detection can
be regarded as action recognition to some extent, and many studies focus on
human action recognition using 2D videos and 3D skeleton data. This sug-
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gests that performing animal action recognition using the 3D model with pose
and shape information is possible.

1.2 Research Question
The thesis aims to investigate whether neural networks can do lameness de-
tection by using the 3D model of horses reconstructed from videos.

In order to test the feasibility of the idea, we first perform experiment on
humans. Thus, the thesis contains experiments on humans and horses. We
first reconstruct the 3D model of the human from the videos and use neural
networks to do binary action classification based on the 3D representations.
Our second part is about the 3D reconstruction of the horse from videos and
performing lameness detection in horses using neural networks via these 3D
reconstructions.

1.3 Objective
We expect to develop a system to recognize the lameness of the horse based on
its 3D representations. Specifically, we want to investigate whether a neural
network can distinguish between a healthy horse and a lame horse, judging
from their recordings of various walking tests.

1.4 Ethics and Sustainability
The thesis work can be discussed from ethical and sustainable perspectives.

1.4.1 Ethics
There are two ethical aspects of this project concerning the data collection
and the application of our work. The Horse Treadmill dataset is collected
between different horses in an indoor treadmill from the University of Zurich
and it aims to find out the asymmetry movement pattern in horses with induced
lameness [11]. The Animal Health and Welfare Commission of the canton of
Zurich evaluated the study protocol and gave ethical permission for the study
(permission number 51/2013) and horse owners gave informed consent for the
inclusion of their animals. More details about the dataset are shown in Section
4.2.2.
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Another concern is that if machine learning methods managed to diagnose
horse lameness, would it take over veterinarians. Our answer is no. Veterinar-
ians not only focus on horses’ gaits when diagnosing but also combine other
factors, such as the sound of their paces. Machine learning techniques can
help to find possible patterns in lameness detection so that it can be other use-
ful factors for diagnosis. Therefore, it will not take over human work.

1.4.2 Sustainability
As for sustainability, our research can help people better study the health of
horses. If we can help veterinarians make correct diagnoses, we can help more
horses and relieve their pain. Moreover, as the pet market going bigger, if our
research can be extended to other animals, it will have a positive impact of pet
health in the future.

1.5 Structure of The Thesis
The thesis consists of seven chapters. Chapter 1 has an introduction to the
whole thesis work and shows the research questions. Chapter 2 describes some
related works about different technologies used in the thesis. Chapter 3 shows
some prior knowledge about the thesis. Chapter 4 presents two pipelines for
human experiments and animal experiments of the thesis work. The pipelines
start with 3D model reconstruction and the network architectures we use for
action classification. Chapter 5 shows the results for each part of the pipelines.
The final two chapters describe the discussion and future work and conclu-
sions.



Chapter 2

Related work

In this chapter, we will review some work related to the thesis topic. A sum-
mary of some of the relevant studies in animal disease detection is presented
in the first part. The second part is a short review of 3D model reconstruction.
In this part, we also mention some work about silhouette generation and key-
point detection, which are needed for the 3D reconstruction. A brief review
of action recognition is given in the final part with special regard to human
behavior detection by using neural networks and attention mechanisms.

2.1 Animal Disease Detection
Animals are different from people since they are non-verbal. Therefore, to
detect whether an animal is sick or not, the veterinarians will diagnose by using
their own experience. For example, an unusual posture may indicate bone
disease, a stomach problem may cause an abnormal diet, or facial expression
can be studied to infer pain [12, 13].

There are some works related to automatic pain detection in animals using
computer vision and machine learning. Lu et al. [14] locate the facial land-
marks on sheep faces so that facial movements can be divided into different
action units. The facial action units are automatically classified to estimate the
pain levels of sheep. An interdisciplinary team has been working on pain de-
tection for horses combining veterinary expertise with computer vision [15].
The project starts with static detection from pictures to dynamic detection from
videos by using horse facial expressions to recognize pain. Rashid et al. [16]
use a network pre-trained on human faces to detect the landmarks of a horse’s
face. A warping network is used to adjust the horse face because of the great
difference in shape between a human face and a horse face. Broomé et al. [17]

5
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have performed pain recognition for horses from videos that can successfully
distinguish between a horse in pain and a healthy horse that has been mis-
classified by a veterinarian. They extend the existing two-stream network for
human behavior detection to classify the behaviors of the horses.

To the best of our knowledge, there is only one work using machine learn-
ing specifically for the detection of lameness. Abdul [18] extracts the features
from an overhead RGB-D camera for dairy cattle and performs lameness de-
tection classification with Supported Vector Machine (SVM) [19]. The lame
limb localization can be done after analyzing the locomotion features.

2.2 3DReconstruction of Human andAnimals
3D reconstruction is to capture the shape of an object. For humans or animals,
it can also capture the current pose of the object. In this section, we will intro-
duce a series of 3D modeling methods for human and animal reconstruction.
We also mention that the requirements for fitting the 3D model to an image
or a video are the silhouette and joint positions of the object. For this reason,
some methods of segmentation and keypoint prediction are introduced.

2.2.1 3D Modeling
Loper et al. propose a realistic 3D model called Skinned Multi-Person Linear
(SMPL) model [20] based on the independent shape and pose components.
Many works about human 3D modeling are based on SMPL and try to im-
prove the realism of the model from different aspects. Bogo et al. [21] in-
troduce a bottom-to-top framework called SMPLify to automatically fit the
SMPL model to an image using 2D joint positions detected by DeepCut [22],
which focuses on the pose of the model. The study by Lassner et al. [23]
improves the accuracy of the shape of the model. When fitting the SMPL
model to an image based on SMPLify, it also minimizes the distance between
the semantic segmentation of the human body on the image and the silhouette
that the SMPL model mapped onto the image. Pavlakos et al. [24], which
take the pose and shape into consideration, use an image as input and directly
extract a pose prior from the heatmaps [22, 25] and a shape prior from the sil-
houette. The heatmaps, a graphical representation of data, contain predicted
keypoints from Stacked Hourglass Network [26]. A 3D mesh model is ren-
dered from the shape and pose parameters obtained from two priors. And the
network finetunes the model directly on the image in order to get 3D pose and
shape. Alldieck et al. [27] are the first to reconstruct a personalized 3D human
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model from monocular videos instead of an image. The reconstructed model
is based on the naked SMPL model, with more accurately personalized fea-
tures like skin, clothes, and hair, which contains the appearance of the object
itself. Kanazawa et al. [28] propose an end-to-end network that can directly
regress the shape, pose and camera parameters from a 2D image. It refines
the 3D model through some reprojection errors by using an autoencoder and
also introduces a discriminator to help generate more realistic human shapes
and poses. Based on [28], they add encoding temporal image features into the
reconstruction [29]. In addition to reconstructing a 3D model of the current
image, it can also predict the 3D motion of the previous frame and the next
frame. The new framework obtains a smoother dynamic 3D video stream.

Compared to animals, people are more cooperative when recording 3D
scanning data. Zuffi et al. [30] build Skinned Multi-Animal Linear (SMAL)
model for quadrupeds by scanning toy models. The SMAL model is based
on the SMPL model. The SMAL model can be fitted to 2D images using
manually extracted 2D keypoints and silhouettes. They achieve the SMALR
model [31] by improving the SMAL model with animal shape priors. After
constructing the 3D model, the shape and pose parameters are refined to make
a better match. Additionally, a 3D texture is generated for a more realistic
model. Biggs et al. [32] point out the problem of having to manually generate
the silhouettes and joint positions in [30] and propose an architecture to au-
tomatically obtain the 2D keypoints from the animal silhouette based on the
Stacked HourGlass network [26]. They fit the SMAL model into the videos,
which can accurately estimate the 3D shape and pose of different kinds of an-
imals in videos.

More details about SMPL model and SMAL model are shown in Section
3.1. SMAL model is the central basis of the thesis work. We fit the SMAL
model to the videos to reconstruct the 3D horse models from the videos.

2.2.2 Requirement for 3D Modeling
The SMPL or SMAL model represents the 3D human model or 3D animal
model with a mean template shape in zero pose. A personalized human model
or an animal model can be created given shape and pose information. After
fitting the model to the image or video is to obtain the specific 3D shape and
pose of the object. This requires the use of segmentation techniques to capture
the subject’s 2D silhouette, and key point detection techniques to get the 2D
animal joint position.
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2.2.2.1 Silhouette Generation

As we mentioned above, silhouette generation needs semantic segmentation
techniques. Semantic segmentation is a prevalent task that requires us to do
pixel-level precise localization of objects. With the development of deep learn-
ing, there are many different options. Long et al. [33] use a fully convolutional
network (FCN) on spatially dense prediction tasks. Ronneberger et al. [34] use
an U-Net structure for biomedical Image segmentation. Chen et al. [35, 36,
37, 38] invent Deeplab systems which are also very popular in recent years
and achieve state-of-art performance.

The study by Chen et al. [35] introduces the first version of DeepLab sys-
tem by using atrous convolution and fully connected conditional random field
(CRF) in the segmentation task. The system is improved by adding atrous
spatial pyramid pooling (ASPP) and replacing the original VGGNet [39] by a
ResNet [40]. Chen et al. [37] optimize the ASPP and removed the CRF, mak-
ing the DeepLab systemmore general while improving the performance again.
Chen et al. [36] improve their previous works by adding a decoder structure.
He et al. [41] present Mask R-CNN for handling segmentation and object de-
tection. However, the methods above are focusing on static images instead of
videos, even though they can be applied to videos frame by frame. One-shot
video object segmentation (OSVOS) [42] tackles the task of semi-supervised
video instance segmentation, given only the first frame/shot.

2.2.2.2 Joint Position Prediction

Accurate joint position prediction is necessary for getting the pose represen-
tation in the later stage. We have studied two methods of obtaining joint posi-
tions.

The first method is to predict the joint position using 2D video frames.
Newell et al. [26] introduce the Stacked Hourglass Network for human pose
estimation. Deepcut [22] jointly does the human detection and pose estima-
tion, estimating the number of persons and the occluded body parts in the
real world. Deepercut [43] improves the performance by using a more ad-
vanced base network structure and adding image-conditioned pairwise terms.
DeepLabCut [44] allows using a small number of labeled frames to detect the
joint position of an animal.

The second method is about estimating the camera matrix and the 2D joint
positions are obtained by projecting the 3D markers to the 2D keypoints di-
rectly introduced by Marc Pollefeys [45]. This method will make good use of
3D points and more details can be found in Section 4.4.2.1.
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2.3 Action Recognition
Action recognition aims to learn some patterns of actions typically from video
recordings, and classify different actions from objects. Many works focus on
doing action recognition through deep learning. In this section, we will intro-
duce some methods for action recognition.

2.3.1 Neural Networks for Action Recognition
The 3D convolutional neural network (3D CNN) is a prevalent network archi-
tecture for action recognition. It often combines RGB with optical flow data
which is known as two-stream convolutional networks for capturing the mo-
tion in the video [46, 47, 48]. Liu et al. [49] first obtain the temporal and
spatial information of pose by encoding 3D skeleton data and combine it with
a 3D CNN. The whole framework indicates that a network with spatial and
temporal information can perform better than most of RNN-based methods
and is more robust to noise. Pose based CNN (P-CNN), used in the work of
Chéron et al. [50], extracts the shape and optical flow information from differ-
ent tracked body parts of the person in the video for action recognition instead
of taking the raw video into account. Multitask CNN is used in the work of
Luvizon et al. [51], which can not only estimate 2D or 3D joint positions from
images but also perform action recognition on the aggregation of appearance
recognition and action recognition.

2.3.2 Neural Networkswith Attention for ActionRecog-
nition

There are two kinds of attention mechanisms proposed in [52], deterministic
"soft" attention and another one is stochastic "hard" attention. Attention can
be regarded as the weights of all hidden states. Soft attention is calculated for
all hidden states as the probability, while hard attention randomly selects part
of the hidden states and calculates the probability. Neural networks with an
attention mechanism are now widely used in translation [53] and image cap-
tioning [52]. The soft attention mechanism can be used in action recognition.
Neural networks with a soft attention mechanism can localize the most rele-
vant parts of different scenes in a video when doing action recognition [54,
55]. Das et al. [56] investigate action recognition in RGB videos and try to
focus on different body parts of a human. The underlying network is a 3D
CNN with an attention mechanism while the attention weight is not learned
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by the network itself but calculated by the estimated 3D pose. Song et al. [57]
combine spatial attention and temporal attention for skeleton data to a Long
Short-term Memory (LSTM) [58] network for action recognition where tem-
poral attention can choose the most relevant frames and spatial attention can
highlight the most relevant joint positions. Baradel et al. [59] use an LSTM
network with attention that takes the convolutional features of the hands in
RGB videos as input. The whole framework can show attention to the hands
that correspond most to the concerned action.

To the best of our knowledge, 3D models have not been taken into account
in action recognition neither for humans nor horses. We utilize the whole
framework from [29] for human model reconstruction. For animal, our model
is based on the SMAL model. Dynamic silhouette generation and joint po-
sition prediction frame by frame are essential for model reconstruction from
videos. Mask R-CNN, DeepLabv3+, OSVOS are examined on our horse video
data for silhouette generation. 3D marker projection using estimated camera
matrix is tested for joint position prediction.

Our method has a similar idea with [59] regarding action recognition.
However, instead of using convolutional features of hands, we feed the 3D
pose representations from the subject we construct in the first step to the re-
current neural networks. Additionally, a soft attention mechanism is used for
locating the joints that are crucial for different actions.



Chapter 3

Background

In this chapter, we will introduce concepts of the related technologies. The
chapter is mainly around four sections. The first section describes the SMPL
and SMALmodel and it will be followed by the methods for fitting the models
to images. Then we have a detailed presentation of how the camera matrix is
estimated. Details on RNN and LSTM are discussed in the last section.

3.1 The SMPL Model and SMAL Model
To understand the SMPL and SMAL model, we first need to have a basic un-
derstanding of Linear blend skinning (LBS). LBS is a method for mesh de-
formation that transforms the vertices based on the skeleton. In general, LBS
consists of two parts: mesh and skeleton. Mesh contains a set of vertices.
Besides, a vertex on the mesh will be assigned to more than one bone with
different weights. The skeleton contains the hierarchy of bones, as well as the
rotation of each bone. Thus, there are one-to-many correspondences between
vertices on the mesh and skeleton. When the skeleton changes, the vertices
on the mesh will get a new location by multiple transforms based on the cor-
responding bone and the corresponding weights. An example of lower and
upper arm bones is shown in Figure 3.1.

The SMPL model is based on LBS and it separates the pose and shape of
the 3D model. For the pose of the model, the skeleton hierarchy is implied
from pose parameters

−→
θ , which is defined as the relative rotation between

joints. The transform of each joint can be calculated by function J(
−→
θ ), pa-

rameterized by pose
−→
θ .

For the shape of the model, SMPL can be a model in rest pose under a
specific pose state. More specifically, SMPL decomposes rest pose vertices

11
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(a) A example of deformed pose. The movement of lower and upper arm bones are
two different transforms. [60]

(b) Blend weights corresponding to two bones. The vertices on the lower arm have
higher weights with lower arm bones and the vertices on the upper arm have higher
weights with upper arm bones. [60]

Figure 3.1: Linear blend skinning. The vertices on the mesh can have a new
position by multiple transforms based on the corresponding bones and prede-
fined blend weights.

TP (
−→
β ) into three parts shown in Equation 3.2: the mean template of human

T, the shape blend function BS(
−→
β ), and the pose blend function BP (

−→
θ ). T

represents a humanmeshwith zero pose andmean shapewhich is learned from
thousands of human scan data shown in Figure 3.2(a). The BS(

−→
β ) describes

the shape, height, weight and other characteristics of a person in Figure 3.2(b).
The BP (

−→
θ ) describes appearance changes of some muscle caused by specific

pose in Figure 3.2(c).
W (.) is a standard linear blend function which takes a template TP (

−→
β ),

the transform of each joint J(
−→
θ ), pose parameters

−→
θ , blend weight ω as input

and output a new mesh with specific pose in Figure 3.2(d). Blending weight
ω is predefined based on the mesh that each vertex is connected to more than
one bone with different weights.

In summary, SMPL takes shape parameters
−→
β , and pose parameters

−→
θ ,

and given a human template mesh with 23 joints and a predefined blend weight
as input and generates a new mesh with 6890 vertices in specific pose and
shape.
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M(
−→
β ,
−→
θ ) =W (TP (

−→
β ,
−→
θ ),J(

−→
θ ),
−→
θ , ω) (3.1)

TP (
−→
β ,
−→
θ ) = T+BS(

−→
β ) +BP(

−→
θ ) (3.2)

Figure 3.2: SMPL model [20]

The SMAL model is similar to the SMPL model. The SMAL model is a
parametric model. Given shape parameters β, pose parameters θ and global
translation γ to the template model, it can deform a personalized 3Dmesh con-
sisting of 3889 vertices and 7774 triangles. The template model is built on 3D
scan data from 41 toys with zeros pose and mean shape. β, a 20-dimensional
vector, represents principal components learned from scan data, which takes
responsibility to the shape of the model. In Figure 3.3, the mean shape is in
the middle and different components represent different animal families. The
SMAL has fivemean shape data of 5 different families: Felidae (cats), Canidae
(dogs), Equidae (horses), Bovidae (cows) and Hippopotamidae, which can be
used as the template. θ, a 99-dimensional vector, is composed of relative rota-
tion of 33 joints in the kinematic tree which can change the articulated pose.

3.2 Fitting 3D Model to Image

3.2.1 Common Idea
Depth information is useful for model reconstruction and scene reconstruction,
but the acquisition of depth information is tough due to traditional technical
limitations. Moreover, it’s an inherently ill-posed problem between the 2D
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Figure 3.3: The shape coefficients in SMAL family [30]

images and the 3D world since ambiguous problems happen in the depth pre-
diction frommonocular image [61]. For example, two different poses can have
the same silhouettes shown in Figure 3.4.

Figure 3.4: Depth ambiguity of silhouettes [62]

In order to reconstruct the subject from the image, we need to have extra
information about the subject. For example, 2D keypoints of the subject in the
image can provide accurate pose information of the subject. The silhouette
can provide information about the shape and pose.

In general, we first select the points representing the head and feet on
the human model shown as red points in the human model in Figure 3.5.
Assumed that a camera is set, we project the points on the head and feet
of the human model into the image shown as the green point in the image.
When changing the parameters of the camera or the model, the reprojection
points will also change. The main fitting idea is to minimize the distance be-
tween the reprojection joint points (the green points in the image) and 2D joint
ground truth (the red points in the image) which are in the red circle and the
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camera matrix will be optimized at the same time. It minimizes the energy
E(θ, β) = Ekeypoint +Eshapeprior +Eposeprior + ... where Ekeypoint is the sum
of the distance of all keypoint correspondent pairs. Eshapeprior and Eposeprior

are regularization terms with different prior knowledge, which set constraints
on the parameters.

Figure 3.5: Common idea for fitting 3Dmodel to image. The image is selected
from HumanEva [63].

3.2.2 Fitting SMAL to Image
The flow chart of fitting SMAL model into an image is shown in Figure 3.6.
The inputs are the original image, the corresponding 2D keypoint annotations
and the corresponding silhouette. The annotations contain 28 keypoints of the
animal in the image. The algorithm will first estimate the global pose of the
animal in the image and then estimate the pose and shape parameters in the
alignment part. In the refinement, the algorithm does optimization to get a
better shape coefficient of the model.

Figure 3.6: The flow chart of SMAL and refinement

3.2.2.1 SMAL Alignment

Selected vertices on the mesh SMAL uses 28 keypoints for the whole pro-
cess, while the result will be more accurate if more keypoints are added. In
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Figure 3.7(a), 28 keypoints are manually annotated on the image. A set of ver-
tices on the mesh are annotated corresponding to the keypoints on the image
shown in Figure 3.7(b).

(a) An example of keypoints in SMAL model

(b) Select correspondent vertices in mesh

Figure 3.7: Selected vertices on the mesh and corresponding 2D keypoints

Estimate global translation The algorithm will set up the camera first and
roughly estimate the global translation and global orientation of the animal by
minimizing the reprojection errors of eight selected keypoints on the animal
body.

Figure 3.8: Estimate global translation
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Keypoint fitting and silhouette fitting Based on the global translation, the
algorithm takes 28 keypoints into account and minimizes the reprojection er-
rors of all selected keypoints shown in Figure 3.9(a).

Besides, the algorithm also considers the silhouette. Given the annotated
segmentation, the algorithm penalizes the reprojected keypoints that are not
in the silhouette shown in the red circle in Figure 3.9(b). It minimizes the
energy E(θ, β) = Ekeypoint + Esilhouette + Eshapeprior + Eposeprior + ... and
jointly optimizes all the parameters. The result after alignment is shown in the
middle of Figure 3.12, the 3D animal model has the similar pose with the one
in the original image while the back of the animal model does not fit to the
image well. Since the silhouette fitting limits those reprojected keypoints not
to exceed the annotated silhouette, it does not take the reprojected keypoints
which are inside the silhouette into consideration.

(a) Keypoint fitting (b) Silhouette fitting

Figure 3.9: Keypoint fitting and silhouette fitting in the SMAL alignment

3.2.2.2 SMAL with Refinement (SMALR)

The refinement aims to capture a more accurate 3D shape of the animal from
the image. It reprojects the model into the image and generates a reprojected
silhouette (the silhouette in yellow), as shown in Figure 3.10 based on the
result of the SMAL alignment. It moves a set of vertices to have a better fit on
silhouette ground truth (the silhouette in green), as shown in Figure 3.10.

Figure 3.10: Refinement
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Besides, the refinement also focuses on the reconstruction on the head and
mouth. Additional shape prior knowledge, that the mesh needs to be sym-
metric according to the central axis of the animal, is applied during the op-
timization. Figure 3.11 shows the result comparisons between two models.
The cheek of the tiger in the image can explain the segmentation better under
the SMALR model. According to segmentation, after the optimization, the
left cheek of the animal becomes larger. Because of the symmetry, even if the
segmentation does not reflect the information of the animal’s right cheek, the
right cheek of the animal becomes larger.

Figure 3.11: Comparison of SMAL and SMALR [31].Silhouette(left),
SMAL(millde) and SMALR(right).The SMALR model produces a larger left
cheek of the animal because of the silhouette and a larger right cheek because
of symmetry constrain.

The model after refinement has the same pose with the one after alignment
shown in the third picture in Figure 3.12. From the result, the back of the
animal is more fitted to the image. The head and mouth of the animal have a
better reconstruction.

Figure 3.12: Reconstruction result of SMAL alignment and SMAL refinement
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3.3 RNN and LSTM

3.3.1 RNN
Recurrent Neural Networks (RNN) [64] are frequently used for processing
sequence data. The basic structure of a vanilla RNN is shown in Figure 3.13.
The output yt of time t is not only related to the current input xt, but also
depend on the result of hidden layers from last time step t − 1. The RNN is
defined by the following Equation 3.3 where i(t), h(t), o(t) represent the input
at time t, the hidden state at time t, and the output vector at time t respectively.
Tanh is an activation function andWi represents the learnable weightmatrices
and b and c are the bias vectors.

Figure 3.13: RNN structure [64]

h(t) = tanh(W1 × i(t) +W2 × h(t− 1) + b)

o(t) = tanh(W3 × h(t) + c)
(3.3)

3.3.2 LSTM
Gradient vanishingmay occur when using backpropagation for updating RNN.
Furthermore, the performance of RNN will become poor when the input se-
quence is long. The restored memory capacity is limited in vanilla RNN. The
Long-Short Term Memory (LSTM) [58] network is proposed to change the
hidden layers to a short-term memory module. A memory module consists of
three gates which control the cell states.

Figure 3.14 shows an LSTM cell. The new cell state at time step t depends
on the old cell state at time step t− 1 and the current input at time step t.
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Figure 3.14: Long short-term memory (LSTM) cell
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Methods

In this chapter, wewill first introduce two datasets that we use and two pipelines
for the thesis work. Then we will describe different parts in two pipelines like
3D model generation and action recognition.

4.1 Pipeline
The main idea of the thesis is to reconstruct the humans or horses in the video
and use the 3Dmodel representations to do action classification. Two pipelines
for humans and horses are shown in Figure 4.1 and Figure 4.2

For human experiments, Human mesh and motion recorvery (HMMR)
generates the 3D human model sequences. We use the 2D keypoints obtained
by Openpose and video frame as the input and directly generates the model
sequences. And the pose parameter sequences are the input of the neural net-
works for two-class classification.

For horse experiments, silhouettes obtained by OSVOS and 2D keypoints
of the horse in the images which are obtained by 3D Mocap data, are needed
for fitting the SMAL model into the images. After reconstructing the model
sequences, we do lameness classification based on the pose parameters.

The main difference between these two pipelines is the way of model gen-
eration and the data prepossessing for the original data. We do not consider the
shape of the human model during the model reconstruction, while the shape
of the horse is included. That is why the pipeline for humans does not require
segmentation generation. The way of generating 2D keypoints is different,
which depends on specific types of data. Openpose can directly obtain the 2D
keypoints of the human from the videos. However, given 3D markers posi-
tions, we first estimate the camera matrix and the 2D keypoints are obtained

21
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by projecting 3D points into 2D images.

Figure 4.1: The pipeline of human data

Figure 4.2: The pipeline of horses

4.2 Datasets
Thework uses two datasets: one is BerkeleyMultimodal HumanActionDatabase
(MHAD)[65], another is the Horse Treadmill dataset collected by Swedish
University of Agricultural Science (SLU) and University of Zurich.

4.2.1 Berkeley MHAD
Berkeley MHAD records 11 different actions acted by 12 subjects with seven
men and five women. The actions include jumping, waving, punching, and
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Table 4.1: Details of MHAD Data

Action
Index Action Number of Repetitions

per Recording
Number of
Recording

Approximate Length
per Recording

1 Jumping in place 5 5 5 sec
2 Jumping jacks 5 5 7 sec
3 Bending - hands up all the way down 5 5 12 sec
4 Punching (boxing) 5 5 10 sec
5 Waving - two hands 5 5 7 sec
6 Waving - one hand (right) 5 5 7 sec
7 Clapping hands 5 5 5 sec
8 Throwing a ball 1 5 3 sec
9 Sit down then stand up 5 5 15 sec
10 Sit down 1 5 2 sec
11 Stand up 1 5 2 sec
12 T-pose 1 1 5 sec

so on. The dataset also contains different types of data obtained by different
systems. The camera system consisting of 4 clusters can record the human in
different views, and a kinect system records all the point cloud of the human
body. The Motion capture system collects optical data and Skeletal data. The
voices are recorded as well as the accelerometers. This thesis project only
chooses the videos collected by the camera in front of the subject. Table 4.1
shows 11 different actions and each action repeats five times in one recording.

4.2.2 Horse Treadmill Dataset
The Horse Treadmill dataset contains ten horses with different sizes and three
kinds of actions: standing, walking, trotting of different horses on an indoor
treadmill. Some videos contain three side views of the horse, and 51 IMU
sensors collect the marker position data when the camera is working.

Different levels of pressure are put on the sole of one hoof of the horse by
screwing a bolt against the sole, which can induce different lameness scales.
It creates a "stone in the shoe" type of lameness. We choose a total of 161
videos shown in Table 4.2 where the horse is trotting with a view from the left
side and have corresponding 3D markers information, which can also be seen
as motion capture (Mocap) data.

4.3 3D Human Model Generation
In our experiment, HMMR is used to reconstruct the human model sequences
from Berkeley MHAD. Before feeding the video into the HMMR, the 2D key-
points are extracted by Openpose in order to have pseudo-ground truth for the
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Table 4.2: Numbers of lame and no-lame video

HorseName No-lameVideo LameVideo FL Leg* FR Leg* HL Leg* HR Leg*

Artiste 5 22 6 6 4 6
Horatio 5 14 4 3 4 3
Lacantus 5 17 3 4 7 3
Largo 7 16 4 4 5 3
Lazzarino 1 6 3 3 0 0
Leando 4 13 2 3 5 3
Lord 4 18 3 5 6 4
Pralin 5 19 3 6 4 6
* The last four columns represent the video number of different lame legs.
FL: Front Left, FR: Front Right, HL: Back Left, HR: Back Right.

whole network.

4.3.1 Openpose for Obtaining 2D Keypoint
Openpose [66] is a pose estimation system based on a convolutional neural
network and supervised learning developed by Carnegie Mellon University.
Openpose is flexible in terms of the input types as well as the operating sys-
tems. The real-time system can do tracking on multiple people at the same
time. It has three detection blocks including body and foot detection, hand
detection and face detection, which can detect in total 135 keypoints. In the
human experiment, we use the model which is trained on the COCO dataset
and detect 18 keypoints of the human in the video as the input of HMMR.

4.3.2 HMMR for 3D Model Generation
Most of the 3D human model generation are based on the SMPL model. To fit
the SMPL model into the image or video, it needs to know the 2D keypoints
of the human in the image. The Human mesh recovery(HMR) uses a convo-
lutional encoder to regresses the 3D human representation directly from the
image. A set of discriminators is essentially a set of generative adversarial
models (GAN), which is trained on a large scale of 3D human datasets. The
regressed parameters are sent to the discriminators to judge whether the pose
and shape of the predicted human model are in accordance with the attitude
of a normal person or not.

Human mesh and motion recovery (HMMR) is proposed by [29] and aims
to learn the human 3D dynamics information from the videos and generate
smoother results across the frames based onHMR. TheHMMRcan get smoother
human mesh results since it takes temporal information into account. The hal-
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lucinator, which can hallucinate the past and future 3D human motion from a
single frame, is learned from the output of the temporal encoder.

The whole framework of HMMR is shown in Figure 4.3. Resnet [40] is
used for extracting the features of each frame from a video. A one-dimensional
encoder fmovie trained on these features encodes the temporal information into
φt by a sliding windowwith central frame t. φt can not only recover the human
shape and pose at frame t but also predict the pose change in the nearby frames
through the hallucinator. An prior adversarial knowledge of human pose is
considered as one of the losses inside the model, which is defined in [28]. The
network can be trained on data with 3D keypoint ground truth or 2D keypoint
ground truth. To make good use of a large number of unlabeled videos from
internet, the network can also be trained on pseudo-ground truth, which is
obtained by Openpose.

Figure 4.3: Framework of HMMR [29]

4.4 3D Animal Model Generation
The needed inputs for fitting the SMAL model into an image are the original
video frame, the 2D keypoints of the animal in the image and corresponding
silhouette.

4.4.1 OSVOS for Generating Silhouettes
In our experiment, OSVOS is used to generate silhouettes as the input for 3D
model generation. OSVOS is a state-of-art semi-supervised method for video
object segmentation and uses at least one annotated frame in the test sequence
as the input.

As seen from the pipeline of the entire model shown in Figure 4.4, it is
a learning process from coarse to fine. The base network is pre-trained on
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ImageNet to separate the foreground and background. Then, the parent net-
work is trained on DAVIS [67] training set containing horses, which produces
more accurate segmentation results. The final network is finetuned on given
annotated frames to focus on the specific object.

The whole model is based on fully convolutional networks (FCN) and pro-
cesses each frame independently by learning the appearance information from
the specific object in the annotated images. Different from previous methods,
the model does segmentation on each frame and obtains temporal consistency
at the same time, given the assumption that the object doesn’t vary too much in
consecutive frames. In other words, the model can handle different situations
like occlusion and sudden movement of the object.

OSVOS has two time-consuming processes. One process is to finetune
based on the parent network and another process is to generate segmentation
for all frames. For the former process, OSVOS has a trade-off between accu-
racy and speed. Users can choose to annotate at least one frame as the input
and decide the number of iterations that the network will learn. The more an-
notated frames that are provided or more iterations that the network needs to
learn, the more time that the network takes to learn from the data, the more ac-
curate the model is. Further, the segmentation generation process takes 102ms
per frame when dealing with the sequence.

Considering the Horse Treadmill data, the running speed of the horse on
the treadmill is faster than the frame rate of the camera so that many move-
ments cannot be captured completely. The body of the horse can be seen cer-
tainly since it does not have toomuchmovement except the legs of the horse. In
most frames, the legs have a high level of blur and even the human eye cannot
distinguish the contours of the legs. In this situation, since the SMALRmodel
needs the segmentation with higher accuracy, five frames from one video are
used as the OSVOS input. And these five frames are chosen based on different
poses of the horse and are manually labeled.

4.4.2 Projection Matrix for Obtaining 2D Keypoint
As we mentioned above, 2D keypoints of the object in the image are one of
the inputs when fitting the model into an image. This section presents one
of the methods used for obtaining 2D keypoints of the horse in the video by
projecting the 3D mocap data into the 2D image through a camera matrix. In
the treadmill data, since the sensors and camera are not under the same control
equipment, video and data won’t start at the exact same point. Thus, the video
and mocap data are out of synchronization. The camera matrix estimation and
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Figure 4.4: The pipeline of OSVOS [42]

Figure 4.5: OSVOS framework

synchronization are two steps in order to obtain 2D keypoints.

4.4.2.1 Introduction of Camera Matrix

In order to obtain 2D points in image coordinates from 3D points in world
coordinates, it is necessary to calculate the projectionmatrix/cameramatrixM
of the camera [45]. FromEquation 4.1, the camera matrixM can be calculated
by a set of 3D coordinates Xi, Yi, Zi where i = 1, ..., n and a set of image
coordinates xi, yi. There are totally 12 elements of the 3 × 4 homogeneous
matrixM and it will be 11 elements because this matrix is only defined up to
an arbitrary scale factor.

 xi
yi
1

 = M ×


Xi
Yi
Zi
1

 (4.1)
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M =

 m1,1 m1,2 m1,3 m1,4
m2,1 m2,2 m2,3 m2,4
m3,1 m3,2 m3,3 m3,4

 (4.2)

To calculate the unknown elements, we can solve it in a mathematical way.
By expanding the Equation 4.1 and Equation 4.2, two equations can be ob-
tained shown in Equation 4.3. Thus, one correspondence of 2D and 3D points
can have two equations and determine two unknown elements. It needs at least
6 corresponding points to calculate 11 unknown elements. The result will be
more accurate if more points are used.

m1,1X + m1,2Y + m1,3Z + m1,4 − m3,1xX − m3,2xY − m3,3xZ − m3,4x = 0

m2,1X + m2,2Y + m2,3Z + m2,4 − m3,1yX − m3,2yY − m3,3yZ − m3,4y = 0
(4.3)

4.4.2.2 Camera Matrix Calculation

The camera matrix is estimated with one mocap-video frame pair. Figure 4.6
shows the first frame of Mocap data and Figure 4.7 shows several frames ex-
tracted from the video. After visual inspection, it was assumed that the fifth
frame of video could be the one corresponding to the first frame of the Mocap
data, which can be used for synchronization shown in Section 4.4.2.3.

Figure 4.6: First frame of MoCap. The red lines can be seen as the skeleton
of the horse

As mentioned in Section 4.4.2.1, eleven elements of the camera matrix
can be calculated with at least six corresponding 3D and 2D points. Follow-
ing the previous step, the first frame of the mocap data is corresponding to the
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Figure 4.7: Several frames of Video

fifth frame of the video. Since the problem is overdetermined, the more cor-
responding pairs, the better the matrix can be estimated. Twenty-one markers
on the horse body are chosen from the fifth frame of the video to be manually
annotated since these markers can be easily seen on the image and they stay on
the main body part of the horse body. Once the pairs are prepared, the camera
matrix can be calculated by Equation 4.1 and Equation 4.2.

4.4.2.3 Synchronization

As mentioned before, the Mocap data and videos are not synchronized. The
synchronization is necessary because the more accurate the 2D keypoints you
have, the more accurate the reconstruction results will be. It is important to
know which frame of the mocap data corresponds to which frame of the video
data. Thus, we decide the starting frame numbers of both data from the camera
estimation step.

Considering the treadmill data, the frame rate of the videos is 25 and the
mocap data are recorded at 256 times per second. Thus the frame rate of the
mocap data is about 10 times the frame rate of the videos. Figure 4.8 shows
the frame number of one second. Assuming that the video and the Mocap data
have the same starting point which means they are already synchronized, each
frame of the videos represents ten frames of the mocap data. The mocap data
can then be separated into 25 pieces with 6 frames data left. In this case, the
error will keep going up as the number of seconds increases. To make sure



30 CHAPTER 4. METHODS

that the video and the mocap data are corresponding without big errors, six
pieces inside 25 pieces are randomly selected to represent 11 frames of the
mocap data instead of ten frames.

After the camera matrix is computed and the synchronization, the rest of
the 2D keypoints of the video can be obtained by the multiplication of the
rest of the mocap data chosen in the synchronization part and the calculated
camera matrix shown in Equation 4.1.

Figure 4.8: Synchronization

4.4.3 Mocap Data and Mesh Correspondences Selec-
tions

In the treadmill data, the 51 markers are not the same with 28 keypoints as
we introduce the SMAL model in Section 3.2.2.1. The default 28 keypoints
include the keypoints on the faces and the tail while the 51 markers contain
more points on the legs and the back of the horse. Figure 4.9(a) shows all the
markers on the horse. In order to fit the SMAL model to the image with the
new keypoints, we need to select new sets of vertices on the mesh and record
the indexes of them.

The Point Processing Toolkit (PPTK) [68] is a Python package for visual-
izing and processing 2D/3D point clouds. PPTK takes point clouds as input
and directly visualizes large point clouds in Python. Also, it is convenient for
selecting specific points and obtaining the selected point indices.

We compare the positions of the markers on the horse’s body and choose
some points on the mesh which are at similar positions. The yellow points
are shown in Figure 4.9 are the points selected on the mesh to represent the
corresponding markers on the back of the horse. In the treadmill data, the
keypoints on the left face of the horses are missing in many videos. Thus, we
add the markers on the back, hip, sternum, legs on the horse, which are 50
keypoints in total.
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(a) The markers on the horse body in the treadmill data

(b) An example of the back of the horse in PPTK

Figure 4.9: New selected vertices on the mesh

4.4.4 Model Generation
In the treadmill data, we have eight different horses. Naturally, each horse
has its own body type. We want to build a model that can describe the shape
of a horse to the greatest extent and keep every horse with the same specific
shape. To have a better reconstruction of each horse, we select one frame
to do refinement of the model after the SMAL alignment and take the shape
parameters as the personalized template for each horse. Then we keep the
shape fixed and do an alignment on all videos of the same horse to learn the
pose parameters for each frame.
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4.5 Action Recognition
We generated multiple sequential 3Dmodel data using HMMR for human data
and SMALR for animal data. A 3D model representation (θ, β, t) is obtained
for each frame of the videos where θ, β, t are the pose, shape and translation
of the model, respectively.

4.5.1 Introduction to Pose Parameter θ
The pose parameter θ = (ω1, ω2, ..., ωk)

T , k ∈ (1, 2, ...., 3n) in the SMPL
and SMAL model represents the relative rotation of each joint and root joint
according to the kinematic tree. ωi, ωi+1, ωi+2 indicates the angles of three
axes for each joint. There are n = 23 joints inside the SMPL model and the
SMAL model is separated into n = 33 parts.

Figure 4.10: Numbers of joints in SMPL model and SMAL model

A rotation matrix Ri of each joint can be transformed from ωi by the Ro-
drigues formula [69]. Given the assumption that i represents the hand joint,
the rotation matrix of hand Ri is calculated by ωi. The target joint position
(x2, y2, z2)

T can be calculated by the original joint position (x1, y1, z1)
T and

the rotation matrix Ri of the specific joint by using the Formula 4.4. The pose
parameters contain rotation information of each joint that may be helpful to
do action classification.

(x2, y2, z2)
T = Ri(x1, y1, z1)

T (4.4)

4.5.2 Standard LSTM
For human data, the length of pose parameters is 72 with relative rotations of
23 joints and a root joint. For animal data, the length of the pose parameter is
99 with relative rotations of 32 joints and a root.
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Figure 4.11: Explain Rotation Matrix

The one-layer standard LSTM architecture is shown in Figure 4.12. The
input size of LSTM depends on the size of the pose parameters. The time
step depends on the size of the clips. The data at time t goes through the
same LSTM network. After time step n, a fully connected layer is used for
classification. And the output size depends on the number of actions that we
want to classify.

Figure 4.12: LSTM network

4.5.3 LSTM with An Attention Mechanism
Since the pose parameters for each frame are combined with multiple joints
on the body, we develop an LSTM with an attention mechanism in order to
see whether some parts of the body are more important when performing an
action classification task. As shown in Figure 4.13, the network under the
inputXt is called LSTMwith attention. For the input at each time stepXt, the
output of the LSTM network with attention can be the weight Ot of current
input after passing a fully connected layer. Usually,Ot is a value between zero
and one. The sum of Ot equals to one. The input at time step Xt is updated
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by multiplied with the weight Ot. We use the new weighted input as the input
of another standard LSTM as mentioned above, followed by a fully connected
(FC) layer to classify.

To the best of our knowledge, there is no study on recognize different ac-
tions using the 3D reconstructed model. Thus the experiment on humans is
necessary to test the feasibility of this idea. There aremany human data that are
easy to obtain and already under prepossessing. Open source datasets about
humans are available to help build a good model and test on our approach.
That is why we first perform the whole thesis work on human data to test the
feasibility of our approach. If the networks can classify different actions on
human data, it is highly likely that the networks will be useful in horse tasks.

Figure 4.13: LSTM with attention mechanism



Chapter 5

Experiments and Results

In this chapter, we show the experiments on human data and animal data, re-
spectively. In Section 5.1, we show the experiments of the 3D human recon-
struction and action recognition. In Section 5.2, we show the results of 3D
horse reconstruction and lameness detection.

5.1 Human Experiments
In this section, we first compare the results of HMR and HMMR for generating
the human model. And then we show the results of two-class action recogni-
tion based on Standard LSTM and LSTM with an attention mechanism. Fi-
nally we visualize the attention weight results and make some interpretations
of the results. We check the feasibility of action recognition on 3D data from
a human dataset before the animal experiments.

5.1.1 3D Model Generation
5.1.1.1 Result of HMMR

We first predict the joint positions by Openpose as the pseudo-ground truth.
HMMR takes the original video frames and pseudo-ground truth as the inputs
and regresses the 3D human model sequences. The predicted 3D human mesh
of the body is shown in Figure 5.1(d). The predicted joint output by HMMR
shown in Figure 5.1(c) and the pseudo-ground truth from Openpose shown in
Figure 5.1(b) are similar.

We also compare the reconstruction results of HMR and HMMR given the
same frames in the same video shown in Figure 5.3 and Figure 5.2. In Figure

35
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Figure 5.1: Reconstruction result of HMMR

5.2, especially the third column, HMMR generates smoother model sequences
since it takes the temporal information into consideration. In Figure 5.2, the
model under HMMR in the third row keeps track of the human in the video
and the human model in the sequence behaves in a more nature way compared
to the model under HMR.

Figure 5.2: Reconstruction result comparison of HMR and HMMR in a video
from the ‘Jumping in the place’ class

5.1.2 Action Recognition
5.1.2.1 Data Preparation and Network Hyperparameters

We reconstruct the videos in MHAD and select the set of pose parameters for
each frame as our data for action classification.

We perform a two-class classification. MHAD has a total of twelve sub-
jects. We randomly select eight subjects for training, two subjects for valida-
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Figure 5.3: Reconstruction result comparison of HMR and HMMR in a video
from the ‘Sit down and stand up’ class

tion data and two subjects for testing data. For each video, we randomly select
fifteen clips for one record, and each clip has 2 seconds duration under the
video frame rate is ten. Every two-class classification, the frame number of
training data is 24,000 for two actions, the frame number of validation data is
6,000 for two actions and 6,000 frames for testing data for two actions. The ex-
periments are based on the hyperparameters of the network, which are shown
in Figure 5.4.

(a) The standard LSTM network architecture

(b) The LSTM with attention mechanism network architecture

Figure 5.4: Network Architecture
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5.1.2.2 Result Comparison

The result of classification between waving two hands and waving the right
hand is shown in Figure 5.5. The training loss and validation loss keep de-
creasing with fluctuation in both Standard LSTM and LSTMwith the attention
mechanism. The accuracy in the test set reaches 100% after one epoch in both
situations.

Figure 5.5: Classification between waving two hands and waving right hands

The result of classification between jumping in place and sit down and
stand up is shown in Figure 5.6. In Standard LSTM, the training loss decreases
while the validation loss increases to a peak at the third epoch and then goes
down. The accuracy reduces to 65% after reaching 100% and then the accu-
racy is stable with 100%. In LSTM with the attention mechanism, it spends
more time to converge comparing to the Standard LSTM, but the accuracy
reaches 100% finally.

5.1.2.3 Result Visualization

We visualize the attention weights based on two experiments above. The first
one is the classification between ‘waving right hand’ and ‘waving two hands’.
The second one is the classification between ‘jumping in place’ and ‘sit down
and stand up’.

As we can see, the main difference between ‘waving two hands’ and ‘wav-
ing right hand’ is the left hand of the person. In Figure 5.7, the numbers in
the figure are the top three attention weights in the corresponding frame. The
higher the weights, the higher the joints that the network focuses on. We can
see the attention weights on the left elbow of the person in the video are already
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Figure 5.6: Classification between jumping in place and sit down and stand up

reach 0.99 in both actions. It makes sense that the network with the attention
mechanism focuses on the main difference when doing the classification task.

Figure 5.7: Result visualization of waving two hands and waving right hand
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We can see the difference between ‘jumping in place’ and ‘sit down and
stand up’ in Figure 5.8. Figure 5.8a shows two frames in the video ‘jumping
in place’ and Figure 5.8b shows two frames in the video ‘sit down and stand
up’. When the person prepares to jump, the weights of the abdomen are a bit
larger than the weight of any other joints. The network becomes to focus on
the shoulder part when the person is jumping up. While, when the person is
standing, the distribution of the weights is quite similar to the distribution in
jumping. However, the weights of the abdomen become super high when the
person is sitting on the chair.

5.2 Animal Experiments
In this section, we will first show the experiments of the data prepossess for
model generation including the 2D keypoints obtaining and the silhouette gen-
eration. Then we will also show the experiments of 3D horse model genera-
tion, followed by the experiments and results of lameness detection.

5.2.1 Camera Matrix and Synchronization
In the Horse Treadmill data, the system captures the 3D positions of the mark-
ers that are put on the horse body. Since data recorded from the machine is
more reliable and accurate, we decide to calculate the 2D keypoints on the
horse body from 3D mocap data.

In order to project the 3Dmocap data into a 2D image, we need to calculate
the cameramatrix first. The standard for choosing the corresponding keypoints
for calculating a projection matrix is that the keypoints need to be seen in
the image. We select one frame in 3D mocap data and one image frame in
the video, in which the horse stands in a similar pose. I manually label the
keypoints that are selected from the image and select the corresponding points
in 3D mocap data. The camera matrix can be calculated by using Equation
4.1.

At first, I chose a total of 16 keypoints including the markers on the head,
back, hip of the horse for the matrix calculation. The points generated by the
matrix perform well except the legs of the horse because the main body of the
horse does not have a great range of action compared to the legs of the horse.
Thus I added six keypoints on the legs of the horse to calculate the camera
matrix, after which the leg projections perform better.

In Figure 5.9, the points except for the points in yellow are all calculated
with the camera matrix. The red points are the body of the horse, the yellow
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(a) ’Jumping in place’

(b) ’Sit down and stand up’

Figure 5.8: Result visualization of ‘jumping in place’ and ‘sit down and stand
up

points are the points chosen for calculation, the points in blue represent the
points on the left side and the green points are the right side points. It can be
seen that the legs are shorter in the left image than the one in the right image.

In Figure 5.10, the first row shows the result without synchronization. That
means that there are ten frames of Mocap data between each frame of the
video. The second row shows the result with synchronization, that means that
we make the Mocap data in one second correspond to the video frame in one
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Figure 5.9: Comparison between two results using a different number of key-
points. Yellow points are manually labeled. The red points are the body of the
horse, the blue points are the left side of the horse body and the green points
are the right side of the horse body.

second. It is easy to see that at first, the one without synchronization is fitting
quite well to the image, but as time goes by, the gap between video and mocap
data is becoming larger and the result is not good. In contrast, the one with
synchronization generates a better result.

Figure 5.10: Comparison of projection result with and without synchroniza-
tion. If we compare the third column of these two results. It is obvious that
the projection results are not in the right position in the case without synchro-
nization.
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5.2.2 Segmentation
An accurate silhouette is needed for obtaining a better shape in the 3D model.
For generating the silhouettes, we first compare the results between OSVOS,
DeeplabV3+ and Maskrcnn. Since OSVOS has a trade-off between accuracy
and speed, we also compare the results between one frame and five frames for
each video as the input.

At first, I take one frame and the labeled silhouette as the input to OSVOS
and finetune the network based on the parent network for 700 iterations. The
results of the segmentation are acceptable. Since the frame rate of the video is
25, the legsmovements are not clear in some frameswhich results in separation
of one leg or connection with two legs. Some results can be seen in Figure
5.11.

Figure 5.11: The results of OSVOS [42] using one annotated frame as input
where the horse is in three different poses

There are many algorithms of segmentation like DeepLabv3+[44], Maskr-
cnn[41]. Figure 5.12 shows the segmentation results of these methods. The
main body of the horses can be seen in all three methods, while the perfor-
mances are different between the legs of the horse. Some parts of the legs are
missing in the result of Deeplabv3+ and Maskrcnn.

Since the segmentation needs to be accurate enough for fitting the SMAL
model to the image, we take more than one frame as the input to OSVOS.
We select five manually annotated frames in the video in which the horse is
in a different pose and finetune the network based on the parent network for
1,000 iterations as shown in Figure 4.5. The comparison of the results based
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Figure 5.12: Segmentation result of three different methods

on one shot and five shots is shown in Figure 5.13. In the second row, there is
a separation in the bending leg in the result of one-shot input, but the legs of
the horse remain intact in the result of five shots input. There is a connection
between the front legs of the horse while the OSVOS with five shots input
generates the silhouettes better.

Figure 5.13: Segmentation result comparison between different numbers of
frames as input to OSVOS
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5.2.3 Result of Reconstruction
We take the 2D keypoints, silhouettes and original video frames as the input to
fit the 3Dmodel to the images. At the same time, we have somemethods to im-
prove the speed of the fitting process. First, we will compare the fitting result
with different numbers of fitting keypoints. Second, we generate a personal-
ized template of each horse and generate the model based on the templates.
Third, in order to shorten the time for fitting, we recalculate the global pose
every 100 frames as the global translation initialization for the model.

5.2.3.1 Reconstruction with Different Keypoints

As mentioned before, the model needs 28 keypoints for fitting. The treadmill
data has 51 keypoints in total. In order to make good use of the data, we
select 50 keypoints for fitting the 3D model since one of the markers has too
much missing data. Each image takes about seven to ten minutes for the whole
process including alignment and optimization.

The comparison between the performance of 28 keypoints and 50 key-
points can be seen below. The reconstruction uses the segmentation results of
OSVOS with five shots input shown in 5.13. We use the ‘horse’ family as the
basic shape of the initial model.

In Figure 5.14, the models after alignment are similar in the result of dif-
ferent keypoints while the result of front legs with 50 keypoints is better than
the one with 28 keypoints because of more added keypoints on the legs. In
Figure 5.15 and Figure 5.16, the back, and hip of the horse model after align-
ment with 50 keypoints match more than that with only 28 keypoints since the
keypoints we add are distributed between the body of the horse.

In these three figures, we can see that the model with optimization is better
than that with alignment. It is obvious that the tail, the head, and neck of the
horse are fitting better with optimization because, in the optimization part,
the model will have more scale parameters for segmentation fitting and have
an accurate optimization of the head. The results of optimization between two
numbers of keypoints are quite similar because they use the same segmentation
as input. However, because the treadmill dataset does not include the points
on the tail, the results after refinement with 50 keypoints have distortion on
the tail in the refinement step shown in Figure 5.17.
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Figure 5.14: Fitting results of the image with ‘good result’ in 5.11. The first
row shows the original image, the SMAL alignment result with 28 keypoints
and SMAL refinement result with 28 keypoints. The second row shows the
original image, the SMAL alignment result with 50 keypoints and SMAL re-
finement result with 50 keypoints.

5.2.3.2 Model Reconstruction Based on Personalized Template

The shape of an animal is fixed and should not be changed too much in the
videos. The optimization part in the algorithm focuses on shape fitting, which
is computationally costly. Our idea is to create a personalized 3D model and
then we can fix it’s shape and do the alignment. We do the 3D reconstruc-
tion with a personalized template for each horse that keeps the shape of the
horse intact throughout the videos. Since the alignment process relies on the
silhouettes and the segmentation algorithm may not be 100% accurate, it is
also possible to prevent excessive deformation of the horse’s legs during re-
construction. And it can shorten the time of reconstruction.

As we mentioned above, we want to keep the fixed shape of the animal
model for each individual horse in the dataset. One premise is that the tem-
plate model should be accurate enough. What we did is to manually add two
keypoints, the start point of the tail and the endpoint of tail since the horse
treadmill data do not have the keypoints on the tail, which will cause distor-
tion of the tail in the refinement. Then we do the alignment and refinement
together. Figure 5.18 shows the 3D personalized templates of two different
horses under 52 fitting keypoints.
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Figure 5.15: Fitting result of the image with ‘separation of leg’ in 5.11. The
first row shows the original image, the SMAL alignment result with 28 key-
points and SMAL refinement result with 28 keypoints. The second row shows
the original image, the SMAL alignment result with 50 keypoints and SMAL
refinement result with 50 keypoints.

During the experiment, each image takes about three to four minutes for
the fitting with the template since we skip the refinement, a reduction of four
minutes. Figure 5.19 shows the fitting results after alignment using the same
images as shown above. We can see that the algorithm performs well with the
personalized template. We can conclude that the results with the template are
better than the result by using a default family template.

5.2.3.3 Model ReconstructionBased onPrecalculatedGlobal Pose

As we mentioned in 3.2.2, the algorithm will first estimate the global pose and
get the initial translation parameter and pose parameter, which takes about one
to two minutes. In the treadmill data, the horse keeps trotting on the treadmill
and the camera is fixed when recording the video. The idea is to let the trans-
lation and pose of the model in the previous frame serve as the initial input in
this frame which can save running time. It takes about four minutes for the first
frames and two minutes for the rest frames with previous information, which
increases the speed of the whole algorithm. In the fitting experiments, if the
global translation of the previous frame is directly used for the next frame’s
calculation for all the video frames, a fitting collapse happens in some cases.
Wemake a trade-off between speed and accuracy that we recalculate the global
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Figure 5.16: Fitting result of the image with ‘connection between legs’ in 5.11.
The first row shows the original image, the SMAL alignment result with 28
keypoints and SMAL refinement result with 28 keypoints. The second row
shows the original image, the SMAL alignment result with 50 keypoints and
SMAL refinement result with 50 keypoints.

Figure 5.17: Tail distortion of the model

translation every 100 frames. In practice, this approach is robust and makes
sure that all the fitting frames have good fitting results. Figure 5.20 shows the
results of using the parameter from previous frame within 100 frames. We
can see that there are no obvious differences in the results between the one
with using the information from the previous frame and without the previous
information. Figure 5.21 shows the reconstructed model with corresponding
2D keypoints and silhouette and the 3D model in different views. And Table
5.1 shows the rough time cost for one frame under different methods.
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(a) Personalized 3D template model of Horse ‘Artiste’

(b) Personalized 3D template model of Horse ‘Largo’

Figure 5.18: Personalized 3D template model

Table 5.1: Time cost when doing different methods

Improvement made Time cost roughly
for one frame

‘horse’ family template + alignment + refinement about 7-10 minutes
personalized horse template + alignment about 3-4 minutes
personalized horse template + alignment
+ global pose initialization from previous frame about 2 minutes

5.2.4 Action Recognition
In this section, we first introduce the data prepared for the experiments and
show the results based on different experiments.

5.2.4.1 Data Preparation

We reconstruct the horses from the videos in the treadmill data and select se-
quences of pose parameters for each frame as our data for action classification.
We perform two-class classification as we have done in the human experiment.
The treadmill data has a total of eight different horses. All horses except Sub-
ject Lazzarino have video records of front-limb and hind-limb lameness, while
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Figure 5.19: Fitting results with template

Lazzarino only has videos about lameness on front limbs. We split the data
into three different datasets for two different sets of lameness case: normal vs
front-limb lameness, normal vs hind-limb lameness shown in Table 5.2a and
5.2b, which show the number of seconds per subject based on the selected
video. We prefer to select the videos with higher pressures for lameness files
since the horses will feel more pain under higher pressures. The number of
videos with lameness is based on the selected normal video to keep the balance
of the data for neural networks. We randomly select six subjects for training,
one subject for validation data and one subject for testing data for front-limb
lameness. Thus, there are totally 56 combinations of data for further exper-
iments. However, five subjects are randomly picked as the training data for
hind-limb lameness, which results in 42 combinations of subjects for experi-
ments. For each video, we randomly select 30 clips. The clip has a window
with two seconds duration that is 50 frames.
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Figure 5.20: Fitting results with parameters from previous frames. The second
column shows the results with a global translation calculated every frame. And
the third column shows the results based on the previous global translation
which will be calculated every 100 frames. There are no obvious differences
between the second and third columns.

Figure 5.21: Reconstructed model in different views



52 CHAPTER 5. EXPERIMENTS AND RESULTS

Table 5.2: Video length of total selected videos for two-class classification

(a) Normal vs front-limb lameness

HorseName Normal Front-limb lameness
Artiste 100s 100s
Horatio 100s 100s
Lacantus 100s 100s
Largo 140s 140s
Lazzarino 20s 20s
Leando 80s 80s
Lord 80s 80s
Pralin 100s 100s
Total 720s 720s

(b) Normal vs hind-limb lameness

HorseName Normal Hind-limb lameness
Artiste 100s 100s
Horatio 100s 100s
Lacantus 100s 100s
Largo 140s 140s
Leando 80s 80s
Lord 80s 80s
Pralin 100s 100s
Total 700s 700s

5.2.4.2 Results

In this section, we show the results of different experiments. We have more
than one combination of data for each experiment. We select the epoch index
with the highest validation accuracy and the corresponding training accuracy
and testing accuracy for each combination and calculate the average accuracy
of the training dataset, validation dataset, testing dataset for all combinations.
The accuracy results shown below are the average results of all combinations.

1. Network performance for different data In treadmill data, we have the
3D Mocap data which contains the markers’ information. We generate the
SMALmodel based on the 2D keypoints which are obtained by the 3DMocap
data. We show the classification results of different models between the 3D
Mocap data and the SMAL pose parameters. In this case, we select the front-
limb lameness and normal data, which has 56 combinations, and the average
results are calculated over 56 combinations.

Table 5.3 shows the average results and standard deviations over 56 com-
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Table 5.3: Average results and standard deviations of standard LSTM on
mocap data: normal vs front-limb lameness

Standard LSTM parameters Best validation accuracy for each combination
Hidden
Size

Number of
layers

Learning
Rate

Avg. Training
accuracy

Avg. Validation
accuracy

Avg. Testing
accuracy

64 2 0.001 0.9431 ± 0.0785 0.6004 ± 0.0953 0.5021 ± 0.0872
128 1 0.001 0.9304 ± 0.0886 0.57 ± 0.0767 0.4871 ± 0.0871
128 1 0.0001 0.8911 ± 0.1321 0.5422 ± 0.0796 0.4549 ± 0.0796
128 2 0.001 0.9358 ± 0.0761 0.5887 ± 0.0879 0.4869 ± 0.0932
256 1 0.001 0.9234 ± 0.0923 0.5712 ± 0.0868 0.4826 ± 0.0772
512 1 0.001 0.9234 ± 0.0847 0.5782 ± 0.0911 0.4774 ± 0.0753

Table 5.4: Average results and standard deviations of standard LSTM on
pose parameters: normal vs front-limb lameness

Standard LSTM parameters Best validation accuracy for each combination
Hidden
Size

Number of
layers

Learning
Rate

Avg. Training
accuracy

Avg. Validation
accuracy

Avg. Testing
accuracy

64 1 0.001 0.8974 ± 0.1244 0.7286 ± 0.1396 0.5893 ± 0.1236
64 2 0.001 0.8987 ± 0.13 0.7261 ± 0.1471 0.6311 ± 0.1355
128 1 0.001 0.9086 ± 0.1084 0.7311 ± 0.1334 0.6114 ± 0.1365
128 2 0.001 0.9012 ± 0.1225 0.7372 ± 0.135 0.6137 ± 0.1209
128 2 0.0001 0.8796 ± 0.1577 0.7235 ± 0.1357 0.6109 ± 0.148



54 CHAPTER 5. EXPERIMENTS AND RESULTS

Table 5.5: Standard LSTM performance comparison on pose parameters on
different types of lameness

Lameness type Best validation accuracy for each combination
Avg. Training
accuracy

Avg. Validation
accuracy

Avg. Testing
accuracy

Normal vs Front-limb lameness 0.8987 ± 0.13 0.7261 ± 0.1471 0.6311 ± 0.1355
Normal vs Hind-limb lameness 0.8005 ± 0.1797 0.5747 ± 0.0768 0.5263 ± 0.0765

binations for different evaluated models. The average testing accuracies on the
mocap data are around 50%, no matter the network architecture. While we can
see most of the results can reach over 60% from Table 5.4. The standard LSTM
with two layers of 64 hidden nodes has the highest average testing accuracy of
63.11%.

2. Performance comparison for standardLSTM FromTable 5.4, the stan-
dard LSTM with 2 layers of 64 hidden size has the highest performance. We
compare the network performance of LSTM under the same parameters with
two layers of 64 hidden nodes and learning rate 0.001 on different kinds of
lameness.

Table 5.5 shows the average results of 56 combinations for front-limb lame-
ness and the average results of 42 combinations for hind-limb lameness. The
test accuracy between normal and hind-limb lameness is around 52.63%. How-
ever, the classification between normal and front-limb lameness has higher test
accuracy.

3. Performance comparison between subjects Different subjects have their
own action behaviors. In order to see the performance of specific subject, we
fix it as the testing subject and calculate the average validation accuracy and
corresponding training accuracy and testing accuracy in seven combinations
of training dataset and validation dataset for front-limb lameness and six com-
binations for hind-limb lameness.

We compare the difference between each subject based on the network
architecture used in Section 5.2.4.2.

From the results in the experiments on front-limb lameness classification
shown in Table 5.6a, Largo and Lord have worse performance in testing. The
average testing accuracy of other subjects can reach above 60%. Subject Pralin
has the highest average testing accuracy at 73.52% and the highest variance at
0.1498. From Figure 5.22a, it is obvious that Pralin, Leando, Lazzarion have
higher test accuracies and higher variances.
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From the results in the experiments on hind-limb lameness classification
shown in Table 5.6b. Artiste and Lord have acceptable and stable performance
in testing because of high testing accuracies and low variances.

Table 5.6: Comparison of average results and standard deviations of standard
LSTM

(a) Normal vs front-limb lameness

Horse Avg. Training
accuracy

Avg. Validation
accuracy

Avg. Testing
accuracy

Artiste 0.9133 ± 0.1091 0.673 ± 0.1652 0.6743 ± 0.1097
Horatio 0.9241 ± 0.133 0.7297 ± 0.1389 0.6557 ± 0.09203
Lacantus 0.9077 ± 0.1272 0.7245 ± 0.1624 0.5876 ± 0.1097
Largo 0.9467 ± 0.0395 0.7477 ± 0.1367 0.4969 ± 0.04137
Lazzarino 0.8957 ± 0.1509 0.7273 ± 0.1468 0.6952 ± 0.1201
Leando 0.8118 ± 0.1602 0.7299 ± 0.1474 0.703 ± 0.1109
Lord 0.8854 ± 0.1252 0.7609 ± 0.1118 0.5006 ± 0.06258
Pralin 0.9048 ± 0.1125 0.7153 ± 0.145 0.7352 ± 0.1498

(b) Normal vs hind-limb lameness

Horse Avg. Training
accuracy

Avg. Validation
accuracy

Avg. Testing
accuracy

Artiste 0.7412 ± 0.1686 0.5808 ± 0.06736 0.5628 ± 0.04596
Horatio 0.8224 ± 0.1804 0.5988 ± 0.09235 0.5006 ± 0.001242
Lacantus 0.8547 ± 0.1997 0.5842 ± 0.1005 0.4972 ± 0.07859
Largo 0.7873 ± 0.1758 0.5597 ± 0.07487 0.498 ± 0.01278
Leando 0.8247 ± 0.185 0.589 ± 0.06948 0.5201 ± 0.0479
Lord 0.8296 ± 0.1744 0.5466 ± 0.05279 0.6486 ± 0.0528
Pralin 0.7439 ± 0.1333 0.5639 ± 0.05352 0.4567 ± 0.06275

4. Performance comparison for LSTM with an attention mechanism In
Table 5.7, all the results are based on the same architectures for two LSTMs
with two layers of 64 hidden nodes. The experiments for classifying front-
limb lameness have 56 combinations of different training sets and hind-limb
lameness classification has 42 combinations of different training data. We
can see that the average testing accuracy of classifying front-limb lameness is
56.01%, while the average testing accuracy is only 49.58% when classifying
hind-limb lameness.

Table 5.8 shows the average result per subject in front-limb lameness clas-
sification over eight combinations of data and hind-limb lameness classifi-
cation over seven combinations of data. We can see that all the results are
not high. Only some subjects have acceptable testing accuracy like Leando
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(a) Normal vs Front-limb lameness (b) Normal vs Hind-limb lameness

Figure 5.22: Average accuracy and standard deviation per horse based on
Standard LSTM results in Table 5.6a and Table 5.6b. Yellow bars represent
the average training accuracy, the red bars are the average validation accuracy
and the bars in blue show the average test accuracy.

Table 5.7: LSTMwith an attention mechanism performance comparison on
pose parameters on different types of lameness

Lameness type Best validation accuracy for each combination
Avg. Training
accuracy

Avg. Validation
accuracy

Avg. Testing
accuracy

Normal vs Front-limb lameness 0.8624 ± 0.1798 0.6749 ± 0.1524 0.5601 ± 0.1441
Normal vs Hind-limb lameness 0.8144 ± 0.2037 0.5805 ± 0.0653 0.4958 ± 0.0627

(66.13%), Pralin (63.71%) in front-limb classification and Leando (53.06%)
in hind-limb classification.

5. Attention weight result visualization We want to verify whether the
network can focus on some of the joints, so we visualize the attention weight
when testing. For the network to classify the front-limb lameness, the network
is supposed to focus on the front limbs and the head, while the network is
supposed to focus on the hind limbs and hips in the hind-limb classification.

We select the data combination with the best testing performance in Sub-
ject Leando and visualize the top three attention weights for each frame. In
Table 5.9, We do a statistical calculation of all the attention weights in two
videos (one is front-limb and one is hind-limb) and show the most frequent
joints in the videos. We can see that the front limbs are more important in the
front-limb lameness videos and back limbs have been focused on in the hind-
limb lameness. The results meet our expectations for this particular subject.
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Table 5.8: Comparison of average results and standard deviations for LSTM
with an attention mechanism

(a) Normal vs front-limb lameness

Horse Avg. Training
accuracy

Avg. Validation
accuracy

Avg. Testing
accuracy

Artiste 0.7768 ± 0.2401 0.665 ± 0.1846 0.5629 ± 0.06445
Horatio 0.898 ± 0.1701 0.7641 ± 0.1635 0.5033 ± 0.07561
Lacantus 0.7585 ± 0.2232 0.654 ± 0.1572 0.5667 ± 0.08734
Largo 0.9116 ± 0.1112 0.6931 ± 0.137 0.4861 ± 0.03846
Lazzarino 0.9378 ± 0.08009 0.6495 ± 0.1071 0.5714 ± 0.2568
Leando 0.8824 ± 0.17 0.6627 ± 0.168 0.6613 ± 0.1325
Lord 0.8617 ± 0.1289 0.6801 ± 0.1413 0.4923 ± 0.07218
Pralin 0.8728 ± 0.1727 0.6307 ± 0.1012 0.6371 ± 0.1695

(b) Normal vs hind-limb lameness

Horse Avg. Training
accuracy

Avg. Validation
accuracy

Avg. Testing
accuracy

Artiste 0.8237 ± 0.1845 0.5767 ± 0.06131 0.5244 ± 0.02967
Horatio 0.9496 ± 0.06336 0.5987 ± 0.06381 0.5078 ± 0.01739
Lacantus 0.8779 ± 0.1755 0.5852 ± 0.06015 0.4756 ± 0.09087
Largo 0.6457 ± 0.1875 0.5838 ± 0.07967 0.5048 ± 0.00727
Leando 0.7407 ± 0.2378 0.5669 ± 0.0615 0.5306 ± 0.0887
Lord 0.8682 ± 0.169 0.5749 ± 0.07172 0.4653 ± 0.06395
Pralin 0.7953 ± 0.2042 0.5773 ± 0.05041 0.4622 ± 0.035

Table 5.9: Top4 joints with higher attention weights in two Leando’s videos

Front-limb lameness video
Neck LLeg3* LLeg2* Mouth

Hind-limb lameness video
RFoot* LFootBack* RFootBack* LLegBack3*
* The names without ’Back’ represent the joints on
front legs of the horses. LLeg3, LLeg2, RFoot are
the joints on the front legs. LFootBack, RFootBack,
LLegBack3 are the joints on the hind legs.
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(a) Front-limb lameness

(b) Hind-limb lameness

Figure 5.23: Attention weight visulization of Leando in different lameness



Chapter 6

Discussion

The thesis focuses on lameness detection by using the reconstructed 3D mod-
els. We perform the experiments both on humans and horses. These experi-
ments are carried out in two stages. First, for the 3D reconstruction, the used
linear models are SMPL (for humans) and SMAL (for animals). Second, two
neural networks: standard LSTM and LSTM with an attention mechanism
are used to do two-class action recognition (for humans) and front/hind-limb
lameness classification (for animals).

It shows that two neural networks work on human data. Both networks can
reach 100% accuracy on the testing dataset, and the visualizations of attention
weights are interpretable. However, the horse data is more difficult for these
networks to learn. It can be said that the essential joints for humans in actions
used to classify have a great difference. While, the difference between a lame
horse and a healthy horse can be small which makes it difficult to diagnose
by veterinarians. The performance of standard LSTM can reach 63% in the
front-limb lameness classification and only 52.63% in the hind-limb lameness
classification. The performance of LSTM with an attention mechanism can
reach 56.01% for front-limb lameness and 49.58% for hind-limb lameness.
From the veterinarian perspective, front-limb lameness is easier to assess than
hind-limb lameness [70, 71, 72] which makes sense in our experiment results
that the performance on hind-limb lameness classification is worse than that
on front-limb lameness classification. It is also seen (Table 5.6 and Table 5.8)
that the network performance on different subjects differs greatly. When we
visualize the attention weights, we can see that the network can preliminar-
ily learn to focus on the corresponding limbs when classifying front-limb and
hind-limb lameness. Our visualization is based on Top3 joints with higher at-
tention weights for each frame. For the specific subject we select, the network
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for classifying front-limb lameness can focus on the front limbs and the head.
While the network for classifying hind-limb lameness can focus on the hind
limbs.

For future work, one crucial step is to increase the size of the animal
dataset. Neural networks are data-driven methods that require enough and di-
verse data to support the training process. The equine pain dataset [13] used in
Broomé’s work [17] has a total of more than nine hours of video, compared to
the Horse Treadmill data of 20 minutes for training. If we calculate the highest
test accuracy for the standard LSTM in front-limb lameness, the average test
accuracy can reach 73.33% under the two layers of 64 hidden nodes. To our
knowledge from veterinaries, the results are still below human performance.
Thus, it can be a promising result. But the networks still need to be stabilized
and improved with more training data. Furthermore, we use only one subject
as the validation data and one subject for testing. We know that each subject
behaves differently, and it is difficult to summarize the behaviors of all subjects
with the behavior of one subject. We have to increase the number of horses.

Besides, it is essential to have a more accurate SMAL model. The hind
legs of the model in our reconstruction results are not accurate enough since
the back legs are more separate than the real horses, which influences the clas-
sification of hind-limb lameness. Hind-limb lameness is more difficult to clas-
sify. Thus a more accurate model is needed.



Chapter 7

Conclusions

In this thesis, we have studied lameness detection using 3D horse models
which are reconstructed from videos. In order to test the generalization of the
model, we first construct 3D human model sequences from videos by HMMR
and use LSTM networks to do the two-class action classification. The network
performance of two networks can successfully separate two different actions
and the LSTM with an attention mechanism can learn to focus on the main
different joints on the models. For animal experiments, we first reconstruct
the 3D horse models based on the SMAL model. The inputs needed for the
SMAL model are the silhouettes generated by OSVOS to segment the horses
in the videos, and the 2D keypoints which are calculated by projecting the 3D
markers’ positions into 2D images by using an estimated camera matrix. Two
networks are used for classifying the lameness from the model. The research
results preliminarily show that the 3D horse model sequences can be used to
perform lameness detection. The hind-limb lameness is harder to classify than
the front-limb lameness. Lameness detection through the reconstructed model
can be a novel and promising method in the animal industry if the work is im-
proved with more data.
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