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Abstract 

Automatic tracking and video of surveillance on a farm could help to support farm 
management.  In this project, an automated detection system is used to detect sows 
in surveillance videos. This system is based upon deep learning and computer 
vision methods. In order to minimize disk storage and to meet the network 
requirements necessary to achieve the real-performance, tracking in compressed 
video streams is essential. 

The proposed system uses a Discriminative Correlation Filter (DCF) as a 
classifier to detect targets. The tracking model is updated by training the classifier 
with online learning methods. Compression technology encodes the video data, 
thus reducing both the bit rates at which video signals are transmitted and helping 
the video transmission better adapt to the limited network bandwidth. However, 
compression may reduce the image quality of the videos the precision of our 
tracking may decrease. Hence, we conducted a performance evaluation of existing 
visual tracking algorithms on video sequences with quality degradation due to 
various compression parameters (encoders, target bitrate, rate control model, and 
Group of Pictures (GOP) size). The ultimate goal of video compression is to realize 
a tracking system with equal performance, but requiring fewer network resources. 

The proposed tracking algorithm successfully tracks each sow in consecutive 
frames in most cases. The performance of our tracker was benchmarked against 
two state-of-art tracking algorithms: Siamese Fully-Convolutional (FC) and 
Efficient Convolution Operators (ECO). The performance evaluation result shows 
our proposed tracker has similar performance to both Siamese FC and ECO. 

In comparison with the original tracker, the proposed tracker achieved similar 
tracking performance, while requiring much less storage and generating a lower 
bitrate when the video was compressed with appropriate parameters. However, the 
system is far slower than needed for real-time tracking due to high computational 
complexity; therefore, more optimal methods to update the tracking model will be 
needed to achieve real-time tracking. 

Keywords 

Computer vision, Video tracking, Machine learning, Discriminative correlation 
filter, Compressed video, Bandwidth balancing, Network traffic 
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Sammanfattning 

Automatisk spårning av övervakning i gårdens område kan bidra till att stödja 
jordbruket management. I detta projekt till ett automatiserat system för upptäckt 
upptäcka suggor från övervaknings filmer kommer att utformas med djupa lärande 
och datorseende metoder. Av hänsyn till Diskhantering och tid och hastighet Krav 
över nätverket för att uppnå realtidsscenarier i framtiden är spårning i 
komprimerade videoströmmar är avgörande. 

Det föreslagna systemet i detta projekt skulle använda en DCF (diskriminerande 
korrelationsfilter) som en klassificerare att upptäcka mål. Spårningen modell 
kommer att uppdateras genom att utbilda klassificeraren med online 
inlärningsmetoder. Compression teknik kodar videodata och minskar 
bithastigheter där videosignaler sänds kan hjälpa videoöverföring anpassar bättre i 
begränsad nätverk. det kan dock reducera bildkvaliteten på videoklipp och leder 
exakt hastighet av vårt spårningssystem för att minska. Därför undersöker vi 
utvärderingen av prestanda av befintlig visuella spårningsalgoritmer på 
videosekvenser Det ultimata målet med videokomprimering är att bidra till att 
bygga ett spårningssystem med samma prestanda men kräver färre 
nätverksresurser. 

Den föreslagna spårning algoritm spår framgångsrikt varje sugga i konsekutiva 
ramar i de flesta fall prestanda vår tracker var jämföras med två state-of-art 
spårning algoritmer:. Siamese Fully-Convolutional (FC) och Efficient Convolution 
Operators (ECO) utvärdering av prestanda Resultatet visar vår föreslagna tracker 
blir liknande prestanda med Siamese FC och ECO. 

I jämförelse med den ursprungliga spårningen uppnådde den föreslagna 
spårningen liknande spårningseffektivitet, samtidigt som det krävde mycket 
mindre lagring och alstra en lägre bitrate när videon komprimerades med lämpliga 
parametrar. Systemet är mycket långsammare än det behövs för spårning i realtid 
på grund av hög beräkningskomplexitet; därför behövs mer optimala metoder för 
att uppdatera spårningsmodellen för att uppnå realtidsspårning. 

Nyckelord 

Dator vision, Video spårning, Maskininlärning, Diskriminerande korrelationsfilter, 
Komprimerad video, Bandbredd balansering, Nätverkstrafik 
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When multiple videos are transmitted through the network, if video data rate 
exceeds the available network bandwidth, this would lead to packet loss, which 
would make it difficult to track animals at a high speed with precision. 
Compression technology (implemented in field programmable gate arrays 
(FPGAs)) encodes the video data and reduces the bit rates helps to video signals 
transmission adapts to limited network bandwidth. However, this compression 
may reduce the image quality of the videos and weaken our tracking performance. 

To balance the tracking performance and communication efficiency based on 
the application’s requirements, tracking performance and network traffic are both 
collected and analyzed after the video has been compressed with different 
compression parameters. (CODEC, bitrate, rate control mode, and group of 
pictures (GOP) size). 

For tracking algorithm design, the first issue needed to consider is pigs may 
come in the similar head feature.  These similar features may not be helpful in the 
tracking process. In an extreme case where two sows have very similar heads 
features with similar movements, it may be quite challenging for a computer to 
differentiate and distinguish. If we detect the target in each frame with the search 
region of the box near to the target and do not consider the background 
information, the classifier would detect the wrong pig with very similar features. 
Inaccurate detection scores lead to a limited target search region at the detection 
step. Another thing needs to mention is the tracker is prepared for real-time 
tracking in the future, which means the training dataset does not have future 
information (the target location in the next frame). The only labeled data the 
tracking system has is the location of the target in the first frame. The proposed 
online updating methods would It is not enough to only use the labeled data to 
train the model and make the classifier to detect the target in all frames since the 
targets are always moving, the appearance of targets is keeping changing between 
frames in the view of the camera. What is more, the targets keep moving near and 
away from the camera, the size of the target keeps changing in the view of the 
camera. A fixed scale size to locate the target is not enough for the tracking task. An 
improper scale size may lead to tracker get drifted in the end. For complex tracking 
scenarios, however, the performance of trackers with hand-crafted features or 
features from several layers of networks output often drops considerably because of 
limited data. 

Here list four questions based on the above issues: 

1. What kind of search region is more fitting into our application? Should it be 
the whole frame of image or just cropped target area? 

2. Does the tracking system need to update the training model frame by frame 
since the target’s appearance keeps changing? 

3. Does the tracking system need to use scale estimation with predicted target 
per frame? 

4. What kind of feature extraction methods should be applied in this tracking 
system due to limited training data? 
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5. What kind of feature extraction methods should be applied in this tracking 
systems due to limited training data? 

1.3 Application Challenges 

We will have six main challenges during detection and tracking. Our goal is to 
develop a tracking scheme that is robust to these sources of uncertainty and 
conduct the tracking process in an efficient manner. Table 1-1 describes all of these 
challenges in the dataset. 

Table 1-1: Different attributes of dataset 

Attributes  Description 
Scale 
Variation 

 The ratio of the bounding boxes of the first frame and the current frame 
is out of the range 2 in some cases. 

Occlusion  The target is partially or fully occluded. 
Background 
Clutters  

The background near the target has the similar color or texture as the 
target. 

Fast Motion  The motion of the ground truth is larger than 15 pixels. 
Low 
Resolution  

The number of pixels inside the ground-truth bounding box is less than 
600. 

Out-of-Plane  Rotation the target rotates out of the image plane. 
In-Plane 
Rotation  

The target rotates in the image plane. 

Out-of-View  Some portion of the target leaves the view. 

1.3.1 Image noise in the video 

There might be some motion blur in the video sequence and may reduce the 
tracking accuracy in every frame, and in that case, the tracking may drift. However, 
noise is inevitable both due to low cost cameras and video compressions. 

Compression errors during video compression might severely impact the 
performance of the tracking system resulting in tracking drifted. 

1.3.2 Appearance and viewpoint changes 

The target may change its appearance from the camera throughout the video 
sequence. These changes make the tracking process more complicated because the 
only information the tracker knows beforehand is the target appearance from the 
camera’s viewpoint in the first frame. The tracker should have a mechanism for 
dealing with appearance changes due to the camera’s viewpoint. 

1.3.3 Background clutter and identification 

The object may appear in a cluttered environment or may be surrounded by other 
objects with a similar appearance. The tracker might be easily get distracted by 
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background clutter and might not correctly distinguish the object of interest from 
other objects with a similar appearance. 

1.3.4 Motion Blur 

Motion blur occurs when a target moves quickly, suddenly changing the target’s 
appearance into a smudged mess. 

1.3.5 Scale Variations 

As the target moves closer or further away from the camera, the scale changes 
during tracking. This problem is commonly solved by estimating the scale and then 
rescaling the target. 

1.3.6 Multi-target 

In this project, there are three to nine pigs to track in each clip and they all have a 
similar appearance.  Multi-target tracking is a highly complicated and challenging 
problem, especially in crowded environments where many targets have similar 
appearances and frequently occlude each other. Simultaneously tracking of 
multiple targets requires our tracking model to distinguish targets of interest from 
the background (i.e., target detection) and separating each target from one another 
(i.e., target identification).  

We need to have a discriminative model for target detection; however, it will 
suffer from poor detection of targets (such as missed detections and false alarms) 
due to occlusion, reflections, or shadows. 

1.4 Purpose 

With increasing demand for food for the growing population, caring for individual 
farm animals is necessary to minimize the potential damage caused by infectious 
diseases or welfare problems. However, it is almost impossible for individual 
animals to be cared for by a small number of farm workers who work on a large-
scale livestock farm.  Translating our understanding of farm animal behaviors into 
a machine learning and computer vision problem can relieve farmers from time-
consuming routine monitoring tasks. For instances, tracking farm animal drinking 
patterns, sleeping habits can disclose abnormal and aggressive behavior as well as 
enable detection of early symptoms of disease (Monitoring Animal Health). The 
purpose of this Master’s thesis is to investigate the possibilities of developing a 
practical automatic animals monitoring application which will effectively detect 
and track sows from surveillance. 

1.5 Goals 

This thesis proposes and evaluates a tracking system to help track farm animals by 
identifying heads' of animals using video from overhead cameras. At a basic level, 
our tracking system will be able to track each pig by its unique facial features. After 
establishing the basic system that can serve as a platform for automatic tracking, 
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this data helps to do activities recognition, behavior analysis, and weight prediction 
for these farm animals. By tracking behaviors, eating patterns, and the overall 
health of sows, statistic al analysis can be used to generate alerts to farmers. For 
instance, the system will flag any changes, such as eating or drinking less, moving 
slower, or increases or decreases in weight.  Health problems would be detected 
early. Additionally, farmers can adjust feeding schedules, thus saving money. 

1.6 Research Methodology 

Our experimental system has been designed keeping the requirements of both 
accurate tracking and effectively utilizing network bandwidth in mind. 

In our project, we will use a constructive research method. It means that we will 
first test the existing solutions, comparing the results and then come up with our 
own solution to the stated problem. This solution, however, must be re-examined 
several times in the real-world application development due to it is not fully known 
the problems that may arise. 

Our tracking system is implemented based on a start-of-art visual tracking 
algorithm named Crest [1]. The first step is to extract a feature map of each frame 
in the video with a pre-trained model, based upon University of Oxford's Visual 
Geometry Group (VGG) VGGNet [2]. The feature map from each frame is sent to a 
discriminative correlation filter (DCF) and generating a response map to predict 
targets' locations. As the location of the target in the videos keeps changing, we use 
online learning to update the model. To decrease model degradation during online 
updating, we use residual learning to take appearance changes into account. To 
improve the poor performance due to scale variations, we introduce an efficient 
method for estimating the target’s size. 

Regarding finding the optimal compress methods, video data are compressed 
with different parameters (codec, bit rates, rate control mode and GOP size). The 
output bitrate and the tracking performance of videos under various compression 
settings are recorded and compared. 

1.7 Delimitations 

Although this tracking system updates its tracking model with online learning to 
prepare for real-time use in the future, this thesis will not take improving tracking 
speed into the current task to study due to the tracking model is too big so far, and 
model updating methods are not efficient. Besides, online learning is not easy for 
the tracking system to achieve long-time tracking due to it would enroll the wrong 
information to send to the model to train each frame, since the only ground truth 
labelled data the system has is in the first frame, other frames of training data are 
based on predicted data in the last frame. In that case, we cut the video into each a 
1-min long clip to track with. 

As a consequence, this thesis only develops a tracking system that establishes a 
basis for further development towards the ideal, that the previous section 
described. It is a working and expandable basis for real-time animal management 
applications. Chapter 5 presents suggestions for future enhancements and 
developments. 
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1.8 Structure of the thesis 

Chapter 2 presents the theory of tracking algorithms and compression methods, 
various considerations and method choices are briefly discussed and motivated. 
The chapter also briefly reviews two existing works on object detection and 
tracking. Chapter 3 introduces the research process and data analysis techniques. 
Chapter 4 introduces the dataset and implementation details. The results and 
discussion are presented in Chapter 5. The conclusion and future works are 
presented in Chapter 6. 
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feature dimensions. Extracting robust and discriminative features from the image 
is one of the most critical and challenging steps in many computer vision tasks. For 
example, visual feature could be edges or different kinds of shapes representing 
information which is relevant for the specific object. 

What people used to do for feature extraction tasks was to manually design, or 
“handcrafted,” features of an input image with an eye for overcoming specific issues 
such as occlusions and variations in scale and illumination. There is usually a 
trade-off between accuracy and computational efficiency in the design of 
handcrafted features. The most typical handcrafted features are SIFT [6] and 
HOG [7], as are quite useful for object recognition tasks with small-scale datasets. 
Moreover, they are well-known and robust to object rotation and scale variations, 
but this robustness comes as a high computational cost. 

These handcrafted features cannot scale up to a large complex object 
recognition task. The extracted features are low-level features, and are not 
appropriate to directly characterize the object. Moreover, the complete set of image 
representation procedures are unsupervised, thus the image label information 
could not be used. 

2.2.1 Deep features 

Recent developments in deep convolutional neural network (also called deep 
learning) approaches have demonstrated major advances in the performance of 
visual recognition systems. Features from a deep convolutional neural network 
(CNN) output are often called deep features. Unlike handcrafted features, a CNN 
automatically learns the image representation from images. At the same time, 
image labels are used to make the image representations separable. Raw images are 
fed to the CNN by convolving image patches with various sizes of filters. After 
convolution, the feature map is sub-sampled and fully connected in a deep 
feedforward network architecture. The deep features are discriminative and 
contain high-level visual information, while still preserving spatial structure. 

2.2.2  VGG and Imagenet 

Current approaches to computer vision make extensive use of machine learning 
methods. Deep learning has achieved major improvements in image recognition. 
Massive data sets are required for training many of the deep learning algorithms 
for computer vision. To improve performance, we need to collect even larger 
datasets, and then train more powerful models to preventing overfitting. 

ImageNet* is a large visual dataset designed for use in visual object recognition 
software research. It includes over 15 million labeled high-resolution images 
belonging to roughly 22,000 categories. All of these images were collected from the 
web and labeled by human labelers using Amazon’s Mechanical Turk crowd-
sourcing tool†. A part of the Pascal Visual Object Challenge, an annual competition 
called the ImageNet Large-Scale Visual Recognition Challenge (ILSVRC) has been 

                                                            
* http://www.image-net.org/  
† https://www.mturk.com/  
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2.2.3 Transfer Learning and Fine-tuning 

In practice, for a visual tracking task, very few people train an entire CNN from 
scratch (with random initialization), as it is relatively rare to have an image dataset 
of sufficient size. Instead, it is common to pre-train a ConvNet on a large dataset 
(e.g., ImageNet), and then use the pre-trained ConvNet either as initialization or a 
fixed feature extractor for the task of interest. 

Since these models are large and have been trained with a vast number of 
images, they have excellent discriminative features for further learning. We can 
either use the pre-trained convolutional layers as a feature extractor or modify the 
already trained convolutional layers to suit our problem. The previous approach is 
known as transfer learning and the latter is known as fine-tuning. However, 
for a practical problem, we typically only have access to comparatively small 
datasets. In these cases, if we were to train a CNN’s weights from scratch, starting 
from random initialized parameters, we would badly overfit the training set ‒ even 
with a good network structure. Fine-tuning could solve this problem. Fine-tuning 
pre-trains a deep net on a large-scale dataset, such as ImageNet. Then we start with 
the pre-trained weights when training the CNN with a new dataset. Since the 
dataset used in our experiment to extract features is relatively limited, we use fine- 
tuning in our research. 

There are several approaches to fine-tuning. In one approach, the initial neural 
network is used only as a feature extractor. That means that we freeze every layer 
before the output layer and simply train a new output layer. Another approach is to 
update all of the network’s weights for the new task. 

2.3 Tracking by Discriminative Correlation Filters 

Discriminative Correlation Filters (DCF) have shown outstanding performance for 
visual object tracking. The core reason for their success is their ability to efficiently 
utilize available negative data via including all shifted versions of a training sample. 

2.3.1 Generative and Discriminative models 

In recent years, many algorithms founded on probability theory has been proposed 
to solve tracking problems. These algorithms can be generally divided into 
generative and discriminative methods according to whether or not the distribution 
of the image features is modeled. Generative and discriminative methods have very 
different characteristics, as well as complementary strengths and weaknesses. 

Generative trackers implement tracking by searching the best-matching 
windows [8–12]. Generative models generally seek a compact object description. 
However, this search does not take advantage of the background information which 
could be exploited to better separate the target object from the background. 
Therefore, generative model based trackers can easily be distracted during tracking 
by background regions with similar appearances. In contrast, discriminative 
trackers [13–18] avoid these problems by separating the target from the 
background. 
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Discriminative models deal with object tracking as a detection problem, in 
which a classifier learns to distinguish the target’s appearance from its surrounding 
background within a local region. This method simultaneously utilizes information 
about the target and background. Compared to generative models, discriminative 
models are more suitable for tracking due to their discrimination of foreground and 
background. For example, Hare et al. [19] proposed an adaptive visual object 
tracking framework based on structured output prediction. They used a kernel-
based structured support vector machine to perform online learning and adaptive 
tracking. Later, Wang, Hua, and Han [20] proposed a metric learning framework 
for object tracking. Both visual monitoring and appearance modeling are 
performed online in their framework. Furthermore, their formulations can deal 
well with multiple objects and occlusion problems. 

2.3.2 Correlation Filter Based Trackers  

Correlation filters are mainly based on template matching which in turn is based on 
matched filter theory. Correlation filters are usually employed in radar 
applications [21]. Since the correlation operator is readily transferred into the 
Fourier domain as element-wise multiplication, correlation filters have attracted 
attention in visual tracking due to its computational efficiency. Correlation filters 
are usually used as detectors of expected patterns to produce correlation peaks for 
each target of interest in the scene, while yielding low responses to the background. 

In simple terms, the simplest correlation filter is a single matrix [22], which can 
be denoted as 𝑓[𝑘1, 𝑘2]. For the sake of simplification consider a video frame as a 
grayscale image. Each video frame can be sampled as x. In this case, the sample 
corresponds to a two-dimensional array corresponding to a part of a grayscale 
image. Assume the sample size as N1 × N2. The correlation filter 𝑓 is of the same 
type and size, that is, an N1 × N2array. The filter f is trained on the received samples 
(denoted {x1, x2, … , xC}). We assume that the training process is typically conducted 
every m frames during the whole video sequence. The set of samples can be all received 
samples or a designedly selected subset.  

A detection score operator is defined as: 

 𝑆 {𝑥} 𝑘 ,𝑘 = (𝑓 ∗ 𝑥) 𝑘 ,𝑘 . (2.1) 

In equation 2.1, the * denotes circular cross-correlation. The detection score 
operator is expected to produce a sharp peak at a target location in the frame 
corresponding to the sample x. An example could be seen in Figure 2-3. For 
computational efficiency, the score is calculated in the Fourier domain, using the 
Discrete Fourier Transform (DFT), 

 𝑆 {𝑥} 𝑘 ,𝑘 = 𝐷𝐹𝑇 {𝐷𝐹𝑇{𝑓} 𝐷𝐹𝑇{𝑥}} 𝑘 , 𝑘 . (2.2) 

The complex conjugate operation could be denoted as an underbar (i.e.,  .    ), we 
use the detection score to estimate the target location by its maximum value. 

A filter𝑓 has been used to detect the target location before being trained. The 
sample 𝑥  corresponding to frame 𝑐  is to fed to the score operator, a Gaussian 
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The DCF based trackers learn a correlation filter to distinguish between target 
and background appearance and predict the target translation by searching the 
maximum value in the response map. The training includes target appearance and 
surrounding backgrounds. One of the main advantages of DCF-based methods is to 
train a least-squares regressor by minimizing the L2 -error between the responses 
(classified features) and the labels. The problem can then efficiently be handled by 
Fourier transforming the least squares problem and solving the resulting linear 
equations. We denote the input sample by X and denote the corresponding 
Gaussian function label by Y. A correlation filter W is then learned by solving the 
following minimization problem: 𝑊∗ = 𝑎𝑟𝑔 𝑚𝑖𝑛 |𝑊 ∗ 𝑋 − 𝑌| + 𝜆 |𝑊| . (2.7) 

Where λ is the regularization parameter. The convolution operation is 
formulated into a dot product in the Fourier domain between the correlation filter 
W and the input X. The learning process of DCFs could be reformulated as the loss 
minimization of the convolutional neural network. The loss function could be 
demonstrated as (2.8): 𝐿(𝑊)  = ∑ 𝐿 (𝑋( ))  + 𝜆𝑟(𝑊) . (2.8) 

where N is the number of training samples, 𝐿 (𝑋( )) (i ∈ N) is the loss of the i-th 
sample, and 𝑟(𝑊) is the weight decay. The loss function in (2.8) can be written as: 𝐿(𝑊) = 𝐿 (𝑋)+ 𝜆𝑟(𝑊) .  (2.9) 
If we set N = 1 and take the L2 norm as 𝑟(𝑊) . 

Another advantage of DCFs is they could efficiently utilize limited data by 
including all shifts of local training samples in the learning. As its mathematical 
simplicity, efficiency and superior performance, we adopted the DCF based 
approach as our baseline. 

2.4 Residual Learning 

Recently, Residual Networks (ResNets) have appeared as a new technique to train 
extremely deep architectures. As Figure 2-4 shows, the existing non-linear layers of 
neural networks serve to fit another mapping of F(x), which is the residual of 
identity mapping x. With the shortcut connection of identity mapping x, the whole 
module of layers fits F(x)+x for the desired underlying mapping H(x). This means 
that the only residual mapping F(X), defined as H(x)-x, is learned with non-linear 
layers. In this way, very deep neural networks effectively learn representations in 
an efficient manner [4]. 
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objects undergo large appearance variations, for example, background clutter, the 
response from the base layer is limited and may not differentiate between the target 
and the background. In this case, residual layers improve tracking performance 
when the target has large appearance variations in consecutive frames. However, a 
disadvantage of residual networks is that every percentage of improvement a large 
increase in the number of layers, which increases both the computational and 
memory costs. 

2.5 Convolutional Neural Network 

Convolutional neural networks (CNNs) are one of the most state-of-art algorithms 
for machine learning in computer vision areas. The architecture is divided into 
layers where each layer performs one operation type. CNNs include an input- and 
output layer, along with several hidden layers between the input and output layers. 
Some examples of the most common in between layers are described in the 
following subsections. 

2.5.1 Convolution Layer 

A convolution layer consists of several convolution filters. Each filter is applied to 
the input, one image per feature channel, and results in one image per convolution 
filter. The size of the convolution filters varies between layers, but is usually small, 
for example: 3*3 or 5*5. 

2.5.2 Max Pooling Layer 

Max pooling is a sample-based discretization process. The aim is to down-sample 
an input representation, for example: an image, the output of the hidden-layer 
matrix, etc. Max pooling reduces the dimensionality of this input and supports 
assumptions being made about features contained in the binned sub-regions. For 
example, the value of a pixel can be the maximum in the corresponding 
neighborhood in the down-sampled image. Figure 2-5 illustrates this operation 
with a 4x4 matrix as the initial input and using a 2x2 filter over this input. For each 
of the areas represented by the filter, we use the maximum value of that area to 
create a new output matrix where each element is the maximum value of a region 
in the original input. 
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2.8 Literature Survey on benchmarked trackers  

In this section we review two existing trackers, Siamese FC [4] and ECO [5], and 
summarize their advantages and limits. In Chapter 5 we will evaluate their 
performance via experiments to compare with our proposed tracking algorithm. 

2.8.1 Fully-convolutional Siamese trackers 

Siamese FC  [4] is a template-based tracker which achieves good performance with 
an offline learned feature extractor. 

The detection process of SiamFC is equivalent to computing similarity by sliding 
the target model over the search features and outputting the position with the 
maximum response. To facilitate fast detection, the Siamese FC tracker utilizes a 
fully convolutional feature extractor and a simple inner product to compute the 
similarity metric. Therefore, the detection process can be readily implemented via 
cross-correlation. Generally, the Siamese network locates a sample image within a 
larger search image. The network architecture is based on two identical neural 
networks, sharing weights and biases, which receive different inputs. Given two 
similar input images, feature vectors extracted at the end of the neural network will 
be closer in the output Euclidean space than any non‐similar sample. 

Another vital component in the Siamese FC structure is a fully-convolutional 
search of the image using a dense and efficient sliding-window evaluation realized 
with a bilinear layer that computes the cross-correlation of its two inputs. 

In Figure 2-11, 𝑋  denotes the search image, 𝑍 represents the target image 
(sample area). Additionally, 𝜑 represents the feature mapping operation, where the 
red and blue pixels in the score map identify the similarities for the corresponding 
sub-windows. The feature map from the output of 𝜑 , 𝜑(𝑍) , and 𝜑(𝑋)  use a  
similarity metric 𝑔 to calculate correlation scores. The output is a score map whose 
dimension depends on the size of the search image. The similarity function is 
computed for all translated sub-windows within the search image. 
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The feature map is transferred to the continuous spatial domain, 𝑡 ∈ [0, 𝑇), by 
introducing an interpolation model, given by the operator 𝐽 : 𝐽 {𝑥 }(𝑡)  = ∑ 𝑥 [𝑛]𝑏 ( 𝑡 − 𝑛) . (2.14) 

where 𝑏  is an interpolation kernel with period T > 0. The resulting 𝐽 {𝑥 }  could be 
regarded as an interpolated feature layer and viewed as a continuous T-periodic 
function. J{x} denotes the entire interpolated feature map, where J{x}(t) ∈ 𝑅 . This 
formulation allows a natural integration of multi-resolution feature maps and 
enables the model to efficiently exploit available negative data by including all 
shifted versions of a training sample. 

A continuous T-periodic multi-channel convolution filter𝑓 = (𝑓 . . . 𝑓 ) (on the 
second row) is trained to predict detection scores,   𝑆 {𝑥} = 𝑓 ∗ 𝐽{𝑥} = ∑ 𝑓 ∗ 𝐽 {𝑥 }. (2.15)  

The scores could be defined in the corresponding image region 𝑡 ∈ [0, 𝑇) of the 
feature map 𝑥 ∈ 𝜒(on the third row).  

The convolution of single-channel T-periodic functions could be defined as 𝑓 ∗ 𝑔(𝑡) =𝑓(𝑡 − 𝜏)𝑔(𝜏)𝑑 . As defined in Equation 2.15, the multi-channel convolution f ∗ 
J{x} is obtained by summing the result of all channels. The filters are learned by 
minimizing the objective: 𝐸(𝑓) = ∑ 𝑎 𝑆 {𝑥 } − 𝑦 + ∑ 2 |𝑤𝑓 | . (2.16) 

The detection score 𝑦 (𝑡)  of sample 𝑥  is then set to a periodic repeated 
Gaussian function. The data term includes the weighted classification error, given 
by the 𝐿 −norm |𝑔| = |𝑔(𝑡)| 𝑑𝜏, where 𝑎 ≥ 0 is the weight of sample 𝑥 . A 
spatial penalty 𝑤(𝑡)is integrated with regularization to mitigate the drawbacks of 
the assumption that the data is periodic while enabling extended spatial 
support [50]. This enables sub-pixel accurate information to be incorporated in the 
learning. 

Advances in C-COT tracking performance are predominantly attributed to 
powerful features and sophisticated learning formulations. However, these features 
and learning formulations led to substantially larger models, requiring hundreds of 
thousands of trainable parameters, introducing severe over-fitting and 
computational complexity problems. Representation from high dimensional 
features, and updates the filter for every frame would also cause an overfitting 
problem and a long tracking latency. This method involves training on a large 
number of sample sets. To address these issues, Efficient Convolution Operators 
(ECO) proposes a novel formulation based on C-COT trackers. The ECO tracking 
scheme is an improved version of C-COT tacking. The C-COT trackers learn a large 
number of filters to capture the target. 

A factorized convolutional [51] approach is introduced to reduce the number of 
parameters in the model. We observed that many of the filters 𝑓  learned in C-COT 
contain negligible energy. Moreover, as visualized in Figure 2-12, there are high-
dimensional deep features. Unfortunately, the filters of C-COT hardly contribute to 
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2.10 Video Compression 

Compared to other traffic flows such as Web browsing and E-mail, IP video 
surveillance streaming has unique characteristics and may impose specific 
requirements on the network. Unlike web browsing or file downloading, where data 
can be transmitted at any rate, before the playback deadline, video streaming 
requires a certain amount of data to be delivered. Hence the surveillance system is 
sensitive to variations in bandwidth. Moreover, a bandwidth bottleneck can cause 
video packet loss, delay, or jitter, all of which can degrade video quality. 
Additionally there is a need to reduce disk storage and to reduce or limit the 
bandwidth or bitrate when videos are transmitted over the network. 

Video compression could help reduce the required bandwidth and thus more 
effectively send video data over a network and stored it on computer disks. In this 
project, video compression performance helped set the bandwidth requirements 
together with the desired tracking performance. However, improper compression 
schemes may cause data loss and add noise to the video. Moreover, the more highly 
compressed the video is, the less quality can be retained, and the more degraded 
the image usually becomes. Choosing an appropriate compression scheme is 
required to achieve not only a significant reduction in file size but also to have little 
or no adverse effect on the visual quality. To further enhance the overall bandwidth 
utilization, we can dynamically adjust the compression settings before 
transmission. 

2.10.1 Compression Scheme 

We could either use intra-frame compression or inter-frame compression. Both 
schemes are summarized in Table 2-2. The main difference between intra-frame 
compression or inter-frame compression is the methods of reducing temporal 
redundancies. Temporal redundancies are the similarities between frames. 

  



 

T

 

C

B

P

E

E

P

2

In
p
n
re
T
c
c
8
I-
o

 

Table 2-2: 

Compressio

Bit rate sav

Process del

Edit easines

Error propa

Parallel Pro

 

2.10.1.1 Intr

n intra-fra
prediction 
neighboring
edundancy

The macrob
color inform
compressio
8x8 pixels o
-frame. Th

only one vid

Feature

on scheme 

ving 

ay 

ss 

agation 

ocessing 

ra-frame cod

ame coding
uses spa

g samples
y by dividi
blocks go 
mation, wh

on, the ima
or 16x16 pi
he intra-fr
deo frame.

es of intra-

Intra-o

 Smaller

Smaller

Easier 

Smaller

 Easier 

ding 

g, a coded f
atial depen
s for pre
ng a pictu
through s
hile maint
age is bro
ixels. A fra

rame codin
.  

-frame com

only Com

r  Use 
corre

 1 fra

 fram

 Max

 Fram
indep

frame only
ndencies, 

ediction. F
re into sev

some proce
taining bri

oken up in
ame coded 
ng techniq

mpression

mpression

 

spatial 
elation only

ame 

me by frame

x 1 frame 

me 
pendent 

y uses infor
which im

For examp
veral block
essing, the
ightness in

nto squares
using only

que is limi

n and GOP

n
Int

C

Greater 

Greater 

More 
difficult 

Greater 

 More 
difficult 

rmation fro
mplies usin
ple, MPEG

ks and then
e effect of 
nformation
s, called m
y intra-fram
ted to pro

Theory and

P compres

nter-frame
Compres

 Use sp
tempor
correla

 Multip

 GOP 

 Multip

 GOP i

om itself. I
ng alread
G-2 explo

n dividing 
which is t

n. In most 
macroblock
me coding 
ocessing vi

d Related Work | 3

ssion 

e/GOP 
ssion 

 

patial and 
ral 
ations 

ple frames 

ple frames 

ndependent

Intra-fram
dy encode
oits spatia
each block
to decreas
still imag

ks, typicall
is called a

ideo within

33 

 

t 

me 
d 
al 
k. 
se 
ge 
ly 
n 
n 



34

 
 

2

M
h
w
in
th
F
T
d
o
I-
fo
(G
w
B
F
le
th
a

 

F

E
u

1

2

4 | Theory and Re

2.10.1.2 GOP

Many came
hence in th
walking pe
nformation
his fact an

Figure 2-18
These refer
during inte
only the inc
-frame). W
ollowed wi
GOP). Eve

window. Th
B-frames in
Figure 2-18
ength of th
he bitrate. 

all videos w

Figure 2-18

Figure 2
Every inpu
using the fo

. Intra-fra
reference

2. Inter-fra
memory 

elated Work 

P Coding 

eras used i
he camera
eople, etc.
n (the bac
nd only per
8, the vide
rence I-fra
er-frame co
cremental 

We refer t
ith a seque

ery GOP in
he I-frame
n that GO
8 shows an
he GOP, th
 A fixed lo

with varying

8: MPEG4
After th

2-19 shows
ut GOP beg
ollowing st

ame encodi
e frame me

ame encodi
as a future

in video su
’s field of 
. The maj
ckground).
riodically t
o stream c

ames conta
oding. Add
difference

to the fram
ence of P 
 an encode
 in a GOP 

OP are the
n example

he fewer I-
ocal tempo
g levels of 

4 or H.264
he I Frame

s an examp
gins with 
eps: 

ing of the I
emory as a
ing comput
e reference

urveillance
view, the 

ajority of 
 Inter-fram
transmit th
consists of
ain the en
ditionally, 
es between
mes with 
and B fram
ed video st
represent

e motion 
e of how G
-frames wi
ral window
motion. 

4 transmits
e only chan

ple of the 
an I-fram

I-frame, th
a past refer
tes a P-fram

e after bein

e security 
only thing
the scene

me coding
he backgro
f a referen
ntire imag
there are 

n key frame
changes a

mes is refe
tream can 
ts an ancho
residuals 

GOP comp
ill be prese
w cannot g

s an I Fram
nges are s

GOP struc
me. This fra

he encoded
rence. 
me and sto

ng encoded

application
g changing

e in each 
g technique
ound infor

nce frame, 
e informat
delta fram
es (which 
as P or B 
erred to as
be regarde

or frame, a
of the cor

pression w
ent in the s
guarantee g

me, contai
ent until t

cture for d
ame is pro

I-frame is

ores in the 
d. 

ns are fixe
g is passin

frame is
es take ad
rmation. A
coded as 

ation and a
mes which 

are all enc
 frames. A
s a Group 
ed as a loc
and the P-
rrespondin

works. The 
stream, wh
good visua

ining the f
the next I 

different GO
ocessed an

s stored in 

reference 

ed cameras
ng vehicles
 the sam

dvantage o
As shown i
an I-frame
are create
are encod

coded as an
An I-fram
of Picture

al tempora
frames an
ng I-frame

longer th
hich lower
al quality o

full scene.
Frame. 

OP lengths
nd encode

the 

frame 

s, 
s, 

me 
of 
n 
e. 
d 

de 
n 

me 
es 
al 
d 
e. 

he 
rs 
of 

.  

s. 
d 



 

3

4

5

F

2

T
H
q

a
tr

 
F

s
c
li

3.  Sequent
frames) i

4.  If the cu
becomes

5. If the GO

Figure 2-19

2.10.2 Comp

There is so
H.264. Com
quality for u

A video 
and Encod
ransforma

Figure 2-20

Video co
o that dig

computer d
ittle or no 

tial inter-fr
is directly o

urrent fram
 the past re

OP ends, th

9: An exam

pression CO

me advanc
mpressing 
use with tr

encoder h
ding. A vi
tion, and r

0:  H.264 v

ompression
gital video 
disks. Toda

adverse ef

rame encod
output, rat

me is a P-fra
eference fr

he encoding

mple of GO

ODEC  

ced CODE
video wit

racking task

has three st
deo decod

reconstruct

video codi

n technolo
data can 

ay a large
ffect on vi

ding of the
ther than s
ame, then 
rame and t
g process w

OP structu

Cs (encode
th these C
ks operatin

teps: Pred
der also p
tion. A typ

ing and de

ogies can d
be effecti
reduction 
sual qualit

e B-frames 
stored. 
the future 

the process
will restart

ure regard

er +decode
CODECs c
ng over a li

diction, Tra
performs t
pical video 

ecoding pr

decrease an
vely sent 
in file sto

ty when ef

(between t

reference 
s returns to
t with Step 

ding to diff

er), such a
can achiev
imited ban

ansformati
three step
CODEC is 

rocess 

nd discard 
over a net

orage size c
fficient com

Theory and

the two ref

picture of 
o Step 2. 
 1. 

ferent GO

as mpeg4, 
ve outstan
ndwidth ne

ion and Qu
ps: decodin

shown Fig

redundant
twork and
can be ach
mpression 

d Related Work | 3

ferences 

Step 2 

P length 

H.264, an
ding visua

etwork. 

uantization
ng, invers
gure 2-20.

t video dat
d stored on
hieved with
technique

35 

 

d 
al 

n, 
se 

ta 
n 
h 

es 



36 | Theory and Related Work 

 
 

are applied. Video analysis applications usually employ pixel domain processing, 
hence there is a high computational load to carry out complex video processing. 
Hence, compressed video has attracted attention as it can potentially decrease both 
the computational complexity and transmission time. 

A tracking system today is likely to use one or more of three different video 
standards: MPEG4, H.264, and H.265. These three different standards utilize 
various methods of reducing the amount of redundancy in the data and the result 
data streams differ in bitrate, quality, and latency. The ultimate goal of a video 
CODEC is to compress a video sequence using fewer bits while maintaining high 
fidelity. 

2.10.2.1 MPEG-4 

For video formats such as MPEG4, motion vectors are used in compression to 
reduce the transmission and storage requirement [55]. MPEG4 obtains its high 
compression rate by collecting only the changes from one frame to another, instead 
of transmitting each entire frame. The positional information records a pixel’s 
source coordinates and destination coordinates between two consecutive frames. 
This is also called optical flow. The video information is later encoded with a 
Discrete Cosine Transform (DCT). 

2.10.2.2 H.264 

H.264 is a standard CODEC which utilizes more advanced compression methods 
than MPEG-4. H.264 has a high compression rate and is about 1.5 to 2 times more 
efficient than MPEG-4 encoding. The image quality is also better than with basic 
MPEG-4. H.264  requires a lower bit-rate for network transmission than MPEG-
4 [56], thus much less network bandwidth and storage space are needed for a 
H.264 video file than for a MPEG-4 video file. 

However, as H.264 coding is a lossy compression technique and there are many 
losses due to the quantization of the transform coefficients from the DCT. This 
quantization factor and the different prediction methods used in H.264 give rise to 
artifacts such as blocking, ringing, and blurring. 

2.10.2.3 H.265 

The most current encoding standard is the H26* family called High-Efficiency 
Video Coding (HEVC, such as H.265). H.265 maintains the video quality of H264 
while using half the number of bits and has higher resolution support and greater 
bit depths. Additionally, 3D support has recently been added to H.265 with the 
intention of supporting computer generated graphics. 

2.10.3 Compression Rate Control modes 

A bitrate is quantified by using the volume of data needed to encode a second of 
video. When the bitrate decreases, the compressor is more tolerant of errors and 
more artifacts appear in the decoded video. In contrast, increasing the bitrate 
enables higher image quality in the decoded video. From a streaming perspective, 
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2.10.3.2 VBR Encoding 

VBR aims to maintain a constant level of image quality via setting a higher bitrate 
for frames with a complex scene and fast motion. VBR supports setting a maximum 
and minimum bitrate. However, VBR takes more time to encode, and some 
hardware may not be compatible with VBR data. VBR may also have problems with 
streaming media, since when the instant bitrate exceeds the available data rate of 
the communications path some of the data will be dropped (or need to be 
retransmitted). Figure 2-21 shows a comparison of output bitrate of a compressed 
video under the VBR mode (shown as a red line) versus the CBR mode. VBR can be 
generated with 1-pass encoding or 2-pass encoding. 

In 1-pass encoding VBR does the analysis and compression process in one pass. 
While 1-pass VBR is time efficient, 1-pass VBR should be applied when the 
encoding delay is most strictly bounded; for example, when doing real-time 
encoding. Overall, 1-pass VBR encoding is usually controlled by a fixed quality 
setting or by the average bitrate setting. 

In contrast, 2-pass VBR analyzes the characteristics of frames during a first 
pass. Then in the second pass, VBR encodes the picture by allocating the lowest 
possible bitrate to support the detected characteristics. Compared to 1-pass VBR at 
the same maximum bitrate setting, 2-pass VBR usually generates a smaller file size 
and better image quality output, but requires a longer processing time. This mode 
also allows better output size targeting and is recommended when the output size is 
constrained. 

2.10.4 GOP Control 

The main advantage of employing a long GOP length during compression is to 
minimize bandwidth consumption (reduce bitrate) and minimize storage space for 
a given frame rate. Longer GOP length means fewer I-frames will exist in the video. 
This is important because every I-frame occupies more bits than the other types of 
frames. Therefore, the longer the GOP, the smaller the size of the video in bits, and 
less disk space and bandwidth it occupies. This is especially useful in video scenes 
with low motion complexity. As expected, GOP length may influence the video 
quality. Different GOP lengths and structures determine different allocations of 
each type of frame and produce compressed videos with different image quality. 

Different applications can have different GOP requirements. Proper use of GOP 
length can result in both better quality and a higher compression ratio [60]. 

2.10.5 FFmpeg 

In this project, the system will compress the videos using the Fast Forward Motion 
Pictures Expert Group (FFmpeg) tool. FFmpeg is one of the most used libraries for 
video encoding and decoding. It supports streaming of both local and remote 
files/streams. FFmpeg comes with a command line tool which offers a complete, 
cross-platform solution to record, convert, and stream audio and video. FFmpeg 
supports decoding of more than 90 media formats [61]. 
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Table 2-4: Summary of compression methods 

 

 

Different Codec H.265, H.264 and MPEG4 has different output 
image quality and compression latency. 

Different 
Bitrate 

Higher bitrate may give higher Lower bitrate may give lower image quality, 
but if a too high bitrate is allocated, it may cause bandwidth wasting and 
not improve output image quality. 

Different Rate 
Control Mode VBR CBR 

 1. Output video has constant 
image quality. 

2. Output video has variable 
bitrate.  

1. Output video has constant 
bitrate. 

2. Output video has constant image 
quality. 

Inter-frame 
compress and 
Intra-frame 
(GOP) 
compression 

Inter-frame Intra-frame (GOP) 

 1. Each frame is encoded 
independently. 

2. Bitrate costing. 

1. Encoding frames with spatial 
and temporal correlations. 

2. Bitrate saving. 
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3 Proposed Methodologies and Methods 

The purpose of this chapter is to provide an overview of the research method used 
in this thesis. Section 3.1 describes the research process. Section 3.2 details the 
research paradigm. Section 3.3 focuses on the data collection techniques used for 
this research. Section 3.4 describes the experimental design. Section 3.5 explains 
the method used for data analysis. Finally, Section 3.6 describes the framework 
selected to evaluate tracking performance and compression performance. 

3.1 Research Process 

In the chapter 2, various methods of tracking listed and studied, different methods 
work well in the different scenes. Table 3-1 shows the methods we choose to 
implement the tracker in our application scenarios. Figure 3-1 shows the steps 
conducted to carry out this research.  

Table 3-1: Methods are chosen to implement the tracking system &reasons  

Process Proposed Methods 

Feature Extraction Feature from Pretrained - VGG-16 Feature trained from scratch.

Chosen method:  Feature from Pretrained -  VGG-16 
Reason: The dataset is not large enough to extract the feature map from scratch, and the 
tracker is prepared to do real-time tracking in future, extract feature map from scratch is too 
time costing for that case. 
Classification Model Discriminative model or Generative model

Chosen method:  Discriminative model
Reason:  The tracking system needs to detect and track multi-target which has very a 
similar appearance. The tracker needs to consider background information to distinguish 
the tiny difference between the target needs to be tracked, and other targets have similar 
features. 
Model updating 
methods 

Online learning Offline learning 

Chosen method:  Online learning 
Reason:   Since the tracking system is prepared for real-time use in the future. The 
tracker only knows the labeled data of t 
he first frame in each clip. Targets in the video are keeping moving and change 
appearances in the view of cameras. The tracking model would get drifted if only 
trained by the labeled data in the first frame.   
 
To deal target scale 
size change 

Evaluate the appearance models by 
performing an exhaustive scale search 

kernelized correlation 
translation filter with 
multi-resolution 
extension 

Chosen method:  Improved kernelized correlation translation filter with multi-
resolution extension 
Reason:   Since the tracking system is prepared for real-time use in the future. 
Brute-force scale search is too time costing. 
 To catch big appearance 
change. 

Spatial Residual Network
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3.3 Data Collection 

The Dataset should provide a set which can reasonably describe the real-world 
scenarios of the application, i.e., occlusion, rotation, illumination changes, 
interference, etc. The system builds a tracking dataset with 29 fully annotated 
sequences from the real-scene in pigsty to facilitate tracking evaluation. This 
benchmark includes the results from 29 test sequences and 56 trackers 
corresponding ground truth backgrounds. Video data are captured by a fixed 
camera, pigs are surrounded with weeds and iron fence, and frames are sampled at 
30 FPS. 

3.3.1 Sampling 

The tracker in our project use dense sampling. In dense sampling, sample local 
patches using a sliding window, all samples can be aligned into a circulant matrix. 
The circulant matrix can then be converted into a diagonal matrix in the Discrete 
Fourier Transform (DFT), which can significantly improve the computation speed 
of the tracking model. y, sample labels obey single-centered Gaussian distribution, 
which means that the center of the distribution corresponds to the real target. 

Briefly, dense sampling is to select all the possible local patches from the images 
by a fixed-size sliding window. In this project, the patches should be sampled pixel 
by pixel of the image, meaning that the sliding step size is set to be 1 pixel. 

3.4 Experimental design/Planned Measurements 

This project will conduct a step by step experiment to measure if all the chosen 
methods are effective. 1. A simple tracker with using VGG-16 to extract feature map 
and online learning would be evaluated first. 2. Next, a tracker with a spatial 
residual network would be evaluated. 3. The same tracker both in step 2 and step 3 
with scale estimation method would be tested and evaluated to see if scale 
estimation performs well.   4. At last, a tracker with deeper layers DCF would be 
evaluated.  All the trackers would be compared together to see if the proposed 
method works well. 

To find the best compression method, the following experiments would be 
conducted. 1. To find an optimal codec to compress video, this project would 
evaluate the tracking performance videos compressed by three different codecs 
(H.264, H.265, MPEG4). 2. To figure out the bitrate threshold for the compressed 
video to get the similar tracking performance, tracking performance with videos 
compressed with optimal codec but different bitrates would be evaluated. 3. This 
project would use 1-pass VBR, 2-pass VBR and CBR mode to compress the videos 
and compare the output bitrate and tracking performance of the compressed 
videos. 4. This project will test the bitrate consumption and tracking performance 
of the compressed videos regarding different GOP length to find the optimal GOP 
length for our tracking system. 



46 | Proposed Methodologies and Methods 

 
 

3.4.1 Test model 

For optimization, we set the max epoch for the network for 700 epochs, epoch 
would be early stopped if lose value less than the thresh0ld. The test model use 
Adam as optimizer with learning rate 10-4. After the initial training, the parameters 
at the last epoch are saved. We implemented the network using Keras. 

3.4.2 Hardware/Software to be used 

This project use Bitrate Viewer* to captures the instant bitrate in the compressed 
video. Bit Viewer is a simple but useful application for viewing the sequence of the 
video file. 

3.5 Planned Data Processing and Analysis Techniques 

The tracking system is built with some python library for handling and processing 
images. Those libraries used for reading images, converting and scaling images, 
computing derivatives, plotting or saving results, and so on. 

• Load and read the image: 

The Python Imaging Library (PIL): PIL †provides image handling and lots of basic 
image operations like resizing, cropping, rotating, color conversion and much 
more. The tracker uses PIL which can read images from most formats and write to 
the most common ones. 

• Converted image to NumPy array: 

NumPy is a package usually used for scientific computing with Python. NumPy 
contains some useful concepts such as array objects (for representing vectors, 
matrices, images and much more) and linear algebra functions. When tracker 
loaded frame images, frame images need to be converted to NumPy array objects. 
Arrays in NumPy are multi-dimensional and can represent vectors, matrices, and 
images.  

• Gaussian map generation: 

The tracker generates the label (3 dimensional Gaussian map) of input with 
Scipy‡. SciPy is an open-source package for mathematics that builds on NumPy 
and provides efficient routines for some operations, including numerical 
integration, optimization, statistics, signal processing, image processing. 

• Data analysis visualization 

When working with mathematics and, Matplotlib§ is a graphics library with a lot 
of powerful features. Matplotlib produces high-quality figures with plotting graphs 
or drawing points, lines and curves on images. The tracker uses Matplotlib to plot 

                                                            
* Bitrate Viewer Download Page: https://www.videohelp.com/software/Bitrate-Viewer-2 
† PIL is free and available from http://www.pythonware.com/products/pil/. 
‡ SciPy is free and available at http://scipy.org/ 
§ Matplotlib is open source and available freely from http://matplotlib.sourceforge.net/  
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overall tracking performance. Matplotlib also used to plots x and y-axis of the 
frame image in pixels which would help the tracker to find the coordinate of the 
target in the tracking systems. 

• Object serialization 

This project uses the Pickle module to save tracking result, tracker save tracking 
result as .csv file, then .csv file is converted to pickle. 

Pickle* could take almost any object and convert it to a string representation. Pickle 
saves some results or data for later use. The process transforms an object to pickle 
refers to pickling. Rebuilding the object from the string is called unpickling. The 
idea is that this character stream contains all the information necessary to 
reconstruct the object in another python script. This string can then be easily 
stored or transmitted. 

3.6 Evaluation framework 

To establish a reasonable estimate of the performance of our implemented the 
proposal we need a framework such that we can evaluate our results. 

3.6.1 Ground truth 

The tracking system has utilized the ground truth as one method of quality 
measure. The true results in the chosen video sequences manually annotated. The 
tracking system defined the ground truth to be a bounding box around the target of 
interest. With four variables, denoted by {x, y, w, h}. {x, y} is the location of the 
target center, and {w, h} represents the corresponding width and length of the 
bounding box. Accordingly, the coordinates of the target are represented as {x - 
0.5w, y - 0.5h, x + 0.5w, y+0.5h} as Figure 3-3 shows. For the manual annotation, a 
tool which allows to manually draw the ground truth box for every frame in a video 
sequence is given. The ground truth is compared to the tracker output using an 
evaluation score. 

                                                            
* Pickle module documentation page http://docs.python.org/library/pickle.html#module-pickle 
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4 Data set and Implementation 

In this chapter, we introduce the implementation details of the tracking system and 
present different compression methods to affect both tracking performance and 
networking resource utilization. 

4.1 Video data annotation 

In the context of detection and tracking systems, creating and utilizing common 
data sets of annotated videos are necessary for two reasons: it enables an accurate 
quantitative comparison between different systems and it helps to find the optimal 
parameter settings for a given system in various scenarios. 

4.1.1 Annotation settings 

The data is from raw surveillance video footage from overhead cameras. As Table 
4-1 shows, the video sequences have 14 clips to annotate with about 1800 frames at 
a frame rate at 30 frames per second (FPS). The number of targets that needs to be 
tracked in each frame varies from 1 to 8*. The tracker would not track targets which 
get occluded with each other in most cases. The tracker will not detect and track all 
pigs in the scene, some of the pigs turn around very fast and get occluded with each 
other in most of the frames in the clip. This case is out of scope for the base 
proposed tracking system so far. All the targets in the video are annotated using a 
single yellow square bounding box with a target ID in it. The corners of the 
bounding box were hand-clicked and carefully validated as Figure 4-1 shows. Table 
4-1 shows detailed information about the annotation settings for each of the video 
clips. 

Table 4-1: Annotation Settings 

Scene A number of pigs ranging from 1 to 8 moving in a fence 

Resolution  1920x1080 

Number of clips  14 

Duration per clip 1minute 

Frames per clip About 1800 

Frame rate  30FPS 

 

                                                            
* Note that we do not track all pigs in the scene, as some of pigs turn around very fast and are 
occluded by others in most of the frames in the clip. We do not try to track those pigs and consider 
tracking of them out of the scope-of this project. 
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4.1.2.3 Start and end of trajectories 

Each target should be annotated through occlusions as long as the target’s extent 
and location can be determined accurately enough*. The annotation should be 
terminated if a target becomes completely occluded in the middle of the sequence 
and does not become visible later. If a target reappears after a prolonged period of 
occlusion, it will be re-annotated with a new ID. 

4.2 Implementation Details 

Detail information about the implementation steps based on the theoretical 
background in Chapter 2 will be given in the following subsections. 

4.2.1 Feature extraction 

First, we load the VGG-16 [2] model with pre-trained weights. Next, we load the 
video image of every frame as pixel data and prepare it to be presented to the 
network. The pixels are converted to a NumPy array so that we can work with it in 
Keras†. To provide an image array in the format the VGG-16 model requires, every 
image frame is converted to a 3D array of numbers, 𝑊 × 𝐻 × 3, where 𝑊 represents 
the width of the image, 𝐻 represents the height of the image, and 3 is the number of 
RGB channels with the pixel’s color component values. The network expects one or 
more images as input; thus the input array needs to be 4-dimensional, i.e., samples, 
rows, columns, and channels. As we only have one sample (one image) in each 
feature extraction step, the input data of VGG-16 will be 1 ×  𝑊 ×  𝐻 × 3. Figure 4-2 
illustrates the architecture of VGG-16 whose input layer takes an image array of 
size 1920 × 1080 × 3) and whose output layer is a predicted feature map of size 
(120 × 67.5 × 512), Both width and height scales to 16 times smaller than the 
original image array size. From the input layer to the last layer is the feature 
extraction part of the model. The weights from Block 1 to Block 4 in VGG-16 are 
frozen. 

                                                            
 

 

† Keras : https://keras.io/ 
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4.3.4 Tracking pipeline  

Our tracking pipeline includes four steps: Feature extraction, Model initialization, 
Scale estimation, and Track the target model update. 

In the first frame, we train a model with the image patch at the initial position 
of the target. For each new frame, we detect targets over the patch at the previous 
position, and the target position is updated to the one that yielded the maximum 
value. Finally, we train a new model with the target in the new position. The outline 
of the tracking pipeline is summarized in Algorithm 1.  

Alogrithm1: DCF with online tracking  

Input: 

x: training image patch, W × H × 3 (w: width of the frame image, h: height of frame image, 3: RGB 
colour channels) 

y: regression target, Gaussian-shaped, W × H x 3 

Output  

responses: detection score for each location, W x H 

Initialization Step: 

Send the labelled data (𝑋 : feature map of the first frame generated from VGG-
16, 𝑌 : Responding Gaussian-shaped regression map of the first frame has a peak 
value locates on the target centre) to initialize the model. 
Updating Step: 

Repeat  

// feature extraction 

Send each frame into the VGG-16network to extract the convolutional features 𝑋  , 𝑡𝜖(1, 𝑛 − 1), 𝑛 is the total number of frames in a certain clip. 
//Track the target: 

Search for the target location (𝑊 ,𝐻 ) in each frame via sending the feature map  𝑋  of each frame, which locates in the corresponding Gaussian-shaped regression 
map𝑌  has a peak value.  
//Scale Estimation: 

Each time a new frame comes, windows with different sizes are cropped around 
the previous position, those search windows would be sent to the model to generate 
different response maps. 

The search windows with corresponding confidence maps can be obtained, we 
will choose the window has maximum peak value would be selected as (𝑊 ,𝐻 ). 
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We update the scale size using function (𝑤 , 𝑦 ) = 𝛽(𝑤 , ℎ ) + (1 − 𝛽)(𝑤 , ℎ ), (𝑤 , ℎ ) is the size the of the optimal 
scale of last frame. 
//Update the model  

 After finding the location of the target in the 𝑓𝑟𝑎𝑚𝑒 , send the labelled data of 𝑓𝑟𝑎𝑚𝑒  (𝑋 : Feature map of each target. 𝑌 : regression map which indicates the 
position of the target in frame) to DCF to update the model.  
End  

Until end of the video frame; 

 

 

4.4 Implementation of experiments 

The experimental setup of our project is described in the following subsections. 

4.4.1 Experiment environment 

This section describes the experimental environment of our study. The tracking 
system is implemented with the use of TensorFlow*, which is an open source library 
by Google for use on Linux and Mac OS in Machine Learning. All experiment were 
performed on the environment shown in Table 4-2. 

Table 4-2: System Details 

Memory 50.0GiB 

Processor Intel Xeon® CPU E5-1650 V4 @ 3.60GHz x 12 

System Type 64-bit OS 

Graphics GeForce GTX 1080Ti/PCIe/SSE2 

Disk 500.0GB 

4.4.2 Experiment details 

Several experiments were done to evaluate the proposed tracking algorithms when 
the proposed spatial residual network and scale estimation method is applied. 
Additionally, we test and compare the tracking performance of our tracker when 
the DCF is composed of shallow layers and deep layers. 

                                                            
* TensorFlow.  [Online]. Available: https://www.tensorflow.org/ 
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To find the optimal compression method which achieves a good balance 
between tracking performance and network utilization, we evaluated the tracking 
performance after videos were compressed with different compression parameters. 

We use OPE for the evaluation of trackers in the experiment. The one-pass 
evaluation (OPE) is to evaluate trackers with running them throughout a test 
sequence with initialization from the ground truth position in the first frame and 
report the average precision or success rate. The precision plot shows the average 
of precisions on all sequences. The higher the slope of the precision curve, the 
better the tracking algorithm. The success plot shows the average success plotted 
over all the sequences. The greater the area under the success curve, the better the 
tracking algorithm. We have compared the tracking performance of our tracking 
with two benchmarked trackers: Fully-convolutional Siamese FC [4] and ECO [5]. 

4.4.2.1  Evaluating the tracking algorithms 

The experiment performed multiple tests with different model structure and 
improving methods for our proposed tracking algorithm. The most accurate 
structure and method found was used in further experiments as described in 
Section  

4.4.2.2. Test the effect of spatial residual network 

To compare DCF tracking performance between the DCF formulated with and 
without the spatial residual network. We designed two DCFs as shown in Figure 
4-7. The tracking performances of these two different DCFs will be evaluated and 
compared. 
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To make the shapes match as needed and equal on every side of the input map, we 
introduced zero padding in each layer. 

As Figure 4-7 (b) shows, the second DCF extends the structure of the first DCF 
with   a spatial residual layer is added to capture appearance changes. The spatial 
residual layers are composed of 7 2D convolution layers with (3×3) kernel size. 
Each Conv2D layer has a filter with a size 64×64, 32×32,16×16, 8×8, 4×4 and 1×1, 
a stride of size =1 respectively. ReLu and zero padding are also applied in each 
Conv2D layer. A batch normalization layer is added after each Conv layer. 

4.4.2.1.1 Test the effect of scale estimation 

To test whether the overall tracking performance is improved or not when our 
proposed scale estimation method is applied, the tracking performance of the DCFs 
shown in Figure 4-7 are evaluated and compared when the proposed scale 
estimation method is applied and not applied. 

4.4.2.1.2 Compare the effect of deep convolutional layers and shallow convolutional layers 

To compare the tracking performance of DCFs composed of shallow convolutional 
layers and deep convolutional layers, the tracking performance between the DCFs 
with deep layers and shallow layers (as shown in Figure 4-8) are compared. The 
DCF in Figure 4-8 (a) is the same DCF shown in Figure 4-7 (a). The DCF shown in 
Figure 4-8 (b) has a small difference from the DCF in Figure 4-8 (a), instead of 
stacking three Conv2D layers, it only has 2 Conv2D layers with filter size 16×16 and 
1×1 respectively. 
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4.4.2.2.1 Test the impact of different compression CODEC 

Different CODECs utilize various prediction methods on each image frame, which 
means different CODEC produce different image quality and file sizes after 
compression. 

The first experiment evaluates tracking performance with the video from three 
different CODECs with the same constant bitrate requirement. The results are 
shown in Table 4-3. An optimal CODEC would make the videos that have the best 
tracking performance after compression. 

Table 4-3: Compression settings regarding different CODECs, with CBR rate 
control mode, a GOP size of 70, a target bitrate of 2.5Mbps, a 
buffer size of 1MB, a resolution of 1920x1080, at 30 FPS, in MP4 
containers 

CODEC 

Rate 
Control 
Mode 

GOP 
Size 

Target 
Bitrate 
(Mbps) 

Buffer 
size 

(MB) FPS Resolution Container

H.265, 
H.264, 
MPEG4 

CBR 70 2.5 1 30 1920x1080 MP4 

4.4.2.2.2 Test the impact of different compression bit rate 

More compression errors will appear in the video if we continue to decrease the 
bitrate in order to minimize the use of network resources. In this experiment we 
see how the bitrate of compressed videos influences tracking performance and if we 
can achieve a suitable balance between network utilization and good data quality 
for the video tracking task. We evaluate the tracking performance after the videos 
have been compressed with various bitrates. 

This experiment applied the optimal CODEC found in the previous experiment 
(reported in Section 4.4.2.2.1) to compress the video with bitrates of 2.5 Mbps, 
2.0 Mbps, 1.0 Mps, 0.5 Mbps, and 0.1 Mbps respectively. Table 4-4 shows the 
compression setting details.  



Data set and Implementation | 63 

 
 

Table 4-4: Compression setting regarding to different bitrate 

Target Bit 
Rate 

(Mbps) 
Rate Control 

Mode 
GOP 
Size 

Buffer 
Size 

(MB) FPS Resolution Container

2.5, 2.0, 1,0, 
0.5, 0.1 

1-Pass VBR 70 1 30 1920x1080 MP4 

4.4.2.2.3 Test the impact of different compression rate-control modes 

Different rate control modes may have a vast difference in their effect on our video 
data. 

Table 4-5: Compression setting for different rate control modes 

Rate Control 
Mode 

Average 
bitrate 
(Mbps) 

Max 
bitrate 
(Mbps) 

GOP 
Size 

Buffer 
size 

(MB) FPS Resolution Container 

CBR, 1-Pass 
VBR, 2-Pass 
VBR 

2 2.0 70 1 30 1920x1080 MP4 

4.4.2.2.4 Test the impact of different compression GOP length 

Different GOP lengths may lead to different output bitrates and image quality of 
the compressed videos. This experiment aims to find the optimal distance between 
I-frames in order to maximize the coding efficiency/bandwidth utilization and 
minimize the quality distortion due to error propagation for tracking purposes. In 
this experiment, we test several GOP lengths with H.265 video, compare the videos' 
tracking performance and instantaneous bitrate. The GOP sizes we test range from 
20 to 100, increased by ten at each step. The GOP length which provides the best 
tracking performance and lowest output bitrate would be the optimal GOP length. 
Table 4-6 shows the compression settings. 

Table 4-6: Compression setting regarding different GOP sizes 

GOP 
Size 

CODE
C 

Rate 
Control 
Mode 

Average 
Bitrate 
(Mbps) 

Maximu
m Bitrate
(Mbps) 

Buffer 
Size 

(MB) 
Resolu

tion 
Contai

ner 

20, 30, 
40, 50, 
60, 70, 
80, 90, 
100 

H.265 1-Pass 
VBR 

2 2.5 1 1920 X 
1080 

MP4 
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Table 5-4: Compression result regarding to different GOP size 

GOP Size 

Output Size 
than the 
Original 

Output Average 
Bitrate 
(Mbps) 

Output 
Maximum 

Bitrate 
(Mbps) 

Time to encode 
and decode 

(s) 

20 53.5% 2.060 2.721 30.2 

30 51.6% 2.053 2.821 31.5 

40 50.7% 2.044 2.902 32.0 

50 49.9% 2.040 2.984 34.9 

60 49.1% 2.031 3.085 35.7 

70 48.2% 2.021 3.222 36.8 

80 47.9% 2.012 3.981 37.6 

90 46.9% 1.995 4.249 39.2 

100 46.1% 1.992 4.254 40.1 

 

5.3 Discussion 

The results of this work have shown that DCFs works well to detect and track multi-
targets with online learning method to update the model. The work also proposes 
scale estimation, residual spatial network to improve tracking performance. But 
with the help of those methods, the model does not perform well in all cases, even 
does not show better-tracking performance. All possible reasons for this, as well as 
ways of improving the model, needs to be discovered. 

Regarding video compression methods, H265 codec, 2-pass-VBR, and longer 
GOP are tested to be the best compression parameters for the tracking system. 
However, all those settings would bring a longer latency at a cost. Since the 
tracking system is prepared for real-time tracking in the future, how to deal with 
the latency in the compression process needs to be considered further. 
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6 Conclusions and Future work 

In the previous chapters, we presented our experimental results and discussed them. 
This chapter is looks back at what we did and will revisit the main findings of our 
work and its limitations. We also summarize the conclusion we were able to draw. 
Additionally, we will look to the future and make recommendations for further 
research. 

6.1 Conclusion  

Automatic video tracking is a research area that can lead to numerous intelligent 
applications. This project focused on setting up a system that may be used for 
intelligent applications in video surveillance in smart farming scenarios. 

We designed a tracking system that can detect and track multiple moving targets 
at the same time. Our application scenarios are challenging because of illumination 
changes, cluttered backgrounds, and occlusion in the recorded videos. After setting 
up a basic system, we found that major improvements could be made to reduce the 
network bandwidth required by using of video compression. Consequently, we were 
successful in building a prototype of a tracking system that could serve as a platform 
for future research on smart farming. 

There are some general conclusions presented concerning the project’s tests and 
results regarding tracking performance and the impact of video compression on this 
tracking. 

To understand how our proposed algorithm influences the tracking performance, 
we compared the tracking performance when the DCF is composed of different 
numbers of convolutional layers, when DCF is applied with a spatial residual 
network, and when scale size is estimated. We proposed applying a spatial residual 
network in our tracking algorithm to catch big changes in appearance when there is a 
sudden movement of the target. However, the overall tracking performance of the 
system with the residual network was lower than without it. While this might occur 
because the residual network is too sensitive to big changes in appearance, the 
algorithm may track other targets which have a similar appearance when occlusion 
has occurred. This is likely to be the reason why the overall tracking performance is 
lower when the residual network is applied. 

Next, we proposed a scale estimation method based on a kernelized correlation 
translation filter with multi-resolution. Our proposed scale updating methods make 
scale changes when targets move. However, our tracking algorithm with purposed 
scale estimation methods does not show better overall tracking performance. 
Moreover, since the proposed method may lead to a sudden shift in scale, there is a 
possibility that the model will not predict the most suitable scale. Although in this 
experiment we did not get better tracking performance after scale estimation, 
estimating scales is still essential to avoid severe model drift. When the target is 
moving away from the camera, more background regions are incorporated into the 
tracking model. Eventually, the non-scaled tracker drifts off the target as its model 
becomes too corrupted with background data. The scale-adaptive tracker successfully 
continues to track the target by evaluating the scale space and rejects outliers, 
whereas the feature matching step evaluates the remaining samples and ensure the 
accuracy and robustness of the tracking process. 
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Additionally, we found DCFs composed of shallow convolutional layer show better 
tracking results than the DCFs composed of deep convolutional layers. This seems to 
occur because the features from shallow layers output low-level information at high 
spatial resolution and such information is essential for localizing the target accurately 
when tracking and prevents model drift, while the deep layer feature maps contain 
high-level information at a coarse resolution, which would be more beneficial for 
image classification. 

A final important aspect we observed is that our proposed tracker could not 
operate to the end of each clip if the image is complex (i.e., has multi-targets, 
occlusion, fast movement, etc.). This might be overcome because online-learning can 
utilize features based on historical tracking results. However, there are not enough 
ground truth labels available for supervision. So online learning can learn from 
incorrect training samples if there are errors in the tracking history and these errors 
accumulate and result in tracking drift. 

The overall tracking performance of our proposed algorithms was benchmarked 
against two state-of-art trackers, FC [4] and ECO [5]. The general comparison 
demonstrates our tracking system achieves similar tracking performance to both ECO 
and Siamese FC. The general conclusion regarding the proposed tracking algorithm is 
summarized in Table 6-1. 

Table 6-1: General conclusion of the proposed tracking algorithm 

Methods Advantages Disadvantages 

Proposed 
Online Learning 
method 

Suitable for real-time tracking. Not stable for long-term 
tracking. 

Proposed 
Spatial Residual 
Network  

Could catch the big appearance 
changes. 

Less robust in occlusion, not 
presenting better in overall 
tracking performance. 
Need longer training time. 

Proposed Scale 
Estimation 
Methods 

Could catch scale changes. Not stable, not presenting 
better overall tracking 
performance. 
Need longer training time. 

DCF with 
Shallow layers 

Output feature is at high spatial 
resolution, show better in 
tracking performance. 

Not robust in image 
classification task. 

DCF with Deep 
layers 

High-level features are more 
beneficial for image 
classification. 

Only allows for coarse 
localization.  
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Our surveillance tracking systems is likely to need to send encoded video over 
real-world networks with limited bandwidth. To overcome the constraints of network 
bandwidth, we compress the videos before transmission. Unfortunately, video 
compression reduces the video quality. To limit the effects of this quality loss, we 
need to choose suitable compression parameters. 

During our experiments, we observed that our tracking system performs the best 
with the video compressed by H.265 than when using other CODECs (specifically, 
H.264 and MPEG4). H.265 also gives the most compressed output. We found that the 
lower bitrate the videos were compressed to, the worse the tracking performance. 
Moreover, we observed that the tracking system when using the video compressed in 
a 2-pass VBR mode performs better than in video compressed with either 1-pass VBR 
or CBR mode. Moreover, videos compressed in 2-pass VBR had a relatively lower and 
stable bitrate. Therefore, 2-pass VBR can be considered as the most appropriate 
scheme for both minimizing the use of network resources and providing excellent 
image quality for the tracking system. 

Finally, with an increase in GOP size, the tracking performance continued to 
improve. Additionally, the output average bitrate becomes lower and the output file 
size becomes smaller with increased GOP size. However, larger GOP size has greater 
latency because of increased computational complexity. The general conclusions 
regarding the compressing methods are summarized in Table 6-2. 

Table 6-2: General conclusion of the compressing methods 

Compression Settings Advantages Disadvantages 

CODEC 

MPEG4 Shortest latency. Worst tracking 
performance. 
Highest output bitrate. 
Largest output file size. 

H.264 Shorter latency than 
H.265. 
Medium tracking 
performance. 

Higher output bitrate than 
H.265. 
Larger output file size 
than H.265. 

H.265 Best tracking 
performance. 
Smallest output file size. 

Longest latency. 

Target Bitrate 

Higher 
Bitrate 

Better tracking 
performance. 
Shorter latency. 

Higher output bitrate. 
Larger output file size. 

Lower 
Bitrate 

Lower output bitrate. 
Smaller output file size. 

Worse tracking 
performance. 
Longer latency 
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Rate Control 
Mode 

CBR Instant bitrate keeps about 
the constant. 

Worst tracking 
performance. 
Smallest output file size. 

1-Pass VBR Better tracking 
performance than CBR. 
Smaller output file size 
than CBR. 

Instant bitrate varies very 
differently. 
Longer latency than CBR. 
Sudden peaks often 
appears in the output 
bitrate. 

2-Pass VBR Best tracking 
performance. 
Smallest output file size. 
The output bitrate is 
relatively stable than in 1-
Pass VBR. 

Longest latency 

GOP Size 

Larger GOP 
Size 

Lower average bitrate. 
Smaller output file size. 
Better tracking 
performance. 

Longer latency. 
Instant birate varies 
greatly, sudden peaks of 
the output bitrate often 
appears. 

Smaller 
GOP Size 

shorter latency. 
Output bitrate keeps 
relatively stable. 

Higher average bitrate. 
Larger output file size. 
Worse tracking 
performance. 

6.2 Limitations 

As the time for this thesis is limited, it was not possible to investigate every possible 
angle of the problem. There are some limitations that our system did not address, 
these are summarized in the following subsections. 

6.2.1 Unstable for long-term tracking  

The system is unstable for long-term tracking. Since learning a representation that is 
both invariant and discriminative for a long time is intrinsically difficult, as time 
evolves, features that once were discriminative may become irrelevant and vice versa. 
For instance, fast movement, occlusion, or lightning strikes in a few frames may cause 
the model to predict ghost peaks with the wrong target location. It is challenging to 
associate noisy object detection in the current video frame with previously tracked 
objects for tracking-by-detection in the online mode. 
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6.2.2 Beyond real-time tracking 

Our system is far from being capable of real-time tracking due to its high 
computational complexity. Three main factors led to this computational complexity. 
The first reason is model size, the integration of deep features from the VGG-16 
network causes a sharp increase in the number of appearance model parameters 
which are beyond the dimensionality of the input images. For example, our tracker 
continuously updates roughly 800,000 parameters during the online learning of the 
model. Such a high dimensional parameter space tends to lead an increase in the 
computational complexity caused by the high dimensionality and leads to slower 
tracking speed. Another reason is the size of the training set, as our tracker requires a 
large training sample set due to the reliance on iterative optimization algorithms (for 
example, the input feature map size is W*H*512, W and H are the original weight and 
height of video frame respectively). However, memory space is limited in practice, 
especially when high-dimensional features are to be stored. This may lead to a 
computational burden. The final reason is that the model update method used in our 
tracker applies a continuous learning strategy by updating the model strictly at every 
frame using online learning. This model update method may slow down the tracking 
speed. 

6.3 Future Work 

Although the proposed tracking algorithm performs well in many of the challenging 
conditions, its performance could be improved making some more changes in the 
proposed method. In this section we highlighted some components that are essential 
for improving the tracking performance. We see two directions for future expansion 
of work in this thesis. First is improving the current system’s 
segmentation/annotation and tracking algorithms. Second is to find more optimal 
ways to compress videos to adapt to the changes in available bandwidth. 

6.3.1 Improving system’s annotation and tracking algorithm 

We list four ways to improve the tracking algorithm and system’s annotations. 

6.3.1.1 Enrich the Dataset 

To have a more comprehensive and reliable evaluation result and to measure how 
well different algorithms perform, more test data are needed. It would be of interest 
to generate datasets of pan-tilt-zoom surveillance video sequences where the pan-tilt-
zoom configuration for each frame is available to help improve scale estimation 
through large-scale differences. The dataset should contain more complex 
information which would be available in a practical application in order to help 
improve the tracking methods, such as sequences containing occlusion, cluttered 
background, and illumination changes. 

6.3.1.2 Improving scale estimation methods 

To smooth out the instability or jitters in a track during scale estimation, we should 
try to increase the number of scales with different zoom magnification. The candidate 
scales need to have smaller variations between each other. For example, instead of 
choosing five different scales (with the zoom ratios 0.9, 0,95, 1, 1.05, and 1.1), we 
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could choose ten different scales with zoom ratios varying from 0.9 to 1.1, increasing 
by 0.25 at each step. Another approach that could be tried in the future is to use 
multiple trackers and average their scale results to obtain our final track. 

6.3.1.3 Improve tracking speed 

To speed up the tracking process, we could change model update methods (for 
example, update the model every five frames instead of updating it every frame. 

On the other hand, the problems of computational complexity could be addressed 
by investigating dimensionality reduction techniques that preserve useful 
information while drastically reducing the number of color dimensions, thereby 
providing a significant speed boost for tracking. For example, Principal component 
analysis (PCA) [63], is a classic method that provides a sequence of best linear 
approximations to a given high-dimensional observation. 

6.3.1.4 Make the predicted bounding box as a flexible ratio rectangle 

Currently, since in our tracking scene, the targets to be tracked are pigs' heads with 
round shape, and they are easier to track with square bounding boxes, we set the 
predicted scale shape as a square. This method works well for objects with a fixed 
aspect ratio (1:1), but this does not hold for non-rigid or deformable objects. To use 
our tracking system to track more categories of animals, we will set our tracking scale 
shape as a flexible ratio rectangle. 

6.3.2 Find optimal compression methods 

We could take a look at four ways to make compressed videos fit minimum bitrates 
during transmission while keeping excellent temporal quality for visual tracking. 

6.3.2.1 Combine VBR and CBR modes  

To better maintain tracking performance and utilize network resources, one proposal 
is to split the videos of pigs into two categories, clips where pigs are relatively active 
(morning) and clips where pigs have low activities (in the evening or after being fed). 
Since those clips in the first category contain different motion levels across their 
entire duration, they could be compressed by VBR with a relatively high bitrate to 
minimize bandwidth. Clips in the second clips could switch to CBR compression 
mode with a relatively lower bitrate since pigs in those clips would be sleeping and 
not move at all. Compression in CBR mode could keep good image quality as these 
videos would contain a similar motion level across their entire duration. The tracking 
system could still perform well with the videos in the second category compressed 
under CBR mode, since there is little difference in image features between 
consecutive frames. 

6.3.2.2 Choose the dynamic GOP length  

Fixed GOP length is unable to deal with all clips in our database since we have a 
varying level of motion among those clips. A possible solution is to choose the GOP 
length based on scene motion complexity, thus dynamically selecting intra-frame 
coding to limit network bandwidth. 

For example, we could divide the videos into two parts: videos with a high level of 
motion and videos with low levels of motion. Those low-motion videos require less 
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data to represent them, hence we will allocate a relatively long GOP length to 
compress them. Videos with pigs moving around have more motion differences 
between frames. Those videos require more data to represent them. We will allocate a 
shorter GOP length to compress them. Additionally, we could use some smart 
encoders to detect the change in successive frames within a video, then if there is  a 
significant change in scene/motion complexity, the encoder can create a new GOP at 
this point. 

With the two methods mentioned above, the temporal correlation of the 
compressed video is preserved within each different sized GOP. There is a saving of 
bandwidth and storage space consumption while ensuring excellent video quality for 
tracking use. 

6.3.2.3 Consider compression latency 

Encoding on the server side and decoding at the receiver side requires computational 
resources, which have to be taken into consideration. The time it takes to compress, 
send, decompress, and display a file in the compression process could cause 
undesirable system latency. The more advanced the compression algorithm, the 
higher the latency. We did not take the latency caused by the compression process 
into account since the time to run a tracker through a whole clip is far longer (xxx 
hours for a mm minutes video clip) than the compression latency (tens of seconds) 
with our current prototype. 

6.3.2.4 Study more compression settings 

There are still some compression settings we have not tested, for example, frame rate, 
frame size/resolution, buffer size, one pass/two pass encode; therefore, in the future 
we might further explore those settings to see how they will influence our tracking 
performance and network bandwidth. 
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Appendix A: Useful options in FFmpeg 

1. Set the target(average) bit rate of the encoder. (-b:v) 

In a live streaming environment, it is important to have an optimal bit rate so that 
receivers can download the data in real time. Using stream specifiers, it can be set for 
video (-b:v) and for audio (-b:a). 

2. Set the limit bit rate of the encoder. ( -minrate and -maxrate) 

Limits can be specified with the -minrate and -maxrate options and can be used to set a 
constant bit rate even for video. 

3. Set the maximum GOP length (-g) 

For live streaming, it can GOP be lowered so that the receiver has to wait less before 
receiving an I-frame and being able to decode the video. 

4. Sets the buffer size (-bufsize) 

The size of the buffer over which the bit rate is computed is specified by the -bufsize 
option.  

5. Select the pass number (1 or 2):-pass 

It is used to achieve two-pass video encoding. The analysis of the video is recorded in a 
log file in the first pass, and in the second pass, the log file in the first pass is used to 
create the video at the exact requested bitrate.  
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Appendix B: Command lines to compress videos 

As compression settings showed in table 3.3, the command lines to compress videos 
according to different CODEC (from top row to the bottom) are as follows, 

1. ffmpeg -i input.mp4 -vCODEC mpeg4 -b:v 2.5M -minrate 2.5M -maxrate 1M -bufsize 1M 
output.mp4 -g 70 

2. ffmpeg -i input.mp4 -c:v libx264 -x264-params "nal-hrd=cbr" -b:v 2.5M -minrate 2.5M -maxrate 
1M -bufsize 1M output.mp4 -g 70 

3. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.5M -minrate 2.5M -maxrate 1M -bufsize 1M output.mp4 -g 
70 

As compression settings showed in table 3.4, the command lines to compress 
videos according to different bitrate(from top row to the bottom) are as follows, 
1. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.5M -maxrate 2.5M -bufsize 1M output.mp4 -g 70 
2. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.0M -bufsize 1M output.mp4 -g 70 
3. ffmpeg -i input.mp4  -c:v libx265 -b:v 1.0M  -maxrate 1.0M -bufsize 1M output.mp4 -g 70 
4. ffmpeg -i input.mp4  -c:v libx265 -b:v 0.5M  -maxrate 0.5M -bufsize 1M output.mp4 -g 70 
5. ffmpeg -i input.mp4  -c:v libx265 -b:v 0.1M  -maxrate 0.1M -bufsize 1M output.mp4 -g 70 

As compression settings showed in table 3.5, the command lines to compress 
videos according to different bitrate(from top row to the bottom) are as follows, 

1. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.5M -maxrate 2M -minrate 2.0M -bufsize 1M output.mp4 -
g 70 

2. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 70 
3. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 70 -pass 1 & 

ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 70 -pass 2 

As compression settings showed in table 3.6, the command lines to compress 
videos according to different bitrate(from top row to the bottom) are as follows, 
1. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 20 
2. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 30 
3. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 40 
4.  ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 50 
5. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 60 
6. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 70 
7. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 80 
8. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 90 
9. ffmpeg -i input.mp4  -c:v libx265 -b:v 2.0M  -maxrate 2.5 M -bufsize 1M output.mp4 -g 100 

 



 

 
 

TRITA-EECS-EX- 2018:753 

www.kth.se 


