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Abstract 

 

Object detection is one of the vital and challenging tasks in the field of computer vision. It supports 

a wide range of applications in real life, such as surveillance, autonomous driving, and medical 

diagnostics. Object detection techniques aim to identify and localize objects of certain target 

classes within an image and assign each object to a corresponding class label. These techniques 

vary in their network architecture, training strategy, and optimization function.  

In this dissertation, an investigation into object detection is presented, with a specific emphasis 

on animal species detection. The research aims to mitigate the negative impacts of wildlife-human 

conflicts (WHCs) and wildlife-vehicle collisions (WVCs), particularly in remote wilderness 

regions/trails, urban areas/backyards, and on highways. Our goal is to enhance the accuracy and 

speed of animal species detection to ensure safer environments for both humans and wildlife. 

The research involves a comprehensive analysis of object detection techniques based on R-

CNN models. Four different R-CNN models and a deformable convolutional neural network are 

applied on three wildlife datasets, and results are evaluated using four metrics. This comprehensive 

analysis informs the proposal of a novel animal species detection system. The results illustrate the 

system's high accuracy in distinguishing between different object categories such as animals, 

humans, and vehicles, as well as in identifying specific animal species. This work aims to develop 

an automated labelling and annotation system that eliminates the need for human intervention, 

thereby saving time and costs. Furthermore, it seeks to contribute to the development of robust and 

reliable systems which can be applied to various aspects of biological sciences, such as wildlife 

monitoring, conservation, and management.   

A key proposal of the research is to develop WHCs and WVCs real-time mitigation systems 

based on a lightweight animal species detection model (M-YOLO) derived from YOLOv2. Multi-

level features merging is employed by adding a new pass-through layer to improve the feature 

extraction ability and accuracy of YOLOv2. Moreover, the two repeated 3 × 3 convolutional layers 

in the seventh block of the YOLOv2 architecture are removed to reduce computational complexity, 

and thus increase detection speed without reducing accuracy. Animal species detection methods 

based on regular Convolutional Neural Networks (CNNs) have been widely applied; however, 
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these methods are difficult to adapt to geometric variations of animals in images. Thus, a modified 

YOLOv2 with the addition of deformable convolutional layers (DCLs) was proposed to resolve 

this issue. Our experimental results show that the proposed model outperforms the original 

YOLOv2 by 5.0% in accuracy and 12.0% in speed. Furthermore, our analysis shows that the 

proposed model is more suitable for deployment on embedded devices than YOLOv3 and 

YOLOv4.  

To further enhance the M-YOLO model and achieve real-time alerts on low-power and 

resource-constrained devices, the research proposes the integration of two key ideas: the Motion-

selective Control Frames (MCF) algorithm and a parallel processing technique. These 

enhancements aim to minimize the detection processing delay and power consumption, which are 

crucial for the efficient operation of low-power, computationally limited embedded devices. 

Importantly, these improvements are achieved while maintaining detection accuracy.  
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Chapter 1 

Introduction 

 

1.1   Problem Statement and Motivation 

Wildlife-vehicle and wildlife-human encounters cause a significant danger to both humans and 

wildlife, resulting in a wide range of adverse effects that extend from physical injuries to financial 

consequences. In addition to addressing these risks, there is a critical need to assist biologists, 

researchers, and conservationists in monitoring and analyzing wildlife behavior to develop 

effective strategies for wildlife management and conservation efforts to help in reducing the risks 

associated with wildlife encounters and ensuring the safety of both humans and wildlife. 

Wildlife-vehicle collisions (WVCs) have been increasing in North America over the past few 

decades due to the increase in traffic volume and higher vehicle speed limits [1] [2]. Canada has 

numerous national and provincial parks teeming with wildlife, has highways passing through 

forests where animals movement are unpredictable; hence, the probabilities of WVCs are high. As 

shown in Fig. 1.1, between the years 2000 and 2014, 474 humans fatalities occurred on Canadian 

roads as a result of WVCs [3] [4].  
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Figure 1.1: Number of humans died annually in Canada from 2000 to 2014 

because of WVCs involving large animals such as bear, deer, elk, and moose [4]. 
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In the Canadian province of British Columbia (BC), an average of 11,000 WVCs occur each 

year, as reported by the Insurance Corporation of British Columbia (ICBC) [5]. Moreover, on an 

annual basis, there are approximately 870 injuries, 4 fatalities, and 6,100 wildlife deaths resulting 

from WVCs in BC [5] [6]. According to a report by British Columbia Ministry of Transportation 

and Infrastructure (BCMoTI), the recorded number of wildlife deaths represents only 25% to 35% 

of the actual number, as some animals die away from the collision site [7] [8]. Furthermore, their 

statistics show that approximately 80% of WVCs involve bear, deer, elk, moose, and mountain 

goat [6] [9]. From monetary perspective, the total claim cost associated with WVCs in BC amounts 

to about $41 million annually [10], with BCMoTI spending approximately $700,000 every year 

for highway clean-up and carcass removal [6] [8]. Therefore, mitigating WVCs on highways is a 

significant research topic for humans, animals, the environment, and the economy. 

Wildlife-human conflicts (WHCs) is becoming a serious problem in Canada over the past few 

decades [11] [12] [13]. Several factors have contributed to this escalation: (1) Canada has 48 

national parks which covers 3% of its landmass [14], the more human activities take place within 

these parks, the more WHCs that are life-threating for both, (2) the expansion of agriculture, (3) 

the expansion of urban areas towards wildlife habitats or territories, (4) climate change, for 

example the increasing heat waves and wildfires, has forced wildlife to seek survival in urban areas 

[15], (5) the increasing of wildlife sightings in urban areas, with wildlife became urban dwellers 

as human activities decreased during the COVID-19 pandemic lockdown [16] [17] [18]. 

In North America, BC ranks third in terms of the number of wildlife-human encounters, 

following California and Colorado [19]. Many BC residents report sightings of wildlife inside or 

in front of their houses. WHCs pose a life-threating risk to both humans and wildlife. According 

to a report from the BC Conservation Officer Service (BCCOS), between 2011 and 2019, officers 

killed 3,314 black bears and 590 cougars across the province as a result of encounters with humans 

[20]. The BCCOS statistics further reveal that from January 2020 to August 2021, 748 black bears 

and 69 cougars were killed, indicating a significant increase in such incidents during that period 

[21-25]. [21] [22] 
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There are several measures available to mitigate WVCs and WHCs in various settings, 

including highways, remote wilderness regions/trails, and urban areas/backyards. Some examples 

of these measures range from the traditional methods to more advanced wireless sensor-based 

methods.  [23] [24] [25] 

 The traditional methods employed for mitigation include the use of : wildlife warning 

reflectors [26] [27], wildlife warning signs, wildlife exclusion fencing, road lighting, wildlife 

crossings such as overpasses and underpasses, road planning considerations like road tunnels and 

elevated roadway [26] [28], wildlife translocation [29], and repellents such as chemical barrier 

[29].  

In addition to these traditional measures, more advanced and effective approaches involve the 

use of wireless sensor-based systems, such as animal detection systems [30]. These systems utilize 

sensors to detect the presence of wildlife near roadways and provide real-time warnings to drivers, 

helping them take precautionary measures and reduce the risk of collisions. 

Table 1.1 shows that road planning, which includes features like road layout, wildlife 

overpasses, and underpasses, has the potential to achieve a 100% reduction in WVCs. However, 

the cost is extremely high and applying such measure is infeasible and impractical in regions like 

BC due its challenging geographical features [31]. In contrast, animal detection systems offer 

several advantages over the other shown mitigation measures. These systems can be installed 

without any road constructions, allowing animals to move safely without any restrictions. They 

can also be relocated if animals change their crossing locations, making them portable systems. 

They have been proven to reduce WVCs by 87% at a reasonable cost [31] [32]. Based on these 

advantages, our objective is to improve the effectiveness and efficiency of animal detection 

systems, ensuring they provide accurate and timely detection of wildlife not only near highways 

but also along trails, and in urban areas such as backyards and school playgrounds.  
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1.2   Animal Detection Systems 

Animal detection systems are designed to detect animals that are close to highways, remote 

wilderness regions/trails, and urban areas/backyards. Once an animal is detected, an appropriate 

action must be taken by a reliable mitigation system to warn drivers, hikers, residents, and even 

the animals themselves. Two main types of animal detection systems have been developed in 

different countries to assist in the detection of ground-based moving animals [30] [34] [35] [36]. 

The first type is area-cover animal detection systems, which can detect animals within a specific 

detection area and sensor range, such as: live video cameras [8] [37], and passive infra-red (PIR) 

motion detecting cameras which are designed to activate and start capturing images when motion 

is detected within their field of view [38]. The second type is break-the-beam animal detection 

systems, which can detect animals when their bodies reduce or block the used wireless sensor 

beam [39], such as: ultrasonic acoustic waves [40], laser [41], microwave radio [30], and doppler 

radar sensors [42].  

There are several considerations that have to be taken to select a reliable animal detection 

system for mitigating WVCs and WHCs such as: animal size, environmental conditions, and 

landscape characteristics [30] [43]. In the case of BC, the landscape is not flat, as it is characterized 

# Mitigation Measures Effectiveness Comments 

1 Wildlife warning reflectors 1% [32] 
No control on animals’ movement directions, 

the reflected lights sometimes attract animals   

2 Wildlife warning signs 26% [31] Drivers and hikers habituate to them 

3 Wildlife exclusion fencing 40% [31] Isolate animals’ population  

4 Road lighting 65% [33] Expensive and infeasible 

5 Wildlife crossings with fences 86% [31] 
Expensive, fences are needed to direct animals’ 

movement 

6 Animal detection systems 87% [31] 

The effectiveness of these systems can be 

improved, animals are allowed to move across 

the landscape   

7 Road planning  100% [31]   Expensive 

Table 1.1: The estimated effectiveness of seven mitigation measures on reducing WVCs and WHCs. 
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by a lot of rocky areas, curves, on and off ramps, and dense vegetation with abundant trees. 

Therefore, the effectiveness of break-the-beam animal detection systems will be challenging due 

to the increase in false alarms of animal detection, as these systems require free space between the 

sensors. As a result of that, our work will focus only on the area-cover animal detection systems.  

PIR motion detector cameras [44] are popular tools in area-cover animal detection systems 

due to their: (1) ease of use, (2) reliability, (3) ability to detect moving objects, (4) high definition 

images, (5) capturing additional information such as timestamp (time and date), temperature and 

moon phase, and (6) invisible infrared flashes, eliminating disturbances caused by the white light 

flashes or the camera noises that may startle animals [45]. Many modern PIR cameras allow users 

to configure settings, for examples a user can set the camera to capture from one to ten images per 

second or to record a short video (e.g., 10-30 seconds) when activity is spotted [45]. These 

specifications make PIR camera a powerful tool for our research in mitigating WVCs and WHCs. 

Moreover, IR live video cameras are designed for real-time surveillance and use infrared to stream 

videos both day and night. These cameras offer continuous monitoring and do not depend on a 

triggering mechanism. Once an animal is detected at day/night, a reliable mitigation system is 

activated to warn drivers, hikers, or residents. Additionally, specific animal warnings can also be 

issued. However, it is important to note that any movements within the PIR camera’s detection 

area such as moving grasses, or tree branches (no moving animals), will trigger image capture, 

resulting in many false alarms. Therefore, it is essential to propose an object detection model or 

algorithm capable of identifying and localizing objects in the images under various weather 

conditions, both day and night. This proposed model should demonstrate high accuracy in real-

time with low power consumption, cost, and ease of implementation for effective WVCs and 

WHCs mitigation systems. These systems consist of two subsystems: a detection subsystem and a 

warning subsystem, as shown in Fig. 1.2.  
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To develop effective mitigation systems based on animal detection model, a comparative 

study of managing WVCs and WHCs across three different environments: highways, trails, and 

urban areas is presented in Table 1.2. Each setting has challenges and opportunities for managing 

these collisions and conflicts. This comparison seeks to understand the requirements and 

equipments employed in each environment to improve WVCs and WHCs management, making 

our strategies more effective and suitable for each specific environment. The factors considered in 

this comparison include: 

1. Power Source: Power requirements vary across various environments. For highway and 

urban area settings, we have access to the power grid and can use wired solutions. 

However, in remote wilderness trails, access to the power grid may not always be 

available, so the use of batteries or alternative energy sources such as solar panels is 

Figure 1.2: Block diagram of the mitigation systems. The red dashed box represents the WVCs mitigation 

system, and the black dashed box represents the WHCs mitigation system. 
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required. Even in grid-accessible areas, employing alternative energy sources can be 

beneficial for reducing costs and lessening environmental impact. 

2. Camera: The camera is an essential part of the mitigation system as it is the initial point 

of data collection. Camera type, resolution, and placement are critical factors to consider 

when managing WVCs and WHCs. 

• Highways: Given the high speed and frequency of events involving both vehicles 

and animals on highways, IR live video cameras/night vision cameras are effective 

in capturing the reflection of infrared light from wildlife, regardless of lighting 

conditions [46]. Their wide field of view enables continuous monitoring of a larger 

area, facilitating the earlier detection of animals, even those at significant distance 

from the camera’s location. While PIR cameras, which also typically have a wide 

field of view, are triggered by movement within their detection range, they can 

sometimes miss far-off movement. Additionally, high-resolution cameras are 

essential on highways, particularly for preventing blurring of fast-moving objects, 

which is crucial for accurately identifying wildlife and triggering timely alerts. 

Camera placement is typically ad hoc, focused on capturing the road and the 

surrounding areas.   

• Trails: PIR cameras, which detect changes in IR radiation due to motion, capturing 

images when movement is detected, can effectively save power in trail settings. 

However, there's a chance of missing an event if the motion detection isn't triggered 

promptly. If the power source is not an issue, IR live video cameras can be used to 

enhance safety. In trail environments, high-resolution imaging can be beneficial for 

identifying, localizing, and counting wildlife. Camera placement aims to capture 

wildlife along the trail path.  

• Urban areas: IR live video or PIR cameras can be used depending on the specific 

needs. In urban areas, while low-resolution cameras may be acceptable for areas 

with limited distances between the camera and potential wildlife, it is generally 

preferred to use high-resolution cameras to ensure accurate identification, 

localization, and counting of wildlife. Camera placement focuses on capturing 

wildlife activities within the property. 
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3. Weather Considerations: Different environments are subject to a variety of weather 

conditions that can impact animal detection systems and camera performance. Therefore, 

it is crucial to consider these factors when deploying wildlife detection systems.  

• Highways: Highways are exposed to a range of weather conditions, such as rain, 

fog, snow, and high temperatures. These conditions reduce visibility and can affect 

the performance of the animal detection model. For instance, rain or snow can 

obstruct the view and fog can reduce the detection range. Hence, it is essential to 

train the detection model on these conditions and ensure that the mitigation 

systems are equipped with protective housings to maintain consistent performance. 

• Trails: In wilderness trails, in addition to the weather conditions faced on 

highways, there are other challenges. One such challenge is the high density of 

trees and bushes which, when moved by the wind, can generate many false alarms. 

Therefore, animal detection model in these areas should be designed to handle 

these challenges and maintain accuracy. 

• Urban areas: Weather conditions can be more controlled in urban areas since they 

are often partially shielded by buildings. However, cameras still need to withstand 

weather conditions. Factors such as rain, snow, and temperature changes are still 

relevant considerations for the animal detection models deployed in urban areas. 

4. Object Detection Model: The detection model is a core component of the mitigation 

systems. It is trained to identify, localize, and count objects in the images or videos 

captured by the camera. The training focus depends on the deployment location: for 

highways, the model is specialized to detect and count a single class-either an animal or 

not, whereas for trails or urban areas, it is trained on multiple selected/predefined species 

that are commonly encountered. In our research, we conducted experiments to evaluate 

the model's accuracy, processing speed, and power consumption, taking into account 

various factors such as lighting conditions, weather conditions, and the presence of 

vegetation or other natural elements that may partially obscure animals. The accuracy of 

the model refers to its ability to correctly identify, localize, and count objects, while the 

processing speed represents the rate at which the model can analyze and process the 

captured data. Additionally, power consumption is a critical consideration as it influences 

the energy efficiency and sustainability of the system. The selection of animal species in 
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our research was motivated by the prevalence of encounters between these animals and 

vehicles, which often lead to severe crashes on highways. Also, these animals are 

sometimes involved in tragic direct encounters with humans, as previously mentioned. 

Accurate and fast identification, localization, and counting of wildlife in each environment 

are crucial for effective conflict management.  

5. Processing Hardware: The mitigation systems require hardware to process and analyze 

the images or videos captured by the camera. This hardware is typically an embedded 

device capable of handling the computational needs of the detection model. 

6. Cloud Storage: Cloud-based platforms, such as Firebase Real-time Database and AWS, 

are used to store processed data. This data can be accessed from anywhere, facilitating 

prompt and efficient alerting. While this may be feasible for urban areas, it might pose 

challenges on highways and trails due to connectivity coverage.  

7. Warning Mechanisms and Animal Deterrence: The warning systems employed in each 

environment should align with the demands and characteristics of the setting, considering 

the speed of detection, alert dissemination, and their effectiveness in preventing or 

mitigating collisions and conflicts. They vary from visual signals, such as electronic 

roadside signs, to cellphone warning application and ultrasound or sound devices 

specifically designed for animal deterrence. 

• Highways: In highway settings, prompt alert dissemination are critical due to the 

high speeds at which vehicles travel. In such settings, electronic roadside signs or 

cellphone warning application that warn drivers about the presence of wildlife on 

or near the road can be effective. The cellphone warning application will be 

installed on the cellphone and should always be on in the background to provide 

continuous audio alerts. Additionally, ultrasound or sound devices can be used to 

scare away animals from the road, thereby mitigating potential conflicts. 

• Trails: On wilderness trails, warning systems can employ a cellphone warning 

application integrated with Google Maps to indicate the location of detected 

animals. However, recognizing that not all trails have cellular coverage, alternative 

alerting methods can be employed. These methods can include dispatching a radio 

signal from a transmitter to a pre-specified frequency or placing digital trail signs 

in areas where hikers frequently pass by. The focus here is on alerting hikers about 
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potential wildlife encounters, allowing for direction change and reasonable 

reaction time due to the lower speeds of travel. It is preferred not to scare animals 

to avoid causing undue stress to them.  

• Urban areas: For urban area settings, alerts could take the form of cellphone 

warning application notifications sent to homeowners, accompanied by images of 

detected animals. The effectiveness of these alerts would depend on how quickly 

the homeowners react to the notifications and their ability to scare the animal away 

or secure their property. In some cases, movement-triggered sprinklers, ultrasound 

device, sound device, or flashing lights could be activated to frighten away the 

animals, preventing potential conflicts. 

 

 

Specification WVCs Mitigation System 

for Highways 

WHCs Mitigation System 

for Trails 

WHCs Mitigation System 

for Urban Areas 

     Camera    

Type IR Live video camera 
PIR Camera/IR Live video 

camera 

PIR Camera/IR Live video 

camera 

Output  Video Images/Video Images/Video 

Resolution High High Low/High 

Field of View Wide angle  Wide angle Standard angle 

Detection 

Model 
   

Classes Single class: animal 
Predefined animal species 

classes 

Predefined animal species 

classes 

Warning 

System 
   

Network Cellphone application  
Cellphone application with 

Google Maps 
Cellphone application  

Type of Alert Audio alert from the 

cellphone application 

Text with the location of 

animal 

Image with the detected 

animal 

No-Network Digital roadside sign 

Radio signal sent from 

radio transmitter to a pre-

specified frequency or a 

digital trail sign 

Sound signal 

Animal 

Deterrence 
   

Type Ultrasound or sound devices  Nothing 
Movement-triggered 

sprinklers, ultrasound, or 

sound device 

Table 1.2: Comparative study of managing real-time WVCs and WHCs mitigation systems. 
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1.3   Challenge Statement 

Dataset preparation plays a vital role in improving the performance of object detection tasks. To 

the best of our knowledge, while there are several publicly available labelled datasets of animal 

species from different countries such as Russia, South Africa, India, and Australia  [47] [48] [49] 

[50], there is currently a lack of labelled datasets specifically focusing on North American large 

animals in various poses. The availability of accurately labelled datasets is crucial for training 

effective animal detection models. However, acquiring such datasets can be time-consuming and 

costly, posing a challenge in terms of data collection and annotation. 

In our research, we encountered several challenges related to the identification and 

localization of animal species in images and the development of a reliable and feasible warning 

system for WVCs and WHCs mitigation systems. Among the complexities to consider are the need 

for animal species detector to:  

• be deployed on embedded devices for the development of wildlife mitigation 

systems. 

• detect objects during both day and night under various weather conditions, such as 

snow and fog, as shown in Fig. 1.3(a, b).   

• handle scenarios involving multiple occluded objects, as shown in Fig. 1.3(c), as 

well as variations in distance (both far and close to the camera) and posture of 

animals from the camera, as shown in Fig. 1.3(d, e, f) respectively. 

These concerns will be discussed in Chapter 4. The trade-off between accuracy, detection 

time, power consumption, and cost considerations for object detector is a major challenge, 

especially when considering the limitations of embedded devices.  

Addressing these challenges in our research requires careful consideration and the 

development of innovative solutions to improve the effectiveness and real-time capabilities of 

animal detection for WVCs and WHCs mitigation systems. 
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Figure 1.3: Examples of the challenging images: (a) day image of moose, (b) snowy and foggy night 

image of moose, (c) cluttered and occluded image of moose, (d) image of three bears far from the 

camera, (e) night image of moose closes to the camera, and (f) image of two mountain goats with 

different poses.  

(a)  (b) 

(c)  (d) 

(f) (e) 
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1.4   Dissertation Goals and Contributions 

The dissertation goals and contributions can be summarized as follows: 

1. Build a new labelled dataset of North American/Canadian large wildlife species in various 

environments to address the scarcity of such datasets.  

2. Propose a new detection model, Deformable Mask R-CNN, intended for developing an 

automated labelling and annotation system in different format.  

3. Develop a fast and accurate M-YOLO animal species detection model, designed for 

deployment on embedded devices. 

4. Introduce the MCF algorithm to control the number of frames to be processed based on the 

motion activity within them. To the best of our knowledge, this represents its first 

utilization in object detection systems.  

5. Propose an algorithm that allocates and distributes object detection model layers across 

pipeline stages to enhance pipelining and improve throughput. 

6. Propose a novel hybrid approach, integrating pipelining and dataflow techniques. 

7. Propose the MCFP-YOLO detection model which is designed for embedded devices and 

is intended to be employed in live camera based WVCs and WHCs mitigation systems. 

8. Develop and implement real-time LCDS and VIADS applications to assist biologists, 

researchers, and conservationists in identifying, counting, and labelling wildlife. These 

applications contribute to monitor and analyze wildlife behavior for both real-time and 

batch processing. 

 

1.5   Dissertation Organization 

This dissertation is organized into eight chapters detailing various aspects of the research. Chapter 

1 discusses the problem statement, motivation behind the research, and research goals. Chapter 2 

presents the background information relevant to the research topic. It provides a summary of 

existing knowledge and research related to object detection, with a specific focus on animal species 

detection. Chapter 3 proposes new variants of region-based Convolutional Neural Networks (R-

CNN) models with deformable convolutional layers. Chapter 4 presents the proposed animal 

species detection model to be deployed on embedded devices for real-time applications. Chapter 

5 explores the integration of Motion-selective Control Frames (MCF) algorithm into the proposed 



14 

 

detector/model to improve its detection speed and power consumption. Chapter 6 investigates the 

use of parallel processing technique in the proposed model to reduce its processing delay. Chapter 

7 evaluates the integration of the MCF algorithm and parallel processing technique into the 

proposed detector to enhance real-world object detection in embedded systems. Chapter 8 

summarizes the research, highlighting its accomplishments and contributions and outlining 

potential future directions.  
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Chapter 2 

Background and Related Work 

 

In this chapter, background information on both traditional machine learning and deep learning for 

object detection task, as well as on the fundamentals of parallel processing to improve object 

detection speed is provided in Section 2.1. Then, some related work to our research is discussed in 

Section 2.2. 

2.1   Background 

2.1.1   Traditional Machine Learning and Deep Learning 

Artificial Intelligence (AI) systems have the capability to learn patterns from the environment 

(training data) and make efficient and accurate decisions or predictions on new input data relevant 

to the same environment. These systems rely on machine learning (ML) algorithms [51] to solve 

complex problems in a way similar to humans, using three types of analytics: (i) descriptive 

analytics: it uses data aggregations to explain what happened (what we know or what has 

happened), such as image captioning [52], (ii) predictive analytics: it uses statistical models or 

algorithms to analyze the input data and predict future outcomes (what is likely to happen), such 

as object detection [53], (iii) prescriptive analytics: it uses the output of predictive analysis to 

recommend or suggest actions to take for any predefined outcomes (what should happen), such as 

medical image diagnosis [54] [55].  

Currently, research in computer vision tasks is divided into two directions: traditional ML 

[56] [57] [58] and deep learning [59] [60] [61]. The choice of the right direction depends on several 

factors, such as: the size of the data used, the type of task that needs to be accomplished, the 

platform (computer hardware) used, and the desired accuracy. For example, it is found that deep 

learning provides poor performance with tens or hundreds of examples for each class [62] [63] 

[64]. However, traditional ML can adapt to a limited amount of data and provide better 

performance [64] [65] [66] [67]. 

 



16 

 

The traditional ML algorithms have a long history since 1959, when Arthur Samuel defined 

the concept of ML [68]. Traditional ML models involve a process that takes data and tries to extract 

the significant information (handcrafted features) from it using feature descriptors such as Scale-

Invariant Feature Transform (SIFT), Speeded-Up Robust Features (SURF), Histogram of Oriented 

Gradients (HOG), etc. [69]. These extracted features are fed into one of the following traditional 

ML algorithms [70]: Linear Classifier, Logistic Regression, Naïve Bayes (NB), Bayesian Network 

(BN), Support Vector Machines (SVM), Decision Tree, Random Forest (RF), AdaBoost, 

Bootstrapped Aggregation (Bagging), K-Nearest Neighbour (K-NN), and Artificial Neural 

Networks (ANNs). The choice of the suitable algorithm depends on the type of the problem being 

addressed, such as classification, regression, clustering, or detection.  

The traditional ML models often struggle to achieve high accuracy in object detection tasks, 

as demonstrated by their performance on commonly used datasets such as ImageNet [71] and MS 

COCO [72], due to several reasons such as: (i) the difficulty of selecting or designing a robust 

feature descriptor that can handle challenges like cluttered backgrounds, illumination changes, and 

diverse object appearances, (ii) the difficulty of building and training traditional ML models, as 

they require the integration of multiple algorithms or the combination with deep learning 

techniques to address complex computer vision tasks like object detection, (iii) the difficulty of 

dealing with large datasets, as the limitations of traditional ML models become noted with the 

growth of data. Therefore, efforts have been made to overcome these limitations by using deep 

learning techniques which offer better feature extraction capabilities to improve the performance 

of object detection tasks [73] [74]. 

Deep learning or deep neural networks (DNNs) gained popularity in the mid-2000s [75], when 

they were found to be effective in reducing the dimensionality of data. DNNs are a type of ML 

based on ANNs that consist of multiple stacking connected hidden or intermediate layers, such as 

convolutional neural networks (CNNs) [76] [77], whereas traditional ANNs have only one layer 

referred to as shallow neural networks.  

As shown in Fig. 2.1, each layer in DNNs structure contains multiple neurons (N). Each 

neuron performs mathematical processing unit by taking input values (𝑋), multiplying them by 

corresponding weights (𝑊), adding bias values (𝑏), and applying an activation function (𝑓) [77] 
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to the weighted sum of the inputs to be passed to the next layer’s neurons as shown in the following 

equation:  

                                                            𝑦 = 𝑓(∑ 𝑊𝑖𝑋𝑖 + 𝑏𝑖
𝑁
𝑖=1 )                                                 (2.1)  

 

 

 

 

 

 

 

 

 

 

 

 

DNNs have proven their capability to solve complex problems in real-time applications, such 

as object detection, semantic image segmentation [78], speech recognition [79], and many other 

tasks, surpassing the capabilities of traditional ML algorithms [80] [81]. This is because DNNs 

have a hierarchical structure, as shown in Fig. 2.1, which allows them to extract and learn low- 

and mid-level features in the initial layers and progressively build up more complex (high-level) 

features in the subsequent layers. Unlike traditional ML algorithms that rely on feature descriptors, 

DNNs can directly extract features at different levels, including low-level features such as edges, 

mid-level features such as corners and textures, and high-level features such as parts of objects 

[82]. The depth of the network, achieved by increasing the number of hidden layers, enhances the 

extracted features depending on the specific application or task [83]. The increased depth allows 

DNNs to achieve high accuracy in complex tasks. Several notable DNN architectures are 
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Figure 2.1: DNN structure which consists of one input layer, n hidden layers, and one output layer. 

Each layer contains multiple neurons or nodes (i, j, k, l, m).  
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developed, including AlexNet [77], GoogLeNet [84], VGGNet [83], and ResNet [85]. These 

networks are commonly trained on large publicly available labelled datasets, such as ImageNet 

[71], and PASCAL Visual Object Classes (VOC) [86], which cover a wide range of object classes. 

These datasets do not contain all the classes, so for new applications or new datasets, the above 

pre-trained DNNs (backbone networks) can be reused as a starting point. Through transfer learning 

[87], the learned features are transferred from the pre-trained networks to fine-tune the network 

weights to adapt to the new task or dataset, saving significant training time and resources.      

In the context of image classification, which involves identifying the contents of an image, 

CNNs exhibit different levels of accuracy performance. The number of computational layers used 

for learning features from input images varies depending on the specific visual task. The following 

subsections will provide an overview of regular CNNs and Deformable CNNs (D-CNN), 

highlighting their role and significance in the field of image classification. 

CNN 

CNN is widely recognized as the most popular deep learning algorithm, which was originally 

developed to analyze input images and videos for computer vision tasks such as image recognition 

and object detection [88]. However, the applicability of CNNs have been proven for almost any 

type of data, such as text analysis [89] and audio processing [90]. The name of CNN comes from 

the mathematical linear convolutional operation between matrices. The primary objective of CNNs 

is to extract the significant features from the input data, making it well-suited for image 

classification tasks [77]. As shown in Fig. 2.2, the structure of a CNN is essentially a sequence of 

layers which can be divided into two linked main parts: the feature learning part, and the 

classification part. 
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For feature learning, the input layer of a CNN converts input image into a feature map, which 

is a matrix representing the pixel intensities for the whole image (a matrix of extracted features). 

Then each layer in the multi-hidden layers, including the convolution layers and pooling layers, 

performs convolution and pooling operations on its input feature map. These operations help the 

network learn spatial hierarchies of features from low- to high-level patterns [91] [92].  

For classification, the Fully Connected Layers (FCLs) [93] shown in Fig. 2.2 are the output 

layers which flatten the outputs of the previous layers, the feature maps, into a single vector, which 

serves as input for the Softmax layer [94]. Each input in the vector is connected to all neurons, 

represented as circles in Fig. 2.2, in order to predict the class of the object in the input image. The 

Softmax activation function is used to convert the output values into conditional probabilities, 

representing normalized classification scores for prediction. Each probability value ranges 

between 0 and 1, and the sum of all values is equal to one [77] [94]. The architecture of CNN is 

capable of learning and extracting object features and can handle multiple tasks simultaneously, 

such as object detection and segmentation [94-103].  

CNNs are built on fixed and known geometric structures, which limits their ability to handle 

geometric variations in objects, such as: pose, scale, viewpoint, and deformation parts [95], as 

illustrated in Fig. 2.3. To address this limitation, CNNs are typically trained on datasets that exhibit 

Figure 2.2: Illustration of an example of CNN architecture in animal classification. Convolution layers 

are denoted as Conv. and pooling layers are denoted as Pool. Multi-hidden layers consist of n hidden 

layers (Conv. n + Pool. n), depending on the input image and the visual task. The Fully Connected 

Layers (FCLs) flatten the output of the previous layers, which is called feature maps, and output them 

to the output layer with Softmax activation function to classify the object to different probabilities such 

as 0.97 for moose, 0.02 for elk and 0.01 for deer.    

Pool. 1      
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Pool. n      

Moose: 0.97 
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Deer: 0.01 
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sufficient variation, or on augmented data by changing the size, shape, and rotation angle of 

objects, to attain high detection accuracy. Although, these approaches have proven effective, the 

training process can be complex and therefore expensive. To enhance the capability of CNN to 

handle geometric variations and object deformations without relying on data-augmentation, D-

CNNs were introduced [96] [97].  

 

 

  

 

 

 

 

D-CNN 

The concept behind D-CNNs is to replace the fixed locations of the regular sampling matrix, 

(convolution kernel), represented by the 3 × 3 blue points in Fig. 2.4(a), with the deformable 

sampling matrix that has movable locations, represented by the orange points in Fig. 2.4(b, c). 

These orange points are redistributed to different locations based on the shape of the object using 

learned augmented offsets (the green arrows). The structure of the deformable sampling matrix 

can be obtained through a convolution algorithm that calculates the offset of the sampling position 

to learn the objects’ geometrical properties [96] [97]. Each point in the regular sampling matrix is 

moved by adding the learnable offset to each of them, resulting in a deformable sampling matrix.  

 

 

 

 

 

Figure 2.3: Examples of images that contain geometric variations in the object (moose) which 

make it difficult to be identified by using regular CNN. 
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As shown in Fig. 2.5, a D-CNN consists of: (i) a regular convolution layers with a fixed 3 × 3 

sampling matrix, as in depicted in Fig. 2.5(a), to generate a feature map for the whole input image, 

shown in Fig. 2.5(b), and (ii) an additional convolution layer with a 3 × 3 regular sampling matrix, 

as presented in Fig. 2.5(c), for the learned augmented offsets, displayed in Fig. 2.5(d) to be learned 

from the feature map. These offsets are easily trained through end-to-end backpropagation, to 

generate a deformable 3 × 3 sampling matrix, as depicted in Fig. 2.5(e). Fig. 2.5(f) shows the 

output feature map obtained by applying the regular sampling matrix. The positions of the 

sampling points in the sampling matrix (represented by orange circles) are in a fixed 3 × 3 square 

shape. On the contrary, Fig. 2.5(g) shows the output feature map after applying the deformable 

sampling matrix. The positions of the sampling points are changed from the original 3 × 3 square 

shape to another shape according to the object’s scale and shape, leading to a more precise 

bounding box. By comparing the two outputs in Fig. 2.5(f) and Fig. 2.5(g), it becomes evident that 

the deformable convolutional layer enhances the detection accuracy of the network at the cost of 

an amount of computations for the offset learning, as elaborated later in Chapter 3 and 4.    

 

 

 

 

 (a)  (b)  (c) 

Figure 2.4: Illustration of the sampling locations in 3 × 3 regular and deformable sampling 

matrices. (a) Regular sampling matrix (blue points). (b) Deformable sampling matrix 

(orange points) with offsets (green arrows). (c) Example of how the positions of the 

deformable sampling matrix are changed from the original 3 × 3 squared positions 

according to the objects shape to identify deformed or occluded objects in the image.     
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The advantages of D-CNN compared with the regular CNN can be summarized as: 

1. D-CNN can be integrated into any CNN architectures, giving them the ability to deform its 

sampling matrix to accommodate the object’s structure. 

2. The offsets in D-CNN are dynamic model outputs which vary according to the object’s 

location in the image.  

3. D-CNN has the capability to learn adaptive receptive fields. 

4. D-CNN learns sampling locations instead of filter weights, resulting in more precise 

bounding box generation. 

0 

 (c) 

 (e) 

(f) 

(g) 

Figure 2.5: Illustration of the difference between applying 3 × 3 regular and deformable sampling matrices 

on input feature maps. (a) Regular sampling matrix (orange circles) of regular convolution layers. (b) 

Feature map of the whole image after convolution layer. (c) Regular sampling matrix. (d) Learned 

augmented offsets (blue arrows) from the preceding feature map via an additional convolutional layer to 

redistribute the sampling locations of the regular sampling matrix to focus on the objects. (e) Deformable 

sampling matrix after adding offsets to the regular sampling matrix. (f) Output feature map after applying 

regular convolution. (g) Output feature map after applying deformable convolution.     

 (d) 

 (a) 

 (b) 

Input 

image 
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5. D-CNN provides improvements in the object detection accuracy [96] [97]. 

  

2.1.2 Object Detection 

Object detection, also known as generic object detection, has been widely studied to identify 

objects within a digital image from a predefined set of object classes (object identification), as 

shown in Fig. 2.6(a). It aims not only determine the presence of objects but also localize them in 

the image using bounding boxes (object localization) [98], as shown in Fig. 2.6(b). In summary, 

object detection techniques produce bounding boxes with four sets of coordinates around each 

object within the image, along with the corresponding probability that each box belongs to a 

specific class, as shown in Fig. 2.6(c). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Elk 

(a) 

(b) 

(c) 

Figure 2.6: Computer vision tasks. (a) Object identification technique. (b) Object localization technique. 

(c) Object detection technique (generic). 
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Object detection is a basic step for image/video understanding and other computer vision 

tasks, such as object tracking [61] [99], counting [100] [101], instance segmentation [102] [103] 

[104], etc. Therefore, object detection techniques are considered as learning systems [105] that 

output valuable needed information for numerous applications in different aspects of our lives. 

From an application perspective, object detection can be classified into two main types: salient 

object detection [106] and generic object detection [107]. Salient object detection, also known as 

salient object segmentation, aims to identify and segment the most noticeable/salient objects [108] 

from their surrounding areas or less attractive background in an image, as shown in Fig. 2.7. This 

is achieved through techniques such as local contrast enhancement [109] and pixel-based 

segmentation [110]. Salient object detection has been used for many applications such as image 

segmentation [111] [112], image cropping [113], image retrieval [114], etc. On the other hand, 

generic object detection or object class detection as previously defined, aims to detect instances of 

different predefined classes and provide their spatial location and extent using bounding boxes, as 

shown before in Fig. 2.6(c). This is accomplished using bounding box regression technique [115]. 

The most outstanding applications of generic object detection are surveillance [116], autonomous 

driving [117], vehicle [118] and pedestrian detection [119] [120], medical diagnosis [121] [122], 

robotic vision [123] and so on. In our work, the primary focus will be on generic object detection. 

 

 

 

 

 

 

 

 

 

 

The standard pipeline of object detection techniques based on deep learning typically consists 

of three stages, as shown in Fig. 2.8: (i) regions of interest (RoIs) selection, also known as region 

proposals, (ii) feature extraction for each region proposal, and (iii) a detection network that 

includes region identification and object localization.  

Figure 2.7: Example of salient object detection technique. (a) Input image. (b) Output image of salient 

object detection technique. 

(a)  (b)  
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The RoIs selection stage is used to find out and extract all potential object locations in the 

input image. In traditional techniques, the entire image needs to be scanned by sliding multiple 

windows at various scales to locate objects [98], as different objects with varying sizes and scales 

may appear at different locations in the image. Although, this strategy can detect most possible 

object locations of objects by applying the classifier at every location and scale in the image, it 

produces many redundant windows, increases computational complexity, and consumes time. 

Therefore, deep learning techniques adopt an alternative strategy by using a region proposal 

algorithm. This algorithm generates different candidate regions within the input image that are 

highly likely to contain objects of interest [124] [125]. By utilizing this algorithm, detection time 

is reduced, computational costs are decreased, and detection accuracy is improved by reducing 

false positives [126] [127].  

The most important stage in the object detection task is the extraction of significant features 

to accurately identify and localize objects within the image. There is a variety of features that can 

be used, ranging from handcrafted features which can be extracted by using SIFT, HOG, or Haar 

feature descriptors to learned or deep features extracted by CNNs. Since CNNs have the ability to 

extract complex and detailed features that can represent the image in more detail and learn 

invariant features, deep features have become popular over handcrafted features for most object 

detection applications [128] [129], as shown in Fig. 2.9 [130]. Theses features are fed into the 

Detection results 

Input image 
2. Feature extraction 

Learned features 

by using CNN 

Generating region 

proposals for the 

whole image 

1. Region selection 

3. Detection network 

Object identification by using: 

Softmax layer                         

+                                    

Bounding box regressor 

Figure 2.8: General architecture pipeline of object detection techniques based on deep learning 

approaches.  
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detection network to identify objects in each proposal (region identification) and to localize these 

objects by combining overlapped region proposals into a single bounding box around each detected 

object using bounding box regression [131].  

 

 

 

 

 

 

 

 

 

 

The object detection techniques based on deep learning are divided into two categories: (i) 

two-stage detectors, and (ii) one-stage detectors [132]. Two-stage detectors generate region 

proposals for the whole image using various algorithms, and then use CNNs to identify objects 

within each region. On the other hand, one-stage detectors directly treat object detection as a 

regression problem, predicting bounding box coordinates and class probabilities without 

generating region proposals. Thus, finding the best object detector that achieves the enhanced 

accuracy and speed is a non-trivial task.     

2.1.2.1   Two-stage Detectors 

Object detection algorithms based on region proposals were introduced and developed as part of 

the PASCAL VOC challenge [133]. One notable algorithm that emerged from this challenge was 

the Region-based CNN (R-CNN) detector, proposed by Girshick et al. [134]. R-CNN merged 

region proposals with CNNs to achieve accurate object detection. As a result of the success of the 

region proposal method, the Fast R-CNN [135] was proposed to address the computational 
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Figure 2.9: The worldwide popularity scores of handcrafted and deep features over the 

last five years based on the data collected from Google Trends [130].  
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complexity of the R-CNN. Fast R-CNN improved both the speed and accuracy of object detection. 

Further advancements in object detection came with the introduction of Faster R-CNN by Ren et 

al. [136]. Faster R-CNN combined the Region Proposal Network (RPN) and Fast R-CNN into a 

single network “Faster R-CNN” to accomplish further speed-up and higher object detection 

accuracy. Another notable extension of Faster R-CNN is Mask R-CNN [104], which introduced 

the concept of instance segmentation. In addition to detecting bounding boxes, Mask R-CNN 

computes object masks in parallel, allowing for more precise instance segmentation. All these 

improvements in object detection are significant and can be applied to animal species detection. 

R-CNN 

The R-CNN architecture is divided into five stages, as shown in Fig. 2.10. It starts by using a 

selective search algorithm to generate hundreds to thousands of region proposals for an input image. 

These region proposals are cropped and resized using region pooling layer [98] [137]. Then, each 

resized region proposal is fed into CNN to extract object features. The output of each CNN is the 

input of a linear SVM to identify the regions of objects in image [138]. Finally, these identified 

regions are adjusted by using the linear bounding box regressor, to tighten and to refine the final 

bounding boxes of the detected objects [131].  

Selective search algorithm [137] generates regions based on a segmentation approach. It 

combines both object search and segmentation to detect all the possible locations of objects. In 

terms of segmentation of object and non-object, the image structures including object size, color 

similarities, and texture similarities, are used to obtain many segmented areas. Then, a bottom-up 

approach is typically used as part of the selective search algorithm to merge all the similar areas to 

get more accurate and larger segmented areas to produce the final candidate region proposals. 

The R-CNN model cannot be applied to real-time applications because:  

• Network processing is expensive and slow due to the use of selective search algorithm, 

where hundreds to thousands of region proposals need to be classified for each image.  

• R-CNN sometimes generates bad candidate region proposals as the selective search is a 

fixed algorithm which has no learning capabilities.  
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At the same time, the training of the R-CNN model is complex and requires a big memory 

space, since R-CNN has to train three different models separately: CNN, SVM, and bounding box 

regressor. 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fast R-CNN 

The same developer who introduced R-CNN also proposed a modified model called Fast R-CNN 

[135] to address some of limitations of R-CNN. In Fast R-CNN, as shown in Fig. 2.11, CNN is 

used to extract features and produce feature maps for the entire input image instead of processing 

each region proposal individually, as done in R-CNN. Thereby, Fast R-CNN can save time and 

memory compared to R-CNN. From the feature maps of the whole image and the RoIs identified 

by the selective search algorithm, regions are cropped out and resized to a fixed size feature map 
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bounding 

box 

regressor 

Input image 

Regions of 

interest  

Extracted resized 

regions 

CNN 
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CNN 
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CNN 

3 

Feature map for each 
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Figure 2.10: Basic architecture of R-CNN model. The number of SVM classifiers varies 

depending on the number of classes. 
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for each region proposal by using the region pooling layer. Then, these feature maps for each region 

are flattened into vectors through FCLs and fed into Softmax classification and bounding box 

regressor to predict the class and bounding box locations for each object in the image. 

Despite the advantages of Fast R-CNN in terms of reduced memory usage, processing time, 

and improved detection accuracy, the selective search algorithm that generates region proposals 

still poses a bottleneck in terms of processing time for the model.   
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Figure 2.11: Basic architecture of Fast R-CNN Model.  
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Faster R-CNN 

In this improved model, the selective search algorithm used in Fast R-CNN has been replaced by 

RPN. As shown in Fig. 2.12, RPN is more efficient in generating region proposals compared to the 

selective search algorithm. This efficiency is due to RPN sharing most computations with Fast R-

CNN, as both networks have the same convolution layers and feature maps.  

As shown in Fig. 2.13, RPN is used to generate a set of various size anchor boxes across the 

image [136]. Anchor boxes are predefined bounding boxes with different sizes and aspect ratios, 

which have been selected based on object size and are used as a reference in the testing process for 

the prediction of object class and localization. These anchor boxes are then passed through a binary 

classifier to determine the probability of containing object or not, and a regressor to create the 

bounding boxes of these proposals. After that, a Non-Maximum Suppression (NMS) filter [139] is 

used to remove overlapping anchor boxes, by (i) selecting the anchor box that has the highest 

confidence score, (ii) computing the overlap between this anchor box and other anchor boxes by 

calculating the intersection over union (IoU), (iii) removing anchor boxes that have higher overlap 

than a predefined overlap threshold, and (iv) repeating steps (ii), and (iii) until all overlapping 

anchor boxes are removed.  
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Figure 2.12: Basic architecture of Faster R-CNN Model.  
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Mask R-CNN 

Mask R-CNN is an extension of Faster R-CNN especially used for instance segmentation, which 

involves identifying and labelling each pixel in an image with its corresponding object class [104]. 

Two types of segmentations have been applied on the image in Fig. 2.14(a). Semantic segmentation, 

as shown in Fig. 2.14(b), assigns a single bounding box to objects of the same class without 

distinguishing between individual instances (e.g., there is one bounding box for the two bears). On 

the other hand, instance segmentation using Mask R-CNN, as shown in Fig. 2.14(c), provided a 

more detailed analysis by segmenting and distinguishing between objects of the same class 

individually in an image and localizing each object instance with a separate bounding box (e.g., 

there is a bounding box for each bear).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As shown in Fig. 2.15, Mask R-CNN consists of two parts: (i) Faster R-CNN for object 

detection, and (ii) Fully Convolutional Network (FCN) for providing segmentation masks on each 

object (object mask) [140]. In Faster R-CNN, the regions which have been resized by RoI pooling 

layer are slightly misaligned from the original input image. It is not important in bounding boxes; 

however, it has a negative effect on instance segmentation. So, Mask R-CNN uses the RoI Align 

layer to overcome this problem and to align more precisely by removing any quantization 

operations. 

 

Figure 2.14: Image segmentation techniques. (a) Original image of two bears. (b) Semantic 

segmentation. (c) Instance segmentation using Mask R-CNN. 

(c) (a) (b) 
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2.1.2.2   One-stage Detectors 

Two-stage object detectors go through the image several times to identify and localize the objects 

in the image. This process is slow as each step is trained separately. In 2016, Redmon et al. [141] 

addressed this issue by dealing with the object detection task as a regression problem directly from 

the image to bounding box coordinates and class probabilities instead of a classification problem. 

They proposed You Only Look Once (YOLO) in an image as a one-stage detector to identify and 

localize objects. YOLO is significantly faster than two-stage detectors, but less accurate compared 
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to Faster R-CNN due to the static nature of anchor boxes [142]. Later, Redmon et al. [143] 

proposed an improved version called YOLOv2, which utilized a new network called DarkNet-19 

to improve the accuracy and speed of object detection. However, YOLOv2 struggled with 

detecting small objects, as discussed later in Chapter 4. In 2018, YOLOv3 was introduced as the 

last version of the YOLO model by Redmon et al. [144]. DarkNet-53 [144] was used as a backbone 

network to extract features in YOLOv3, instead of DarkNet-19 [145] as in YOLOv2, to improve 

the detection accuracy of small objects. This makes YOLOv3 slower than YOLOv2 because the 

computational complexity and the number of model parameters increase. Moreover, YOLOv3’s 

ability to detect small objects is still limited because it does not effectively utilize low-level 

features. All these restrictions limited the use of YOLOv3 in industrial applications [146] [147] 

[148]. YOLOv4 was proposed by Bochkovskiy et al. in 2020 [149], with the goal of enhancing 

both the accuracy and the detection speed. The architecture of YOLOv4 uses Cross-Stage Partial 

DarkNet-53 (CSPDarkNet-53) as its backbone, which is a combination of DarkNet-53 and CSP 

network [149]. However, deploying YOLOv4 on embedded systems may still pose challenges, 

due to the device's limited computational capabilities.   

The main steps of YOLO are shown in Fig. 2.16. In the initial step, the input image in Fig. 

2.16(a) is divided into S × S grid cells, as in Fig. 2.16(b), where S is an integer. As shown in Fig. 

2.16(c), each cell predicts: (i) a fixed number of bounding boxes with different aspect ratios and 

scales (orange boxes), to cover a wide range of object shapes and sizes, each bounding box has 

four coordinates and one confidence score, which measures the probability of an object in the 

bounding box, and (ii) object class probabilities, these probabilities indicate the likelihood of the 

detected object belonging to different predefined classes. Once these predictions are made for all 

grid cells, the subsequent step involves filtering out bounding boxes with low confidence scores, 

as shown in Fig. 2.16(d). This is achieved by using the Non-Maximum Suppression (NMS) 

algorithm [141], which aims to eliminate redundant and overlapping bounding boxes while 

retaining the most confident and accurate ones. 
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2.1.3 Parallel Processing  

Parallel processing is a method of computing where multiple computations or tasks are executed 

simultaneously to increase processing speed. It involves breaking down a problem/task into M 

sub-tasks (M ≥ 2) and solving them simultaneously using P processors/cores. In order to implement 

parallel processing in our work, it is essential to determine whether the object detection task can 

be broken down in this way or not.  

Parallel Processing Techniques/Architectures 

Parallelism can be implemented in a computing system by using various techniques or architecture, 

such as [150] [151]: 

1. Multiprocessing or multicore processing: It is a technique which allows multiple processors 

or cores to run simultaneously within a CPU, enabling parallel execution of multiple tasks 

simultaneously. As shown in Fig. 2.17, each processor/core runs independently and has its 

own local memory space known as individual or cache memory for temporary data storage 

during processing. For data exchange and communication between processors/cores, a 

shared memory is provided. The cache memory is smaller and faster compared to the 

shared memory. Additionally, there is the main memory, which is directly connected to the 

CPU and is responsible for storing the program code and data that can be accessed by all 

cores.  

(d) (c) (b) (a) 

Figure 2.16: The framework of YOLO. (a) Input image of two animals (Mountain Goat: MG). (b) 

Divide up input image with S × S grid cells. (c) Each cell predicts bounding boxes and confidence 

probabilities: P(object). If there is an object in the grid cell then P(object) =1, otherwise P(object) =0. 

Also, each cell predicts class conditional probability: P(class: MG/object)). (d) Output image with the 

detected animal species (MG). 
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2. SIMD (Single Instruction Multiple Data) stream: It is a technique which allows multiple 

processors to execute the same instructions/programs on multiple data sets in parallel, as 

shown in Fig. 2.18. To improve the performance of SIMD systems, instruction cache 

memory is used. Instruction cache is a type of cache memory that stores frequently used 

instructions within the processor, reducing the time spent waiting for instructions to be 

fetched from the main memory.  

3. MIMD (Multiple Instruction Multiple Data) stream: It is a technique which allows multiple 

processors or cores to execute their own individual instructions/programs on their own data 

and resources, including instruction cache, in parallel, as shown in Fig. 2.19.  
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Each of these techniques or architectures has its advantages and limitations. The choice of 

which one to use depends on the problem’s requirements that needs to be solved, and the available 

hardware resources. For example, multiprocessing or multicore processing is appropriate for 

problems requiring coordination between processors or tasks, as it distribute the workload across 

multiple cores and allows them to work together. However, the scalability (ability to expand data 

and resources) of multicore processing may be limited by the number of available cores and 

memory bandwidth. While SIMD is suitable for problems that involve processing large amounts 

of data in parallel within a single instruction. However, utilizing SIMD requires specialized 

hardware. In addition, MIMD works well for problems where each processor/core operates on its 

own data and executes its own instructions, without any shared memory or coordination between 

processors.  

2.2   Related Work 

2.2.1   Animal Species Detection  

Recent studies have attempted to identify animal species in camera-trap images like [152] [153] 

[154] [155] [156] [157] [158] [159]. However, only few studies have focused on animal species 

detection to identify and localize them [100] [160] [161] [162]. Some of them are specialized to 

detect single animal species, such as cattle [100] [163], zebras [160], and pigs [161].  

Yu et al. [164] manually cropped and selected images, that only contained the entire animal 

body. They used a dataset which consists of over 7,000 Infrared (IR) images captured by motion 
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detection camera, called camera-trap, from two different field sites. This technique of cropping 

images allowed them to obtain 82% accuracy by using linear SVM to classify 18 animal species. 

Chen et al. [165] used 6-layers CNN to classify 20 animal species in their own dataset of 23,876 

images with an accuracy of 38.32%. The authors used a segmentation algorithm for cropping the 

animals from the images and used these cropped images to train and test their system. Gomez et 

al. [166] used deep CNNs to identify animal species in the Snapshot Serengeti dataset. They 

reached 88.9% of accuracy in Top-1 (the highest probability prediction matches the actual class) 

and 98.1% in Top-5 (one of the five highest probability prediction matches the actual class). Willi 

et al. [153] identified animal species by using CNNs. They achieved an accuracy of 92.5% in 

Snapshot Serengeti dataset, and an accuracy of 91.4% in Snapshot Wisconsin dataset. 

Norouzzadeh et al. [154] used a human labelling process to train a deep active learning system to 

classify and count animals in to reduce images. Their system achieved an accuracy of 92.9% on 

cropped animal images from the Snapshot Serengeti dataset, by using ResNet-50 as a backbone 

network for their model. Furthermore, Norouzzadeh et al. [152] used CNN and reported an 

accuracy of 93.8% in classifying images that contain only a single animal in the Snapshot Serengeti 

dataset. The performance matched human accuracy in their experiments. However, though this 

work showed promising results for classifying images with only a single animal, it could not 

handle the challenge of localizing several animals.  

Parham et al. [160] used YOLO detector to detect zebras from a dataset of 2,500 images and 

created bounding boxes of Plains Zebras with an accuracy of 55.6% and Grevy’s Zebras with an 

accuracy of 56.6%. Zhang et al. [167] created a dataset of 23 different species in both daytime 

color and nighttime grayscale formats using 800 camera-traps. They compared Fast R-CNN and 

Faster R-CNN with their proposed method, the spatiotemporal object proposal and patch 

verification framework, which achieved an average F-measure of 82.1% in animal species 

detection. Xu et al. [100] evaluated the Mask R-CNN model for the detection and counting of 

cattle (single class) from quadcopter imagery. The authors achieved accuracy of 94%. Gupta et al. 

[168] used the Mask R-CNN model with a pre-trained network, ResNet-101, to detect two animal 

species (cows and dogs). They achieved an average precision of 79.47% and 81.09%, for detecting 

cows and dogs, respectively. Schneider et al. [142] compared the accuracy of Faster R-CNN and 

YOLOv2 models in detecting animal species within camera trap images. Their results showed that 

Faster R-CNN outperformed YOLOv2 by 33.4%.   

https://www-sciencedirect-com.ezproxy.library.uvic.ca/science/article/pii/S1574954116302047#bb0005
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2.2.2   Animal Detection Systems 

Current research on animal detection systems can be divided into two directions: using traditional 

ML algorithms, which rely on feature extraction descriptors to detect animals [56] [57] [58], and   

using deep learning algorithms, which rely on CNNs [59] [60] [61].   

Parikh et al. [169] proposed an animal detection system with an audio and visual alarm signals 

to help reduce WVCs using a template matching algorithm [170]. The authors stated that their 

system produces many false predictions under various lighting conditions, particularly at night. 

Mammeri et al. [171] proposed a moose detection system, which used a roadside camera, to warn 

drivers. A Two-stage strategy was used: first, the Local Binary Pattern Adaptive boost (LBP-

Adaboost) algorithm [172] was applied to generate RoIs, and second, each generated RoI was 

processed by an adapted version of the HOG-SVM detector. Their system achieved an accuracy 

of more than 83% for moose detection with an inference time of 52.8 ms. Sharma et al. [173] used 

the HOG descriptor and boosted cascade classifier in an animal detection system on highways to 

alert drivers. They focused only on cows and dogs. The accuracy of their proposed system was 

almost 82.5% with an average detection time of 100 ms. Matuska et al. [174] presented an animal 

classification system to monitor animal migration. Their system can identify five animal species: 

brown bear, deer, fox, wolf, and wild boar with an accuracy of 94%, using a combination of SURF, 

SIFT, and FlannBased (FB) as feature descriptors, and SVM as a classifier. Antonio et al. [175] 

presented an animal detection system to detect the presence of animals on roads and to warn 

drivers. Synthetic animal images were used to train two supervised ML algorithms: K-Nearest 

Neighbors (KNN) [176], and Random Forest (RF) [176]. The KNN model outperformed RF in 

identifying animals on roads and was implemented and tested on a Raspberry Pi 3 B+ [177].  

In several applications, deep learning algorithms outperform traditional ML algorithm, 

particularly in domains with large and diverse training datasets [59]. Saxena et al. [178] assembled 

a dataset of 31,774 images for various animals and proposed an animal vehicle collision avoidance 

system. They evaluated the performance of these two object detectors for animals: single shot 

detector (SSD) [179] and Faster R-CNN. The Faster R-CNN model achieved a mean average 

precision (mAP) of 82.11% with a detection speed of 90 ms, whereas the SSD model achieved a 

mAP of 80.5% with a detection speed of 10 ms. Adami et al. [180] developed a smart agriculture 

application to protect crops from animals by repelling them through generated ultrasounds. They 
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deployed and evaluated the performance of YOLOv3 and YOLOv3-tiny (a light version of 

YOLOv3) on different edge computing devices to detect deer and wild boar. The authors achieved 

an 82.5% mAP by YOLOv3 and a 62.4% mAP by YOLOv3-tiny. Sato et al. [181] presented an 

animal detection system to prevent accidents involving animals on highways. They used YOLOv4 

and YOLOv4-tiny (a light version of YOLOv4) and compared their performance in detecting 

horses and donkeys. These models were trained on 2,000 downloaded images from Google and 

tested on 147 images. The accuracy was 84.87% with a detection time of 0.035 ms and 79.87% 

with a detection time of 0.025 ms, using YOLOv4 and YOLOv4-tiny, respectively. A desktop 

computer with GPU GTX 1050Ti was used to evaluate the model’s speed. Similar to our work, 

the authors deployed their proposed animal detection system on an embedded system, as a proof 

of the capability of the system and as an initial step to build highway detection systems.  

Deploying deep learning-based animal detection models on embedded devices and reducing 

the processing delay, which is crucial for real-time applications, poses challenges due to their 

power constraints. Some studies have applied techniques such as pruning and quantization to 

compress the CNN models and reduce the computational workload [182] [183], making it suitable 

for deployment on embedded devices. Although these techniques improve the throughput and 

reduce the detection delay, they negatively impact the detection accuracy [184] [185]. Field-

Programmable Gate Arrays (FPGAs) have been used for hardware acceleration [186] [187]. 

However, programming them can be complex as it requires knowledge and expertise in hardware 

programming and optimization. Minakova et al. [188] proposed the concurrent use of using task-

level and data-level parallelism to run CNN inference on embedded devices. This approach ensures 

high-throughput execution of CNN inference, allowing for utilization of the NVIDIA Jetson, 

which achieves 20% higher throughput compared to standalone CNN inference. 

All the above-mentioned approaches have limitations. Some of them use two-stage detectors 

which are not suitable for real-time applications, as they are slow. Others can only detect one or 

two animal species. Moreover, there remains room for detection accuracy and speed improvements 

across all these models. 
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Chapter 3 

Proposed R-CNN Models for Animal Species Detection 

 

In this chapter, our objective is to develop an efficient and accurate animal species detector that can 

effectively identify and localize various species. To achieve this, new variants of R-CNN models 

with deformable convolutional layers are proposed. These models are evaluated and compared 

using three diverse animal datasets to assess their performance in terms of both accuracy and speed. 

The key idea behind our proposed models is to enhance the extracted features by replacing the 

regular convolution with deformable convolution, which in return improves the models’ capability 

in detecting animal species. Our goal is to develop an accurate automated labelling and annotation 

system that eliminates the need for human intervention, saving time and costs. Furthermore, we 

aim to contribute to the development of robust and reliable systems which can be applied to various 

purposes in the field of biological sciences, such as wildlife monitoring, conservation, and 

management.   

3.1   Animal Datasets 

3.1.1   Datasets Used in Our Study  

In this chapter, we used three datasets: (1) the Snapshot Serengeti dataset [189], (2) the dataset 

furnished by BCMoTI, and (3) the Snapshot Wisconsin dataset [190]. The Snapshot Serengeti is 

the dataset for the animal species in Africa (Serengeti National Park in Tanzania). A total of 712,158 

images for seven species (buffalo, deer, elephant, fox, giraffe, lion, and zebra) were selected. The 

BCMoTI dataset has 53,000 images for eight species (bear, cougar, deer, elk, fox, moose, mountain 

goat, and wolf) as they are commonly seen in highways and remote areas in Canada. The Snapshot 

Wisconsin dataset was collected in North America by using 1,037 camera-traps placed in a forest 

in Wisconsin. It contains 0.5 million images for different animal species, six types of animals were 

chosen (bears, deer, elk, moose, wolf, and fox) since encounters between these animals and vehicles 

typically lead to severe crashes on highways. These animals are sometimes involved in tragic direct 

encounters with humans as well.  

https://www.tanzaniatourism.go.tz/en/destination/serengeti-national-park
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The images were labelled by manually as empty or as the name of animal species. The images 

in the datasets have resolutions ranging between 512 × 384 and 2048 × 1536 pixels. Snapshot 

Serengeti, BCMoTI, and Snapshot Wisconsin differ in many aspects such as dataset size, camera 

placement, camera configuration, and species coverage, thus allowing one to draw more general 

conclusions. 

3.1.2   Limitations of Datasets  

Detection of animal species in images is challenging due to images’ conditions. In some instances, 

the whole animal covers only a small area of the field of view, as shown in Fig. 3.1(a). In other 

instances, two or more animals are too close from the field of view and combined with each other, 

as shown in Fig. 3.1(b). Sometimes, only part of the animal is visible in the field of view, as shown 

in Fig. 3.1(c, d). Furthermore, different lighting conditions, shadows, and weather, as shown in Fig. 

3.1(e, f), can make the feature extraction task even harder.  
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3.2   Methodology of Animal Species Detection 

This section is dedicated to a comprehensive analysis of various R-CNN models’ performance 

when applied to three animal datasets. To enhance the extracted features and improve the models’ 

capabilities in detecting animals, D-CNN has been integrated into the R-CNN models architecture.  

 

 

(c)  (d)  

(a)  (b)   

(f)  (e)  

Figure 3.1: Image samples from the dataset used. (a) Low resolution image. (b) An image of 

three moose close to camera and merge to each other. (c, d) A part of the animal. (e) A night 

image of cougar with falling snow. (f) A night image of cougar with mist. 

 



44 

 

3.2.1   Features Enhancement 

 

Regular R-CNNs extract the features from the image by using a fixed size square kernel. This kernel 

does not cover properly all the pixels of the target object to precisely represent it. The predicted 

bounding box using regular R-CNN does not cover the whole animal, as shown in Fig. 3.2(a). As a 

result, a novel technique is required to enhance the extracted features. By adding deformable 

convolutional layers to the regular R-CNN animal detectors, the learning of the geometric 

transformation of animals is possible. These layers can produce adaptive deformable kernel and 

offset according to the object’s scale and shape by augmenting the spatial sampling locations in 

convolution layers, as explained earlier in Section 2.1.1.2. Therefore, the predicted bounding box 

using deformable R-CNN covers the whole animal, as shown in Fig. 3.2(b). After experimental 

tries, three deformable convolutional layers are used to learn offsets, these offsets are added to the 

regular grid sampling locations in the regular convolution. The detection capability and accuracy 

are enhanced as reported later in Fig. 3.7, Fig 3.8, and Fig. 3.9 for the three used datasets.   

  

 

 

 

 

 

 

 

 

3.2.2   Training  

Each of the three datasets has been split into 70% for training, 15% for validation, and 15% for 

testing, which are the commonly used percentages in similar research. In the training of deep 

learning models, it is important to find the significant values of hyper-parameters such as: learning 

Figure 3.2: Animal species detection by using: (a) regular convolution, and (b) deformable convolution. 

 

(a) (b) 
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rate, batch size, number of iterations, etc. Reaching the optimum performance of a model is 

achieved by experiment using various values for these hyper-parameters [191]. A validation 

dataset is used as well to fine tune the model to prevent overfitting and adjust these hyper-

parameters. 

The eight R-CNN models, both with and without deformable convolutional layer, were trained 

using backpropagation. They were then fine-tuned on the validation set to prevent overfitting, 

utilizing a learning rate of 0.0025 and a batch size of 32. These models’ networks were initialized 

with the ResNet-101 [85] pre-trained model and were fine-tuned end-to-end to enhance training 

time and improve detection accuracy. All training images were annotated using the MATLAB 

2021a’s Image Labeler app [192], which provided labelled bounding boxes for the animals present 

in the images, known as ground truth boxes. These annotations were then exported from MATLAB 

and converted from the groundTruth format to JavaScript Object Notation (JSON) format to be 

compatible for training in Python. 

To identify animal species, seven pre-trained models are experimented including: AlexNet, 

GoogleNet, VGG-16, VGG-19, ResNet-18, ResNet-50, and ResNet-101, as shown in Table 3.1. 

Finally, ResNet-101 was selected as a backbone network for the R-CNN models to detect animals 

in the training process. The main reason for that selection is the ability to balance between 

computational complexity and the animal species detection accuracy. ResNet-101 introduces 

shortcut/skip connections to speed up the convergence of the network and to avoid vanishing 

gradient problems during the training process, as these problems could stop the network from 

further learning during training [85] [193]. Furthermore, ResNet-101 achieves competitive 

accuracy and speed performance in scale-invariant feature extraction. 
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As shown in Fig. 3.3, ResNet-101 consists of five regularized residual convolution blocks 

(Rconv.1, Rconv.2, Rconv.3, Rconv.4, and Rconv.5) with shortcut connections. These connections 

prevent overfitting and allow data flow from the input layer to the output layer of each block. The 

five blocks use 101 hidden layers to extract the image features and to produce feature maps by 

using 3 × 3 and 1 × 1 filter windows [85]. The output of the last block (Rconv.5) will be the input 

of max-pooling layer with a stride of 2 pixels to reduce the number of feature maps. FCL flattens 

these maps to a single vector that can be used as an input of the Softmax classification layer to 

deal with the thirteen classes of animal species. 

 

 

 

 

 

 

 

 

Pre-trained Models Accuracy of animal identification 

AlexNet 93.1% 

GoogleNet 95.9% 

VGG-16 96.8% 

VGG-19 96.3% 

ResNet-18 96.8% 

ResNet-50 97.1% 

ResNet-101 97.6% 

Figure 3.3: Architecture of ResNet-101. Rconv.1 has two layers: a. convolution layer with kernel size (7 × 7) and 

64 filters, and b. max pooling layer of size (3 × 3). Rconv.2 has 9 convolution layers with kernel sizes (1 × 1) and 

(3 × 3) and with different number of filters (64 and 256). Similarly, Rconv.3 has 12 convolution layers, Rconv.4 has 

69 convolution layers, and Rconv.5 has 9 convolution layers.  

a. 7×7 max pool 

b. FCL & Softmax 

layer 

a. {1×1 conv, 512} × 3 

b. {3×3 conv, 512} × 3  

c. {1×1 conv, 2048} × 3 

 

a. {1×1 conv, 256} × 23 

b. {3×3 conv, 256} × 23 

c. {1×1 conv, 1024} × 23 

a. {7×7 conv}, 64 

b. 3×3 max pool 

 

a. {1×1 conv, 64} × 3 

b. {3×3 conv, 64} × 3 

c. {1×1 conv, 256} × 3 

a. {1×1 conv, 128} × 4 

b. {3×3 conv, 128} × 4 

c. {1×1 conv, 512} × 4 

Rconv.1 Rconv.2 Rconv.3 Rconv.4 Rconv.5 

Input 

Image 

a  b  a  a  a  a  a  b  b  b  b  b  c  c c c 

 

Shortcut connection 

Classified 

Output 

Image 

Table 3.1: Evaluation of animal species identification by using seven pre-trained models 

on the three datasets. 
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Fig. 3.4 shows the animal species detection procedure for the regular and deformable R-CNN 

models. The training of the system was applied by using the pre-trained residual network (ResNet-

101). First, four regular region-based object detection models (R-CNN, Fast R-CNN, Faster R-

CNN, and Mask R-CNN) were trained. Then, four new deformable region-based object detection 

models were trained after adding three deformable convolutional layers to the last three 

convolutional layers with kernel size (3 × 3) in the last block of ResNet-101 (Rconv.5).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Our work was carried out using Python 3.7 under the PyCharm integrated development 

environment (deep learning framework) [194], and implemented on a system with Core i7-10750H 

Figure 3.4: Animal species detection training model with eight detectors. 

  

1. R-CNN 

2. Fast R-CNN 

3. Faster R-CNN 

4. Mask R-CNN 

5. R-CNN 

+Deformable 

CNN 

6. Fast R-CNN 

+Deformable 

CNN 

7. Faster R-CNN 

+Deformable 

CNN 

8. Mask R-CNN 

+Deformable 

CNN 

Ground Truth 

Dataset for 

Thirteen Animal 

Species  

Input: Training Images 

from The Three Datasets 
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Processor, NVIDIA GeForce RTX 2070 graphics accelerator, 32 GB RAM memory, and Windows 

10 Professional x64 operating system. Further specifications can be found in Section 4.4.3.   

3.3   Experimental Results of Animal Species Detection  

3.3.1   Performance Evaluation Metrics  

To compare and evaluate the performance of animal species detectors, four metrics are used: False 

Negative Rate (FNR), accuracy, mean Average Precision (mAP), and inference-time.  

IoU measures the overlap “intersection” between the actual bounding box (ground truth) and 

the predicted bounding box divided by their union. The resulting value shows how close is the 

predicted bounding box to the ground truth box. To determine if the detection is positive or 

negative, a predefined IoU threshold value is used. It is important for this threshold value to be 

calibrated; neither too small nor too large. In object detection research, threshold values ranging 

from 0.4 to 0.7 are commonly adopted [128] [133]. Fig. 3.5 shows the effect of IoU threshold on 

the performance of deformable Mask R-CNN. As shown in Fig. 3.5(a), a higher threshold (greater 

than 0.5) successfully detected two animals, creating two bounding boxes for each animal. 

Conversely, as shown in Fig. 3.5(b), a lower threshold (lower than 0.5) failed to detect two animals, 

producing a bounding box for only one detected animal. Thereby, FNR, accuracy, and mAP are 

measured using an IoU threshold value of 0.5. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.5: Effect of IoU threshold on the animal detection using the deformable Mask 

R-CNN. (a) High threshold scenario (two bounding boxes generated for each detected 

bear). (b) Low threshold scenario (only one bear detected, with a single bounding box). 

(a) (b) 



49 

 

FNR is an essential metric in our evaluation, as it quantifies the number of images that contain 

animals (positive) but are incorrectly classified as empty images (negative). Thereby, FNR does 

not consider the specific animal class, and only focuses on the performance of binary classification. 

In this context, a true positive (TP) is defined as the number of correctly classified images with 

animals, while a false negative (FN) represents the number of images containing animals that are 

falsely classified as empty images. Therefore, the FNR is calculated as:   

                                                         FNR = 
𝐹𝑁

𝑇𝑃+𝐹𝑁
                                                                             (3.1) 

Accuracy is an evaluation metric, which is calculated by dividing the total number of correctly 

predicted objects by the total number of input images, as presented in Equation (3.2). Within this 

context, TP is defined as the accurate detection of a ground truth box, occurring when the IoU is 

greater than or equal to 0.5, FN as the false detection of a ground truth box, which happens when 

the IoU is less than 0.5, false positive (FP) as the false detection of an object that does not exist, 

and true negative (TN) as the number of bounding boxes that are supposed not to be detected inside 

any image. 

                                        Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
                                                   (3.2) 

The mAP is a widely used metric in literature to evaluate the accuracy of object detectors. It 

is a single number metric that combines both precision and recall by averaging precision across 

varying recall values from 0. This is essentially calculating the area under the precision-recall 

curve (PRC) [195] for the detections of each animal class [196]. Then, the result is divided by the 

number of classes N in the dataset as shown in the following equation:  

                                                       mAP = 
1

𝑁
∑ 𝐴𝑃𝑖

𝑁
𝑖=1                                                           (3.3) 

where APi is the average precision (AP) for each animal species class (i). It is measured with the 

Riemann sum as the true area under the PRC, which computes the average value of precision over 

the recall interval from 0 to 1, as shown in Fig. 3.6. 
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Precision measures how accurate the object detection model is, as shown in Equation (3.4), 

so high precision means low false positive rate. 

                                               Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                (3.4) 

Recall measures how many correct detections are found by the object detection model, as 

shown in Equation (3.5), so high recall means a low false negative rate.  

                                                 Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                                  (3.5) 

Inference-time, also referred to as elapsed time, is an important evaluation metric which 

measures the amount of time Python takes to detect animals in a single input image using a given 

object detector model. This is calculated from the moment the detection process starts until it 

finishes. 

3.3.2   Performance Comparison Results and Discussion 

The results in Figures 3.7, 3.8, and 3.9 present the performance of the eight R-CNN models (four 

regular and four deformable) with FNR, Accuracy (Acc.), and mAP on Snapshot Serengeti, 

BCMoTI, and Snapshot Wisconsin datasets, respectively. Moreover, Fig. 3.10 presents the 

Figure 3.6: Precision-recall curve of detecting deer using Mask R-CNN model. 
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inference-time per image (second) for each of these three datasets. These figures show that 

deformable Mask R-CNN outperforms the other R-CNNs models, demonstrating superior 

performance in both detection and instance segmentation of animal species within images. Overall, 

the results show that the inclusion of deformable convolution layers can significantly improve the 

model ‘s detection performance.   

In Fig. 3.7, according to the evaluation metrics (FNR, Acc., and mAP), deformable Mask R-

CNN achieves the highest performance among both regular CNNs and D-CNNs. Deformable 

Mask R-CNN stands out by providing superior results with an accuracy of 98.4% and a mAP 

89.2%. However, it is noted that it incorrectly identified 427 images, which contain animals in the 

test set as empty images.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.7:  Evaluation of object detection models by using both Regular (R.) and Deformable 

(D.) versions in terms of FNR, Acc., and mAP on the Snapshot Serengeti dataset. 
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In Fig. 3.8, which represents the performance evaluation on the BCMoTI dataset, the smallest 

dataset used in this work, the performance of the deformable Mask R-CNN decreases to an 

accuracy of 93.3%, a mAP of 82.9%, and a 1.7% increase in FNR. This decrease in performance 

can be attributed to the fact that most of the images in this dataset were captured at night, often 

with poor resolution and from the backside of the animals, as shown earlier in Fig. 3.1.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 3.8: Evaluation of object detection models by using both Regular (R.) and Deformable 

(D.) versions in terms of FNR, Acc. and mAP on the BCMoTI dataset. 
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Fig. 3.9 shows that by using deformable Mask R-CNN, the accuracy and mAP of detection 

achieve 97.6% and 87.6%, respectively, on the Snapshot Wisconsin dataset, with a FNR of 0.6%. 

In the Snapshot Serengeti dataset, the system was trained on a larger training set compared to that 

of Snapshot Wisconsin and BCMoTI. This resulted in an increase in accuracy by up to 5.1% 

compared to BCMoTI, and up to 0.8% compared to Snapshot Wisconsin. This indicates the 

importance of having a large training set with a significant number of instances for each class. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.9: Evaluation of object detection models by using both Regular (R.) and Deformable 

(D.) versions in terms of FNR, Acc. and mAP on the Snapshot Wisconsin dataset. 

 

Dataset  
Regular CNN Deformable CNN 

Acc. mAP Test-time Acc. mAP Test-time 

S
n

a
p

sh
o
t 

W
is

co
n

si
n

 R-CNN 83.5% 54.1% 48 sec 85.2% 60.5% 57 sec 

Fast R-CNN 87.9% 60.8% 2.3 sec 89.4% 69.9% 2.56 sec 

Faster R-CNN 90.6% 68.0% 1.2 sec 91.5% 71.3% 1.25 sec 

Mask R-CNN 92.7% 77.8% 0.78 sec 97.6% 87.6% 0.70 sec 
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As shown in Fig. 3.10, deformable Mask R-CNN is able to detect objects in about 0.78 second 

per image on all three datasets. That makes deformable Mask R-CNN, though slightly slower than 

the regular version, suitable for some real-time applications, depending on their specific 

requirements, such as automated wildlife monitoring. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The visual results in Fig. 3.11 show that deformable Mask R-CNN is capable of detecting and 

segmenting single and multiple animal species with a confidence score for each class. The 

deformable Mask R-CNN detects animal species with higher accuracy and speed in comparison to 

other regular and deformable R-CNN models. Therefore, deformable Mask R-CNN not only 

detects single and multiple animal species, but it also can produce a mask over each detected 

animal in the image. This feature is useful for counting the number of occluded and overlapping 

animal species. 

 

 

 

 

 

 

Figure 3.10: Evaluation of object detection models by using both Regular (R.) and 

Deformable (D.) versions in terms of inference-time on the three datasets. 

 

Inference-time per image (second) 
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In general, our results indicate that the deformable Mask R-CNN using ResNet-101 can detect 

and segment animals with remarkable accuracy, exceeding the performance of similar work, as 

shown in Table 3.2. This table summarizes the datasets, performance metrics, and techniques 

employed in our research and other relevant studies on animal species detection. The integration 

of D-CNN into Mask R-CNN improves the performance of animal species detection. Our research 

has an improvement over other related works due to the following reasons:  

1. Three datasets of different characteristics have been used for training and testing. 

Figure 3.11: Some examples of animal species detection after deformable Mask R-

CNN (output mask size is the object size). 
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2. Deformable convolutional layers have been added to the R-CNN detectors, which have a 

great effect on enhancing the extracted features, which in turn improve the performance of 

animal species detection. 

 

 

3.4   Case Study: Automated Image Labelling and Annotation System 

Both the labelling and annotation process of images are time-consuming, labor-intensive process, 

and expensive, considering the costs for wages and infrastructure. Therefore, an automated image 

labelling and annotation system is needed to save time and money without requiring human 

intervention. 

References Year Dataset Performance Technique 

Parham et al. [160] 2016 2,500 images of 

Plain and Grevy 

zebras 

mAP of zebra detection: 

55.6% for Plain and 56.6% 

for Grevy 

YOLOv1 detector 

Norouzzadeh et al. 

[154] 

2019 Snapshot Serengeti Accuracy of animal species 

detection 92.9% 

Deep active 

learning 

Xu et al. [100] 2020 750 images of cattle Accuracy of cattle 

detection: 94% 

Mask R-CNN 

Gupta et al. [168] 2020 MS COCO dataset 

[72] 

AP of detection: 79.47% for 

cows, and 81.09% for dogs 

Mask R-CNN 

Saxena et al. [178] 2021 31,774 images of 

various animals 

mAP of animal species 

detection: 82.11% 

Faster R-CNN 

Yılmaz et al. [197] 2021 1,500 images of 

cattle 

Accuracy of cattle 

detection: 92.85% 

YOLOv4 

Sato et al. [198] 2021 2,000 images of 

donkeys and horses 

Accuracy of donkeys and 

horses’ detection: 84.87% 

YOLOv4 

Our work 2021 Snapshot Serengeti, 

BCMoTI, and 

Snapshot Wisconsin 

Accuracy, and mAP of 

animal species detection 

respectively: 98.4% and 

89.2% in Snapshot 

Serengeti, 93.3% and 82.9% 

in BCMoTI, 97.6% and 

87.6% in Snapshot 

Wisconsin 

Deformable Mask 

R-CNN 

Table 3.2: A comparison of related work in animal species detection. 
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As discussed previously, the proposed deformable Mask R-CNN model was employed to 

build an automated labelling and annotation system, as shown in Fig. 3.12. This system is capable 

of labelling, segmenting, and annotating six North American wildlife species (bear, cougar, deer, 

elk, moose, and mountain goat). To expand this model’s ability to detect new two classes (human 

and vehicle), a set of images for each class was collected from various sources such as the UA-

DETRAC [199], Kaggle [200] [201], and MPII [202] websites. This has extended the model’s 

capability to accurately detect all the eight classes. The whole images will be fed to the automated 

labelling and annotation system, to label them into eight classes, and save each image with its 

predicted identification probability (score) in the designated labelled folders. If the image has two 

different object classes, the system creates two labelled folders for each. Each folder contains the 

image with an annotated bounding box around the object which belongs to this folder. 

Furthermore, this system is capable of converting bounding box annotations from JSON format to 

various other formats, including text format, XML format, and groundTruth format. This ensures 

the system’s adaptability to meet the requirements of different object detection algorithms and 

frameworks. For instance, the YOLO model, which will be discussed in detail in Chapter 4, uses 

text format annotations for training.  

 

 

 

 

 

 

 

 

 

Figure 3.12: An automated labelling and annotation system. 
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This system was utilized to detect and label 224,509 unlabelled images provided by BCMoTI, 

achieving an overall accuracy of 96.8%. Upon completion of our work, we plan to make the 

automated labelling and annotation system publicly available to the research community.  

3.5   Conclusion 

In this chapter, a new idea of integrating deformable convolutional layers into the regular R-CNN 

models was proposed for high accuracy animal species detection. The performance of four regular 

R-CNN models was evaluated on animal images from three distinct datasets. Subsequently, the 

accuracy and speed performance of animal species detection were provided after enhancing the 

extracted features by using four new deformable R-CNN models. The results show that deformable 

Mask R-CNN is the suitable choice in animal species detection, and it can achieve the best 

performance in terms of FNR, accuracy and mAP, as shown in Table 3.2.  

Deformable Mask R-CNN is capable of handling geometric variations or deformations of an 

object without the need for further training on datasets, which reduces validation time and costs. 

Moreover, as shown in Fig. 3.11, deformable Mask R-CNN provides promising results for 

detecting animal species under a wide range of lighting conditions, shadows, and weather 

scenarios.  

In conclusion, the use of deformable Mask R-CNN not only improves the detection accuracy 

of animal species, but also contributes to the development of an accurate automated image 

labelling and annotation system. Traditional image annotation for object segmentation or detection 

is labor-intensive and time-consuming. However, with the automated image annotation system 

based on deformable Mask R-CNN, this task becomes simpler, more accurate, and efficient, 

enhancing the overall quality and performance of the resulting object detection and segmentation 

models. Image annotation is an essential component in the training process of supervised object 

detection models.  
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Chapter 4 

M-YOLO Animal Species Detector  

 

YOLO object detection models have complex architectures as mentioned before in Section 2.1.2.2. 

Subsequently, they require a large number of parameters or weights to make predictions, which 

are learned from the training dataset. Therefore, these models require a powerful platform, such as 

Graphic Processing Unit (GPU) [203] and a large memory, to be efficient and effective in real-

time applications. However, most real-world applications utilizing embedded GPU or Central 

Processing Unit (CPU) devices are constrained by limited storage space and low computational 

power. To overcome this, many studies proposed lightweight YOLO object detection models that 

are more suitable for less powerful platforms. These include Fast YOLO [204], YOLOv3-Tiny 

[205] [206] [207], and YOLOv4-Tiny [208] [209]. These models have simpler architectures with 

fewer parameters than regular YOLO object detection models. Although, the detection speed of 

these lightweight models has improved with limited hardware platforms, the detection accuracy 

decreased [210] [211] [212] [213]. Therefore, accurate, fast, and lightweight object detector that 

can be implemented on portable embedded platforms with limited resources remains a challenge. 

4.1   Our Dataset 

The dataset used in this chapter was provided by the BCMoTI. This dataset has 138,482 unlabelled 

images from various locations and angles of six North American animal species: bear, cougar, 

deer, elk, moose, and mountain goat, and 20,114 images without animals. These images have 

resolutions ranging between 512 × 384 to 2,048 × 1,536 pixels, which were captured using 

Reconyx camera trap [214]. Fig. 4.1 shows example images of the animal species in the dataset. 

Due to the hazy and snowy night images of cougars, as shown in Fig. 4.1(f), a video of cougar was 

downloaded from YouTube, transferred to a sequence of images, and used for training to improve 

the identification performance. Table 4.1 shows the percentage of each animal species and images 

with no animals in the dataset.  
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Animal Species Percentage 

Bear 16% 

Cougar 13% 

Deer 16% 

Elk 15% 

Moose 14% 

Mountain Goat 13% 

No Animal 13% 

(c) 

Figure 4.1: Example of images from our dataset. (a) Bear, (b) deer, (c) moose, 

(d) elk, (e) mountain goat, and (f) cougar. 

 

(a) (b) 

(d) 

(e) (f) 

Table 4.1: Percentage of the animal species in our dataset. 
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4.2   YOLOv2 Model 

YOLOv2 architecture was selected in this work to be modified mainly due to: (i) the detection 

capability of YOLOv2 has been proved when there is a variety of classes with big differences 

[143], and (ii) the limited computational resources, YOLOv2 is still one of the most used detectors 

in many applications in industry [161] [215] [216] [217] [218]. Therefore, a modified YOLOv2 

model is proposed in this work to be deployed to embedded system. The superiority of adding a 

pass-through layer, adding three Deformable Convolutional Layers (DCLs), and removing two 

high convolutional layers in the YOLOv2 architecture is proven through comparative analysis 

between YOLOv2, modified YOLOv2, YOLOv3, and YOLOv4 models, as will be shown later in 

Section 4.5. 

A deep learning architecture consists of: (i) a deep, fully convolutional network to generate 

feature maps for the input image, and (ii) a shallow network for a specific task to generate results 

from the feature maps [95]. As shown in Fig. 4.2, DarkNet-19 was used as a backbone network 

for YOLOv2 for feature extraction [143]. It consists of 19 successive convolutional layers with 

kernel size of 3 × 3, 1 × 1 and five 2 × 2 max. pooling layers with stride = 2 for feature extraction 

on top of the Softmax classification layer. 

 

 

 

 

 

Fig. 4.3 shows the original architecture of YOLOv2, the last block of DarkNet-19 architecture 

has been replaced by two blocks (blue dashed blocks) with three 3 × 3 convolutional layer and one 

1 × 1 convolutional layer for detection. In addition, YOLOv2 has a pass-through layer named 

Reorganisation layer (Reorg. layer) (black dashed block), which is used to reduce the size of mid-

level features to match the size of the high-level features by using a down-sampling factor equal 

to 2. Thereby, these two feature maps can be combined to improve network performance.  

 

 Figure 4.2: Architecture of DarkNet-19.  
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4.3   Proposed Animal Species Detector (Modified YOLOv2: M-YOLO) 

The YOLOv2 model has shown impressive results in many generic object detection applications 

which have different degrees of variation in object classes, such as humans, animals, traffic signs, 

and vehicles [219] [220]. This motivated us to propose a lightweight animal species detector based 

on YOLOv2 to detect animal species. However, there are a lot of challenges in this work to 

improve detection accuracy and speed to be deployed on portable platforms with limited resources 

(embedded device).  

4.3.1   Multi-Level Features Merging   

The differences between the six animal species are related to edges, intensity, contour, texture, 

color, etc., which exist in low-level features. To improve animal species identification and 

localization accuracy of the original YOLOv2, the low-level features are merged with high-level 

features by adding a new pass-through layer (Reorg. layer) with a down-sampling factor of 4; as 

shown by the black dashed line in Fig. 4.4.  

 

 

 

 

 

Figure 4.3: Architecture of YOLOv2.  

Reorg. /2 
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As shown in Fig. 4.5, after the low- and high-level features merging, the capability of 

YOLOv2 to recognize the small differences between animal species increased by 1.8%. The 

biggest improvement was achieved with the deer images as most of these images were captured 

during daylight, as shown in Fig. 4.1(b), and the smallest improvement was with the moose 

images, as most of them were captured at night as in Fig. 4.1(c).  

 

 

 

 

 

 

 

 

 

 

 

Figure 4.5: Comparison between YOLOv2 and M-YOLO with multi-level features 

merging to detect six animal species in terms of AP on the BCMoTI dataset. 

 

Reorg. /2 

Figure 4.4: Architecture of YOLOv2 after adding a passthrough layer (Reorg./4).  

Reorg. /4 

Reorg. /2 
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4.3.2   Convolutional Layers Removal    

The architecture of YOLOv2 was designed for generic object detection applications. Generic 

objects imply that the number of classes is large. Thereby, there were five repeated 3 × 3 

convolutional layers with 1024 filters in the sixth and seventh blocks of the YOLOv2 architecture. 

However, only six species of animals need to be detected in this study. Fig. 4.6 shows the loss 

curve (sum of errors for each iteration) of detecting animal species in the validation dataset with 

and without two 3 × 3 convolutional layers in the seventh block of YOLOv2 architecture. The two 

models, with and without two convolutional layers, were trained with the same number of epochs, 

and both reached the same accuracy. Thus, removing the two 3 × 3 convolutional layers from the 

seventh block of YOLOv2 does not reduce the accuracy of detecting the six selected animal 

species, however it speeds up the detection process. It can be concluded that, YOLOv2 without 

the two 3 × 3 convolutional layers, has sufficient features to distinguish between the six animal 

species.   

 

 

 

 

 

 

 

 

 

 

 

 

 

4.3.3   Adding DCLs 

For object classification, regular CNNs extract features from images by using a fixed kernel. If 

any changes occur in the shape, size, and posture of objects in the image due to the object’s motion, 

or the locations of the cameras, the neural network may have difficulties in classifying these objects 

Figure 4.6: The loss curve of the validation dataset with (blue line) and without (orange line) 

two 3 × 3 convolutional layers in the seventh block of YOLOv2 architecture. 
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correctly. Therefore, in this study, the idea of adding DCLs to the YOLOv2 model was proposed 

to learn the geometric transformation of animals. It can produce an adaptive deformable kernel 

and offsets according to the scale and shape of the animal, by augmenting the spatial sampling 

locations in the convolution layers. This is used as our solution instead of augmenting the dataset 

in advance, which increases the cost of data pre-processing, and the augmented data never cover 

all the images in real applications [96]. As shown by the blue dashed box, in Fig. 4.7, three DCLs 

are used to learn the offsets, which are added to the regular grid 3 × 3 sampling locations in the 

sixth block. The detection capability and accuracy were enhanced as reported in Table 4.2.  

 

 

 

 

 

 

 

 

 

Table 4.2 shows the AP, mAP, and inference-time, which were elaborated on earlier in Section 

3.3. The deformable YOLOv2 reaches higher accuracy in detecting the six animal species as 

compared to the regular YOLOv2, as expected. This adaptability results in more accurate feature 

mapping and object localization, leading to the observed increases in AP for each species. While 

the percentage increases in accuracy might appear small, they are significant in the context of 

object detection, especially in wildlife monitoring. This improvement is crucial in applications 

where accurate wildlife detection is paramount, such as in reducing wildlife-vehicle collisions. In 

the BCMoTI dataset, the deformable YOLOv2 provides an enhanced result for the six animal 

species with a mAP of 85.5% in about 0.027 second per image on a Core i7 system, will be 

specified in Section 4.4.3, which equates to 37 images in one second. 

To summarize the above discussion, the proposed M-YOLO, as shown in Fig. 4.7, differs 

from the original YOLOv2 by: (i) adding a pass-through layer with a down-sampling factor equal 

to 4, which increases the mAP of detecting six animal species by 1.8%, (ii) removing two repeated 

Animal Species YOLOv2 (AP) Deformable YOLOv2 (AP) 

Bear 0.860 0.893 

Cougar 0.750 0.764 

Deer 0.900 0.911 

Elk 0.823 0.851 

Moose 0.791 0.836 

Mountain Goat 0.856 0.875 

mAP 0.830                     0.855 

Inference-time (second) 0.025 0.027 

Table 4.2: Evaluation of animal species detection by using regular and deformable 

YOLOv2 in terms of AP, mAP, and Inference-time on BCMoTI dataset. 
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3 × 3 convolution layers from the seventh block of YOLOv2 speeds up the detection process while 

maintaining the accuracy of detecting the six animal species, and (iii) adding three DCLs to the 

sixth block (blue dashed box) to deal with the geometric transformation of animals in images, 

which increases the animal species detection mAP by 3.0%.  

 

 

 

 

 

 

 

 

 

 

 

 

 

4.4   Implementation and Experimental Setup 

In this section, the training settings and the workstation and experimental setup configurations for 

the YOLO models are introduced.  

4.4.1   RoI Labelling 

Image annotation was conducted using our automated image labelling and annotation system, as 

described in Section 3.4. This system accepts a sequence of images, allowing for the annotation of 

objects within these images using rectangular bounding boxes with associated class labels. These 

annotations are then converted from JSON format to YOLO format (image and corresponding text 

file) to prepare them for training.  

4.4.2   Training 

The dataset was divided into 70% training, 15% validation, and 15% testing. The validation dataset 

is important for adjusting and finding the significant values of the hyper-parameters through trial-

Figure 4.7: Architecture of the proposed M-YOLO animal species detector. The detector has a new 

pass-through layer with a down-sampling factor of 4 to merge low- with high-level features. The sixth 

block of detector (blue dashed block) has five convolution layers with three added DCLs.   

Reorg. /4 

Reorg. /2 
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and-error [221]. These hyper-parameters have a vital effect on the performance of the YOLOv2, 

M-YOLO, YOLOv3, and YOLOv4 models. In this work, all four models used the same hyper-

parameters. The Adaptive Moment Estimation (Adam) optimizer [222] was used with an 

empirically determined momentum of 0.9 and a weight decay of 0.0005, to accelerate the 

convergence to improve the detector performance. The models were also trained and fine-tuned 

by using a learning rate of 0.001.  

The training was performed after resizing the input images to 416 × 416 pixels by a pre-trained 

ImageNet DarkNet network to extract the objects’ features from the input images. All the models 

were initialized with the ImageNet weights [71] and trained with the same number of epochs. 

4.4.3   Experimental Setup 

The training and testing of YOLO and M-YOLO models were performed using Python 3.7 under 

the PyCharm development environment and implemented on a system with Core i7-10750H 

Processor, NVIDIA GeForce RTX 2070, 32 GB Dual-channel DDR4 RAM memory with 2666 

MHz, and Windows 10 Professional x64 operating system. For the effective use of the system’s 

GPU to accelerate the training process, CUDA 10 [223] was installed. 

For in-field use, there are many embedded devices [224] [225]; however, in our work 

Raspberry Pi [226] was chosen as the embedded platform for the following reasons: (1) low price, 

(2) less power consumption, (3) wide availability from many international suppliers, (4) 

compatibility with many operating systems and open-source software, (5) big community of users, 

and (6) strong technical support. In our work, a Raspberry Pi 4 Model B (RP4B) with 1.5GHz 64-

bit quad-core CPU, 128 GB, and 8 GB RAM memory [227] was used for deployment.  

4.5   Results and Discussion 

This section shows the accuracy and detection speed comparisons between YOLOv2, YOLOv3, 

YOLOv4, and M-YOLO models on the BCMoTI test dataset, which contains 20,772 images of 

six animal species.  

As shown in Table 4.3, the proposed M-YOLO model was evaluated and compared with the 

other models. Two machines with different computation power were used to measure the 

inference-time. For the high-power machine (Core i7 system), M-YOLO model has a higher 
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accuracy (mAP) than the regular YOLOv2 by 5.0% and faster detection speed by 3 ms. The 

accuracy of YOLOv3 is 4.5% higher than the regular YOLOv2 model; however, accuracy of the 

M-YOLO model is higher than YOLOv3 by 0.4%. In addition, YOLOv2, even after modifications, 

is still faster than YOLOv3. However, YOLOv4 model is more accurate than M-YOLO model by 

2.5% and faster by 2 ms. The YOLOv4 model has complex architecture and many parameters. 

Therefore, YOLOv4 requires a powerful platform, which restricts its deployment on embedded 

devices for portable real-time applications. On the other hand, for the low-power machine (RP4B), 

the M-YOLO model (lightweight model) is faster than YOLOv4 by 70 ms. Although, accuracy of 

the proposed model is lower than YOLOv4, this difference in accuracy can almost be ignored 

when compared with the improvement in the detection speed, which makes M-YOLO suitable for 

deployment on embedded devices.   

In Fig. 4.8, the YOLOv2 and M-YOLO models were applied to some images for comparison. 

This is to evaluate whether the M-YOLO model can solve the limitations of the original YOLOv2. 

The left-column images Fig. 4.8(a, d, and g) are the original images, the middle-column images 

Fig. 4.8(b, e, and h) show the detection results with the original YOLOv2 model, and the right-

column images Fig. 4.8(c, f, and i) show the detection results with the M-YOLO model. From Fig. 

4.8(b, e), it is noted that YOLOv2 struggles to detect small animals while M-YOLO can detect 

them, as shown in Fig. 4.8(c, f). Also, it can be seen that YOLOv2 has difficulty with occluded 

animals, as shown in Fig. 4.8(h), but is resolved by adding three DCLs to YOLOv2, as in Fig. 

4.8(i). 

Animal Species YOLOv2 (AP) M-YOLO (AP) YOLOv3 (AP) YOLOv4 (AP) 

Bear 0.86 0.915 0.907 0.920 

Cougar 0.750 0.778 0.762 0.831 

Deer 0.900 0.936 0.925 0.915 

Elk 0.823 0.865 0.854 0.871 

Moose 0.791 0.838 0.860 0.898 

Mountain Goat 0.856 0.904 0.903 0.930 

mAP 0.830 0.872 0.868 0.894 

Inference-time (second) 

on Core i7 system 
0.025  0.022 0.049 0.020 

Inference-time (second) 

on RP4B 
0.13 0.16 1.54 0.23 

Table 4.3: Evaluation of animal species detection by using YOLOv2, M-YOLO, YOLOv3, and 

YOLOv4 models in terms of AP, mAP, and Inference-time on BCMoTI dataset. 
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The results in Fig. 4.8 show that the proposed M-YOLO model is more reliable than YOLOv2 

in detecting small and occluded animals. Moreover, it reduces the false negative when there is an 

animal in the image which is not detected by YOLOv2. These enhancements can be attributed to 

the multi-level features merge and DCLs in our M-YOLO model.  

 

(d) (e) (f)

cv 

Figure 4.8: Animal species detection results of two models. (a) Original image of a far bear, (b) no 

detected animal (FN) using YOLOv2, (c) detected far bear after using M-YOLO, (d) original image of 

two bears, (e) detected only one bear (big) using YOLOv2, (f) detected two bears (big and small) using 

M-YOLO, (g) original image of four deer, (h) detected only three deer using YOLOv2, and (i) detected 

four deer using M-YOLO.   

(a)

cv 

(b) (c)

cv 

(g) (h) (i) 
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4.6   Case Study: WHCs Mitigation system Prototype 

The goal of this work is to propose a prototype for a novel, robust, and real-time WHCs mitigation 

system. This system, as shown in Fig. 4.9, can be installed in urban areas such as front and 

backyards, or school playgrounds. As illustrated in Fig. 4.10, the WHCs mitigation system consists 

of two main subsystems: a detection subsystem and a warning subsystem.  

The detection subsystem, represented by the black dashed box, contains a PIR or IR live 

camera and a RP4B processor. These components work together to process our proposed detection 

model (M-YOLO) to detect moving objects and identify them as either humans or common North 

American wildlife species, including bear, cougar, deer, elk, moose, and mountain goat, with high 

accuracy and near real-time responsiveness.  

The warning subsystem, represented by the blue dashed box, features a custom-developed 

Android application named “Be Safe”, as shown in Fig. 4.11. This application alerts humans to be 

cautious, thereby contributing to the mitigation of WHCs. The data sent to the application can vary 

in format. It can be the full image with the detected object, a cropped image of the detected object, 

or simply data that includes the object’s name, number, and timestamp.  

 

 

 

 

 

 

 

 

 

 

 

Figure 4.9: A mock-up using RP4B and a web camera to illustrate 

the capability of the proposed animal detection model. 



71 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Most commercial security cameras use PIR sensors to detect moving objects and send the 

captured images to the user via email, text message, or cellphone software application. However, 

these security cameras often generate a large number of false alarms. Occasionally, they are 

triggered to send unwanted empty images (i.e., images with no moving object within the camera’s 

detection zone), due to factors such as weather conditions or movement of grass or tree branches. 

These false alarms consume battery life and storage capacity, reducing the camera’s efficiency and 

diminishing user trust. To address these issues, our proposed M-YOLO model is integrated into 

WHCs mitigation system. 

 

Are there any 

detections of humans 

or common North 

American wildlife?  

Detected objects 

video/images 

Video/image acquisition by using 

IR live camera or PIR camera. 

The proposed M-YOLO model to detect 

humans or common North American 

wildlife by using RP4B. 

Cloud storage   

User cell phone system application 

Internet access or cellular system 

Upload and store 

images and data 

Input 

Output 

Figure 4.10: A block diagram of WHCs mitigation system.  

Yes 

No 

Data 

Detection subsystem 

Warning subsystem 
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Our proposed novel WHCs mitigation system, has several advantages: 

1. The system can accurately detect humans, and common North American/Canadian wildlife 

species (currently bear, cougar, deer, elk, moose, and mountain goat) in near real-time, 

under varying environmental conditions, and during both day and night. This capability 

applies to both PIR motion sensor cameras and live cameras.  

2. The system is also able to identify species other than the above mentioned as animals and 

it can be upgraded to identify and localize additional animal species in the future.    

3. Upon detecting an object, the system sends user-selectable alerts with images of the 

detected objects to the user’s cellphone application, as shown in Fig. 4.11. The alert sent 

when detecting any animal will be different when detecting dangerous animals such as 

bears or cougars. The user can customize the nature and type of alerts received. 

Figure 4.11: Two examples of notifications sent to the user’s cell phone application. Two 

cougar images sourced from [24]. 
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4. Users can select what they want to be notified about. They can choose to be alerted about 

any combination of humans, common North American wildlife species, or all of them, 

depending on their safety requirements. 

5. The user can mount multiple cameras at different locations and our detection model can 

process the received images or videos from all of them in parallel and send notifications 

with images of the detected objects to the user’s cellphone application, indicating the 

locations of the cameras. 

Despite these advantages, there are further challenges to be addressed in order to enhance 

the efficiency of the WHCs mitigation system. These include increasing detection speed and 

reducing power consumption, as will be discussed in Chapter 5. 

4.7.    Conclusion 

In this chapter, a modified YOLOv2 model (M-YOLO) is proposed that can be deployed on 

embedded devices to detect animal species with high performance as an initial step for WVCs and 

WHCs mitigation systems to reduce the negative impacts of these encounters. Our model was 

trained and tested on the BCMoTI dataset with three modifications to the original YOLOv2. First, 

to enhance the feature extraction ability, multi-level features merging was performed by adding 

low-level features, which improved YOLOv2’s capability to identify animal species by 1.8%. 

Second, to reduce complexity and speed up the detection process without sacrificing the accuracy, 

the two repeated 3 × 3 convolutional layers with 1024 filters in the seventh block of the YOLOv2 

architecture were removed. Third, to handle geometric transformations of animals in the images, 

three DCLs were added to the sixth block of YOLOv2, resulting in an increase of 3.0% in the 

animal species detection mAP. Our results show that the mAP of M-YOLO model was increased 

by 5.0% and 0.4% over YOLOv2 and YOLOv3, respectively. Moreover, the M-YOLO model can 

detect small, far, and occluded animals better than the regular YOLOv2 model. Compared with 

YOLOv4, the proposed M-YOLO model has faster detection speed which make it feasible to be 

deployed on embedded devices. To summarize, our proposed model is able to enhance detection 

speed without trading off accuracy in our animal species detection system.  
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Chapter 5 

Motion-Selective Control Frames (MCF) for Improving Efficiency of M-YOLO 

Detector for Embedded Systems 

 

For the safety of wildlife and humans, it is crucial that WVCs and WHCs mitigation systems detect 

wildlife in real-time. Therefore, the delay between when the wildlife first appears in the image and 

its detection should be enhanced, particularly on low power machines with limited computational 

capabilities, such as embedded systems. While most researchers propose lightweight object 

detectors or hardware acceleration techniques to reduce the detection delay and maximize 

throughput, our work takes a different approach. We aim to enhance the detection delay or 

processing speed by integrating two ideas into the M-YOLO model while maintaining the 

detection accuracy. The first is the Motion-Selective Control Frames (MCF) algorithm, which 

enhances the processing speed and reduce the power consumption of the object detection system 

by selectively processing only those frames where motion is detected. This selectivity reduces the 

amount of data that the M-YOLO model has to process, thus optimizing the overall system's 

efficiency. This is the focus of this chapter. The second idea is a parallel processing technique, 

which directly minimizes the processing delay of the M-YOLO model. This will be discussed in 

more detail in Chapter 6.  

5.1   The Proposed MCF Algorithm  

In real-time processing, especially when the detection model is deployed on an embedded device 

with limited computational capabilities, it is essential to focus computational resources only on 

frames that have motion. Continuously processing every captured frame can be both resource-

intensive and power-draining. To address this challenge, the MCF algorithm is introduced.  

The architecture of the object detection system (M-YOLO), as shown in Fig. 5.1, consists of: 

(i) the frame capture subsystem, which captures data from various sources, such as live camera 

feeds, video stream for real-time processing, or memory/video file for batch processing, and (ii) 

the detection model subsystem, which makes predictions through sequential tasks: 
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1. Pre-processing task: where the basic operations are applied to each captured frame, such 

as resizing and scaling, to ensure the frame size matches the CNN’s requirements for a 

fixed input size.  

2. CNN feature extraction task: where convolution and pooling operations are applied to 

extract and process significant features from the preprocessed frame to make predictions 

regarding identification probabilities and bounding box coordinates, as explained in detail 

in Section 4.3. 

3. Post-processing task: where NMS algorithm is applied to eliminate overlapping bounding 

boxes and display the final detection results, as explained before in Section 2.1.2.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CNN feature extraction 

Pre-processing  

Post-processing 

Capture frame 

Input: live camera/memory 

Output: Results 

Frame capture 

subsystem  

Detection model 

subsystem 

Is there any 

motion? 

Yes 

No 

MCF algorithm 

Figure 5.1: Sequential tasks of the object detection system, incorporating the frame 

capture subsystem and detection model subsystem (black dashed boxes), 

supplemented by the integration of the MCF algorithm (blue dashed box). 
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Following the frame capture subsystem, the MCF algorithm is proposed and integrated into 

the M-YOLO animal species detector, as shown in Fig. 5.1. This integration aims to minimize the 

animal detection processing delay and decrease both computational complexity and power 

consumption, making it suitable for embedded devices with restricted memory and computational 

power. This algorithm exploits the fact that not all captured frames have unique and crucial 

information, thus M-YOLO detector does not need to process all frames.  

The main goals of the proposed MCF algorithm are: 

1. Identifying the frames which contain animal motion. 

2. Extracting those frames and ignoring or dropping all the others. 

3. Passing those frames to M-YOLO for animal identification and localization.   

5.2   Absolute Subtraction Technique 

MCF is a pixel-based algorithm that relied on the absolute subtraction technique which compares 

the pixel values or intensities between two input frames from live camera or video sequence. The 

frame differences will decide if there is any moved object in the frame or not. After trial-and-error 

processing, four consecutive frames from the input are considered at a time and the first frame of 

each is assumed as a reference frame F (x, y). This strategy of selecting four consecutive frames 

can be changed depending on the specific requirements of the application, laying the foundation 

for further enhancement. Equation (5.1) represents the absolute subtraction of pixel values ∆i (x, 

y) on the frame Fi (x, y) with the reference frame F (x, y) where i varies from 2 to 4.  

                                    ∆i (x, y) =│F (x, y) – Fi (x, y) │                                             (5.1) 

 

where ∆i (x, y) determine if the frame Fi (x, y) has a unique information compared to the reference 

frame F (x, y). If ∆i (x, y) differ from zero, this is an indication of moving objects, while when ∆i 

(x, y) is equal to zero this means stationary objects. However, in reality it is impossible that ∆i (x, 

y) will be equal to zero due to the presence of noise. In order to decide if these obtained non-zero 

values are caused by noise or motion, ∆i (x, y) is compared with a predefined threshold (T), as 

shown in Equation (5.2).   
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                                    mi (x, y) = {
∆𝑖 (𝑥, 𝑦)                        𝑖𝑓 ∆𝑖 (𝑥, 𝑦) ≥T

     0                                    𝑖𝑓 ∆𝑖 (𝑥, 𝑦) < 𝑇  
                          (5.2) 

The selection of threshold value is important. The low threshold value can result in false 

motion detection because of the presence of noise, where the noisy pixels can be detected as motion 

pixels as shown in Fig. 5.2(a). The high threshold value can lead to missing motion detection as 

the small changes in movement will be ignored as shown in Fig. 5.2(c). In our work the significant 

value of the threshold is 55 after several trial-and-error processing as shown in Fig. 5.2(b). The 

chosen threshold ensures that the system is sensitive enough to detect meaningful motion while 

being robust against noise and minor variations, which is crucial for the reliability and practicality 

of the motion detection algorithm in varied environments. 

 

 

 

 

 

 

  

 

By taking advantage of this simple technique, only frames that have a unique information or 

animal motion are processed by M-YOLO detector, leading to decrease in processing time and 

power consumption.  

5.2.1   Absolute Subtraction Technique Challenges 

There are some challenges that can affect the pixel values, and hence subsequentially having a 

negative impact on identifying any changes in the frame as motion within a real system. Most of 

these challenges come from the environmental conditions within the scene, with fewer attributed 

to the used camera such as:  

1. Frames noise which produced during the acquisition [228].  

2. Illumination or light intensity variation of the frame’s background.  

(a) (b) (c) 

Figure 5.2: The visualization comparison after applying different value of threshold: (a) at low 

threshold, (b) at threshold = 55, and (c) at high threshold. 
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3. Dynamic movement of static objects in the background like wind blowing to bushes and 

trees, as shown in Fig. 5.3(c), obtained by applying the absolute subtraction technique 

between the first frame in Fig. 5.3(a) and the third frame in Fig. 5.3(b). 

4. Shadows of moving objects that can be detected as another moving object, as shown in Fig. 

5.3(c). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

5.2.2   Improvements to the Absolute Subtraction Technique 

To overcome the effects of the above factors, the absolute subtraction technique can be improved 

by adding a morphological opening operation, which consists of an erosion operation followed by 

Figure 5.3: The absolute subtraction technique between: (a) the first frame “Reference frame”, 

and (b) the third frame of the four consecutive frames. (c) The resulting output of the absolute 

subtraction between the two frames with bushes motion and cougar shadow. 

(a) (b) 

(c) 

Bushes motion 

Cougar shadow 
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a dilation operation [229]. As shown in Fig. 5.4, the erosion operation shrinks the area of detected 

objects or remove pixels from the object boundaries, otherwise the dilation operation expands the 

area of detected objects or add pixels to the object boundaries [230]. Therefore, the main objective 

of applying the opening operation is to smoothen contours, remove any isolated bright pixels, and 

break slight connections between objects in the output image of absolute subtraction technique. 

This process helps maintain the shape and size of large objects, as each pixel in the image is 

adjusted based on the value of its neighboring pixels.  

 

 

 

 

 

 

 

 

After applying opening operation, the effect of noise is decreased; however, there is still noise 

in the frame that is always detected as a motion. Gaussian filter [231] is widely used by many 

researchers to reduce undesired fluctuation (high frequency components) in the video stream 

sequences which are caused by surrounding environment such as low illumination and high 

temperature. Due to its simplicity and capability of smoothing and softening video stream 

sequences [232], Gaussian filter is utilized in our work for noise reduction by applying image 

convolution technique with a Gaussian kernel size 5 × 5.   

 

 

 

 

(a) (b) (c) (d) 

Figure 5.4: Morphological operations. (a) Original binary image, (b) output image after applying 

erosion operator, (c) output image after applying dilation operator, and (d) output image after applying 

opening operator [230].  
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The MCF algorithm can be simplified into few steps as shown in Algorithm 5.1 and as shown 

in Fig. 5.5. 

 
Algorithm 5.1 MCF Algorithm. 

    Input: Consecutive i frames from the live camera or video sequence: Fi (x, y), and 

T. 

    Output: Decision of moving animal. 

   1  Set: Reference frame = F1(x, y); 

   2  Pass: F1(x, y) to detection model subsystem; 

3  For i ← 2 to 4 do 

4          ∆i (x, y) = |F1(x, y) − Fi (x, y) |; 

5          If ∆i (x, y) ≥ T then 

6               mi (x, y) = ∆i (x, y); 

7          Else 

8               mi (x, y) = 0; 

9            End if 

10 End for 

11 Convert: Convert  subtracted RGB frames to grayscale frames. 

12  Morphological opening operation: Apply opening operation on the grayscale frames to remove 

any small objects, single pixels, or slight connections between regions.                                  

13 Filtering: Apply Gaussian filter to the grayscale images. 

14 Decision: Pass original frame to detection model subsystem if motion is detected. 
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5.3   Experimental Results: MCF Algorithm Integration into M-YOLO Detector  

M-YOLO animal species detector is evaluated before and after integrating the proposed MCF 

algorithm to prove the efficiency and feasibility of the integrated algorithm using the same 

workstation as mentioned before in Section 4.4.3. In this context, efficiency refers to the reduction 

of the processing delay and power consumption. Four fundamental evaluation metrics are used for 

the evaluation: Elapsed time, CPU time, Frame Per Second (FPS), and CPU utilization.  

Elapsed time is the wall clock time which measures the total runtime from the moment that 

the program is launched to the moment it finishes running. Elapsed time is defined as:  

 Figure 5.5: The proposed M-YOLO detector with the MCF algorithm (MCF-YOLO). 

Detection model subsystem 
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                                        Elapsed time = End time – Start time                                         (5.3) 

CPU time is the total amount of time for which the CPU is busy executing the program.  

FPS is used to judge how fast the object detector model in processing the input, whether it is 

live stream or video file, to produce the desired output every unit time. The FPS can be calculated 

through the following equation: 

                          FPS = NPF / (Current time – Start time)                                     (5.4) 
 
where NPF represents the Number of Processed Frames in a specified time during the execution 

of the detector.                                                                                                                                                                                                                                                                                  

CPU utilization measures the proportion of active CPU cycles utilized by a running program 

during a specific time interval, thus estimating its power consumption [233]. For example, a CPU 

utilization of 100% means that all CPU cycles are dedicated to computations of the program 

throughout its entire runtime, with no idle time. High CPU utilization for executing a program 

indicates a high demand for processing power. CPU utilization is defined as: 

                 %CPU utilization = (Active CPU cycles / Total CPU cycles) × 100%             (5.5) 

5.3.1   Processing Speed Comparisons: Batch and Real-Time Processing  

The evaluation metrics: Elapsed time, CPU time, and FPS, are applied to measure and compare 

the processing speed of the M-YOLO and MCF-YOLO (M-YOLO with MCF algorithm) 

detectors. These metrics are calculated by using Python’s “time” module/library, with “time.time 

()” function for measuring Elapsed time and FPS, while with “time.process_time ()” function for 

CPU time. The evaluation is performed using two types of inputs: (i) batch processing, which 

involves the analysis of recorded and stored videos in a non-real-time manner, allowing for the 

processing of multiple frames in a sequential manner, and (ii) real-time processing, which includes 

the analysis of streaming videos from the internet or capturing video in real-time from a web 

camera, requiring immediate processing and response to each frame as it becomes available. 

For batch processing, the results in Fig. 5.6 show the processing speed comparison between 

the M-YOLO and MCF-YOLO detectors on a 727-frame video from [25]. According to the 

evaluation metrics: Elapsed time as in Fig. 5.6(a) and CPU time as in Fig. 5.6(b), the experimental 
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results prove that the integration of MCF algorithm to M-YOLO detector speed up the detection 

process by 28.7% and 65.3%, respectively. 

For real-time processing, the system manages a queue to buffer captured frames from a live 

camera feed to smooth out any variations between the frame rate of the camera and the processing 

speed of the detection system. This queue is implemented using Python’s queue module. The web 

camera being used in our work operates at a frame rate of 30 FPS and the detection processing 

time is 0.022 second per frame for single animal detection, as evaluated and reported in Table 4.3. 

In this case, the processing time per frame is shorter than the time interval between frames based 

on the camera’s frame rate, therefore the queue used to buffer the captured frames is typically 

empty, as the detection system is ready for the next frame before it arrives. On the other hand, if 

the processing time per frame is consistently longer than the time interval between frames, the 

queue size is initialized to hold 4 frames. This capacity was determined through trial-and-error 

testing, taking into account factors such as reducing the queueing delay/waiting time, the amount 

of time a frame spends in the queue waiting to be processed, and memory limitations of the 

embedded devices. The frame capture and queue management algorithm can be simplified into 

few steps, as shown in Algorithm 5.2. 

Figure 5.6: Processing speed evaluation of M-YOLO and MCF-YOLO models for batch processing 

sourced from [25] in terms of: (a) Elapsed time, and (b) CPU time.    
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Algorithm 5.2 Frame Capture and Queue Management Algorithm. 

    Input: u: A unique identifier for the live camera device we are capturing frames from; 

                Q: The queue used for holding the frames captured from the live camera; 

                S: The size of the queue;  

    Output: Stream of frames. 

   1  Set: u to the live camera device. 

   2  Set: S = 4; 

3  For i ← 0 to S do 

4         Enqueue: Call u to capture a frame and enqueue it into Q; 

10 End for 

11 While True do 

12    Wait:  Call u to wait until Q is ready for dequeuing a frame; 

13       Send: Dequeue a frame from the front of Q and send it for processing; 

14       Requeue: Call u to capture a new frame and enqueue it to the end of Q;                      

15 End While 

 

When the queue reaches capacity, two strategies can be considered:  

1. Dropping frames: This strategy involves dropping incoming frames when the queue is 

full. This is suitable when real-time detection is critical, as in our system which is 

designed to alert drivers or hikers to the presence of wildlife on roads or trails ahead. In 

these scenarios, it is important to process the most recent frames to provide real-time 

alerts. This strategy could miss some animals, especially fast-moving ones, but it ensures 

the system operates as close to real-time as possible. 

2. Reducing frame rate: This strategy involves decreasing the frame rate of the camera to 

prevent queue overflow. This is suitable for systems where capturing every animal 

sighting is more important than real-time processing, such as in wildlife research 

applications. However, this strategy is not recommended for video feeds in low-light 

conditions, where reducing the frame rate may cause motion blur for moving objects, 

affecting the detection accuracy. 
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In our work, animals typically move slowly or remain stationary unless they are scared or in 

pursuit. Therefore, dropping frames strategy has a minimal impact on the detection accuracy.  

In the context of real-time processing, where there is no time limit, Elapsed time and CPU 

time are not suitable for evaluating processing speed; therefore, the FPS evaluation metric is used 

instead. The results in Fig. 5.7 show that the MCF-YOLO detector achieves a 39.2% higher 

processing speed compared to the M-YOLO detector. It is essential to note that this percentage 

can vary based on the number of detected objects per frame and the level of activity in the 

surrounding environment.  

   

 

 

 

 

 

 

 

 

5.3.2   Power Consumption Comparisons: Batch and Real-Time Processing   

The CPU utilization metric is applied to compare how much power is consumed by the CPU to 

process the M-YOLO and MCF-YOLO detectors in both batch and real-time processing scenarios. 

To measure this metric, Python library “psutil” is used. The results of the CPU utilization are 

presented in Figures 5.8, and 5.9. In these figures, the vertical axis represents the percentage of 

CPU utilization, ranging from 0% to 100%. A value of 0% would indicate no CPU usage, while 

100% would mean that the CPU is operating at full capacity. The figures show the variation of 

CPU utilization over a 60 second time duration, providing insights into how the CPU handles the 

workload of processing two different input sources with our models.  
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Figure 5.7: Processing speed evaluation of M-YOLO and MCF-

YOLO models for real-time processing in terms of FPS.    
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For batch processing, as shown in Fig. 5.8, the CPU is active only when there is work assigned 

to it. Therefore, the integration of the MCF algorithm into the M-YOLO model, as shown in Fig. 

5.8(b), significantly reduces power consumption compared to the original M-YOLO model. This 

reduction in power consumption is due to the CPU having many idle states during intervals of 

dropped unnecessary frames when no animal motion is detected. These results indicate that the 

MCF-YOLO model efficiently utilizes CPU resources, leading to power savings. 

For real-time processing, as shown in Fig. 5.9, the CPU is responsive and active all times. 

However, with the integration of the MCF algorithm, as shown in Fig. 5.9(b), the CPU does not 

require full performance as in Fig. 5.9(a), which affects the power consumption. The MCF-YOLO 

model, as shown in Fig. 5.9(b), demonstrates lower CPU utilization compared to the M-YOLO 

model, indicating more efficient power utilization during real-time processing.      

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.8: CPU utilization percentage comparison for batch processing sourced from [25] of: (a) M-

YOLO, and (b) MCF-YOLO models.  

(a) (b) 

  

Figure 5.9: CPU utilization percentage comparison for real-time processing from a web camera of: (a) 

M-YOLO, and (b) MCF-YOLO models.    

(a) (b) 
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 The above results prove the robustness and the simplicity of the proposed MCF algorithm. 

The integration of this algorithm into the M-YOLO detector (MCF-YOLO) achieves faster 

processing time compared to M-YOLO and reduces power consumption and unnecessary 

computations while maintaining detection accuracy during both batch and real-time processing. 

These advantages make the MCF-YOLO detector suitable for deployment on embedded devices 

such as RP4B to build WHCs and WVCs mitigation systems that rely on live cameras. For these 

systems, the MCF algorithm operating until motion is detected and M-YOLO identifies this as an 

animal. At this point, the MCF algorithm pauses temporarily, allowing the M-YOLO detector to 

process subsequent frames. The MCF algorithm resumes its operation only when M-YOLO no 

longer detects any animal. 

5.4   Conclusion 

Through our evaluation, we have illustrated the advantages of integrating the MCF algorithm into 

the M-YOLO detector. This MCF-YOLO detector achieves faster detection speed for both batch 

processing and real-time processing. Additionally, it shows enhanced power consumption. 

Notably, the real-time processing speed is influenced by the frame rate of the utilized live camera, 

the number of detected objects per frame, and the level of activity in the surrounding environment. 

These improvements are critical for the successful deployment of wildlife mitigation systems on 

low-power embedded devices. Overall, our results highlight the robustness and practicality of the 

MCF algorithm, positioning it as a valuable enhancement to the M-YOLO detector for efficient 

animal species detection in real-world scenarios.  

However, although the successful integration of the MCF algorithm and the promising results 

it has yielded, there may be still a need for further improvements for several reasons: 

• Real-time applications: While achieving a fast detection speed, certain real-time 

scenarios, such as dynamic environments (different lighting conditions, weather patterns 

or seasons) or moving animals, may require even higher detection speed to accurately 

identify, localize, and count them. Enhancements in detection speed is crucial to maintain 

accurate and up-to-date detections in such scenarios. 

• Scalability: MCF-YOLO performs well at its current FPS, but as the number of animals 

increases, the processing speed may decrease. This is because MCF-YOLO needs to 

process and analyze more regions of interest when there are more objects in a frame. Each 
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detected object requires the evaluation of multiple bounding box predictions, calculation 

of confidence scores, and the application of NMS to filter redundant detections. To address 

these challenges, further improvements can be implemented to maintain or improve the 

processing speed of the detection system. 

• Hardware limitations: The achieved FPS depends on the hardware configuration/setup 

and available computational resources. Thus, it is essential to investigate additional 

optimizations that increase the detection speed without requiring significant hardware 

upgrades. This can allow the MCF-YOLO detector to perform efficiently on a wide range 

of hardware setups, including those with limited computational capabilities. 

Considering these factors, further research is needed to address these areas of improvement. 

By enhancing the MCF-YOLO detector, as will be shown in Chapter 7, we can strive to meet the 

demands of real-time applications, improve scalability, and accommodate various hardware 

configurations. These efforts will contribute to the continued advancement and applicability of 

wildlife mitigation systems in diverse real-world scenarios. 
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Chapter 6 

Parallel Processing Implementation for Reducing Processing Delay of M-

YOLO Detector 

 

This chapter focuses on reducing the processing delay in the detection model subsystem of the 

proposed M-YOLO detector, which is caused by its sequential implementation on a single core. 

To address this challenge, the concept of parallel processing is introduced as a tool to enhance the 

processing speed using pipeline parallelism implementation. The performance of this approach is 

evaluated in terms of processing speed for both batch and real-time processing scenarios.  

6.1   Sequential Processing Implementation of M-YOLO Detector     

The detection model subsystem, as shown in Fig. 6.1, consists of three sequential tasks: pre-

processing, CNN feature extraction, and post-processing, as explained in Section 5.1. Each of these 

tasks is implemented as a distinct function coded in Python and is executed one after the other on 

a single core. 

The detection model subsystem is based on CNNs algorithm. The architecture of CNNs is a 

multi-layered feed forward neural network stacked on top of each other in a sequential design to 

learn hierarchical attributes. Each layer takes input from the previous layer and produces output to 

the subsequent layer, as shown in Fig. 2.2 in Section 2.1.1.2.  
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Measuring the processing time of each task in the detection model subsystem is crucial for 

reducing its processing delay. Python’s “time” module/library with “time.time ()” function is used 

to measure this time on a Core i7 system, as specified in Section 4.4.3. The processing times of 

pre-processing (T1), CNN feature extraction (T2), and post-processing (T3) tasks take 1.67 ms, 

20.04 ms, and 0.28 ms, respectively. Therefore, the total sequential detection processing time (Tsp) 

for each frame can be calculated as:     

                                                      Tsp = T1 + T2 + T3                                                          (6.1) 

Figure 6.1: Sequential processing flow of the detection model subsystem. 
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Achieving a detection processing time of 21.99 ms per frame is impressive and demonstrates 

enhanced detection speed. Considering the requirements of our wildlife mitigation system, 

especially in real-time scenarios with multiple presence of wildlife, as explained in Chapter 5, 

faster processing speed is crucial. It ensures timely and accurate detection, allowing the system to 

respond to sudden wildlife activity and facilitate proactive mitigation. Moreover, this system is 

intended for deployment on a low-power embedded device. As discussed in Section 4.5, the 

processing time on the RP4B is 160 ms per frame for a single animal detection. This highlights the 

need for further improvements to balance detection speed and power constraints within the 

deployment hardware. Therefore, a parallel processing technique is proposed for the M-YOLO 

detector to distribute the computational workload across multiple processors or cores, enabling 

faster processing of input frames and increased throughput. 

6.2   Implementation of Parallel Multicore processing for Detection Model Using Python   

In the case of parallelizing the three tasks of the detection model subsystem, utilizing multicore 

processing can be a cost-effective choice, as it only requires standard hardware to assign processes 

to separate cores and does not require any specialized hardware. This allows for simultaneous 

execution of these processes, which can improve the detection speed of the algorithm. However, 

it is important to select the appropriate communication mechanism between the cores to ensure 

consistency of the data shared between them. 

Communication Mechanisms 

In Python, the "multiprocessing" module/ library [234] provides a way to write parallel code, 

enabling efficient use of the available cores in a system. This module provides a number of 

functions for managing processes and implementing inter-process communication (IPC) 

primitives using lock and unlock operations for sending and receiving data between processes 

through mechanisms such as [151]: pipes, queues, and shared memory.  These IPC mechanisms 

allow different processes on different processors or cores to communicate and exchange 

information with each other to accomplish their tasks.  

As shown in Fig. 6.2(a), pipes allow for unidirectional communication between two related 

processes (i.e., parent process and its child process). With a pipe, one process sends data by writing 

to one end of the pipe (write-end), while the other process receives this data by reading from the 
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opposite end (read-end). As shown in Fig. 6.2(b), queues enable communication between two 

unrelated processes to put and get data. Queues provide additional synchronization and locking 

mechanism to ensure that only one process accesses the queue at a time in a synchronized and 

orderly manner, by using First-In-First-Out (FIFO) principle. As shown in Fig. 6.2(c), shared 

memory allows two or more processes to read and write to a common memory space. This shared 

memory acts as a shared buffer for exchanging data between these processes, making it useful 

when large amounts of data need frequent access and updates by multiple processes. However, 

synchronization mechanisms are required to avoid race conditions or data inconsistencies. 

 

 

 

 

 

 

 

 

 

 

 

 

   

 

 

 

Figure 6.2: IPC mechanisms between two processes: (a) pipe which enables direct communication 

between two processes with one acting as a sender and the other as a receiver, (b) queue which 

allows synchronized access to data in a FIFO ordering, and (c) shared memory which provides a 

shared block of memory for multiple processes to exchange information.  

Process 1 

                                     

                       

Process 2 

Put () 

Get () 

Queue (b) 

Process 1 

Process 2 

Send () 

Receive () 

Pipe 

One way data flow 

(a) 

Process 1 

Process 2 

Write () 

Shared Memory 

Read () 

(c) 

 



93 

 

The choice of which IPC mechanism to use depends on the specific requirements of the 

application such as: 

• Latency: The time delay experienced in transferring data between two processes. 

• Synchronization: The coordination of data access when multiple processes require 

concurrent and orderly interaction with shared resources. 

For example, if the primary concern is the efficient transfer of data, especially in scenarios 

requiring real-time processing or low latency, shared memory may be a suitable choice compared 

to pipes and queues. This is because there is no data copying involved; once data is written to the 

shared memory, another process can directly access it without the need for data to be copied or 

transferred. In contrast, pipes and queues can have higher latency due to the overhead of copying 

and transferring data between processes. On the other hand, if the data needs to be accessed in a 

synchronized and ordered way by multiple processes, queues can be used as they provide 

synchronized access to data with FIFO ordering, or shared memory with proper synchronization 

mechanisms/primitives [151] [234] [235], such as semaphore, mutex (Mutual Exclusion), barrier, 

or condition variable.  

Synchronization Primitives 

Synchronization primitives are used to prevent interference between processes. They ensure that 

data is neither overwritten nor read before it is ready, thereby allowing for the safe and efficient 

sharing of data among the different processes. 

Semaphore is an integer value, that is initialized with the number of available shared resources 

in the system. It works like a guard or lock on these resources. In Python, processes use two 

functions: “acquire ()” and “release ()”, to decrease and increase the semaphore value, respectively. 

If the semaphore value is greater than zero, the process acquires the semaphore and access a shared 

resource. If the semaphore value is zero, indicating no available resource, the process is blocked 

until another process completes its processing the shared resource and releases the semaphore.  

Mutex is a binary semaphore, also known as a lock, that allows only one process to access a 

shared resource at a time. When a process wants to access a shared resource, it must “lock ()” the 

mutex before accessing the resource and “unlock ()” it after finishing. If the mutex is currently 



94 

 

held by another process, the calling process is blocked and put to sleep until the mutex becomes 

available.  

Barrier is used to synchronize the execution of multiple processes that are performing a certain 

task and depend on each other, where each process sets a signal or a flag when it reaches a certain 

point in the execution (barrier point) and then waits for all other processes to reach this barrier 

point. Once all processes have reached the barrier point, they are all released to continue their 

execution with the next stage of their work.   

Condition variable is used to synchronize the execution of multiple processes that are 

depending on each other by allowing them to wait for a specific condition to be met before 

proceeding. It is often used in conjunction with a mutex or lock to ensure that only one process 

can access shared resources at a time while the others wait for the required condition to be true 

before proceeding, preventing race conditions and other concurrency-related issues. 

For the purpose of reducing the processing delay, implementation approach can be considered 

and evaluated in our work to parallelize the three tasks of the M-YOLO detection model subsystem 

using shared memory blocks and appropriate synchronization mechanisms: pipeline parallelism 

[236]. 

6.3 Pipeline Parallelism Approach for the Detection Model 

Pipeline parallelism is a computational model that allows tasks to be processed in a fixed sequence 

of stages, where each stage performs a specific function and passes its output to the next stage in 

the pipeline [236]. This approach helps in enhancing the processing time as multiple tasks can be 

processed concurrently at different stages of the pipeline. 

The goal of this approach, in the context of the M-YOLO model, is to balance the processing 

load across all pipeline stages by matching the stage with the shortest processing time to the one 

with the longest processing time, and then executing them simultaneously [236] [237]. To facilitate 

communication between cores/stages, shared memory is positioned between adjacent ones. A 

combination of mutex and barrier synchronization mechanisms is employed to ensure that only 

one stage can access the shared memory at a time and synchronize the stages at the end of each 

task by reaching an appropriate synchronization point, identified as the longest processing time, 



95 

 

before proceeding to the next frame. This helps to avoid data races and corruption while ensuring 

orderly access to the shared memory.  

In order to implement pipeline parallelism in our proposed M-YOLO model, it is essential to 

go through the following process. 

6.3.1   Indexing and Labelling the M-YOLO Layers 

The M-YOLO model is composed of several blocks operating in a sequential fashion. Each block 

contains a certain number of layers, leading to a cumulative total of L layers. We merge the pre-

processing and post-processing tasks with the first and last convolution layers of the CNN feature 

extraction task, respectively. 

The execution order of these L sequential layers imposes the task execution sequence. The 

first input layer must be evaluated based on the M-YOLO model input. Subsequently, the second 

layer can be evaluated once the first layer has completed executing. The model’s layers are labelled 

with an index i, ranging from 1 to L. The correct execution order of the L layers is:  

                                                L1 → L2 → · · · LL−1 → LL 

6.3.2   M-YOLO Model Assumptions 

There are some assumptions needed to pipeline M-YOLO model, as follows: 

• As mentioned before in Section 6.1, the processing time of the pre- and post-processing 

tasks of the M-YOLO model is small compared to that of the CNN feature extraction task. 

Therefore, we merge the pre-processing and post-processing tasks with the first and last 

convolution layers of the CNN feature extraction task, respectively, as represented by the 

following equations: 

                                                     t1 ← t1 + Tpre                                                                               (6.2) 

                                                     tL ← tL + Tpost                                                    (6.3) 

where:  

Tpre: processing time of the pre-processing task, 

Tpost: processing time of the post-processing task, 

t1: processing time of the first convolution layer of the CNN feature extraction task, 
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tL: processing time of the last convolution layer of the CNN feature extraction task. 

 

Subsequently, for the M-YOLO model comprising L layers, the processing time of each layer 

of the M-YOLO model is represented by the vector T, defined as:  

                                               T = [𝑡1, 𝑡2, · · · ·, 𝑡𝐿]                                              (6.4) 

The total processing time of the M-YOLO model is given by: 

                                                             𝑇𝑡𝑜𝑡𝑎𝑙 = ∑ 𝑡𝑖
𝐿
𝑖=1                                                       (6.5) 

The maximum processing time of the M-YOLO model is defined as: 

                                                    Tmax = max(T)                                                 (6.6) 

• Merge the 5th, 6th blocks of the M-YOLO model, in Fig. 6.1, along with the two passthrough 

Reorg. layers into one block, name it the ‘passthrough block’, and treat it as a single layer. 

This merging is done because the passthrough layers cannot be broken down or separated 

without affecting the model’s performance.    

6.3.3   Pipeline Throughput 

The performance of the M-YOLO model is governed by the maximum delay of the M-YOLO 

layers. The pipeline clock duration/period for the fastest pipeline is given by: 

                                                                        Tclk ≥ Tmax                                                                            (6.7) 

Based on that, the throughput th of the pipeline is given by: 

                                                               th = 
1

 𝑇𝑐𝑙𝑘
                                                        (6.8)  

6.3.4   Number of Pipeline Stages in Multicore Systems 

Pipeline stages can be created with as many cores as are available on the used platform to achieve 

higher throughput for CNN inference. However, determining the maximum number of pipeline 

stages is crucial, as it allows for suitable resource allocation and balances the computational load, 

thereby enhancing the model’s processing speed.  

There are several restrictions on determining the number of pipeline stages S: 
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• Minimum number of pipeline stages satisfies the inequality: 

                                                    S > 1                                                                      (6.9) 

• Maximum limit on the number of pipeline stages is imposed by the hardware support of 

the multicore system: 

                                                   S ≤ C                                                                      (6.10) 

where C is the number of cores in the utilized hardware multicore system. 

• The number of pipeline stages, S, should be determined in a way that the total processing 

time across all pipeline stages is at least as long as the total processing time of the M-

YOLO model, as expressed by: 

                                                  S × Tclk ≥ Ttotal                                                        (6.11) 

After calculating the number of pipeline stages, it is vital to design and distribute the M-YOLO 

layers across these pipeline stages. Moreover, if the utilized platform cannot accommodate the 

calculated maximum number of pipeline stages, reducing this number becomes necessary; 

however, maintaining enhancement pipeline performance remains a priority. To address this, we 

propose an algorithm for designing pipeline stages in the subsequent section.     

6.3.5   Proposed Algorithm for Allocating Layers to Pipeline Stages 

This algorithm aims to achieve a balanced distribution of computational workload by allocating 

the M-YOLO model layers to pipeline stages. The goal is to ensure that all stages have processing 

times close to a given maximum processing time, Tmax, while adhering to the specified number of 

pipeline stages, thereby preventing any stage from becoming a bottleneck and slowing down the 

overall processing speed.  

The primary inputs for this algorithm are the vector T, which represents the processing time 

of each layer; Ttotal, which denotes the total processing time of the model; Tclk, representing the 

pipeline clock period; and S, the desired number of pipeline stages.  
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Algorithm 6.1 Proposed Algorithm for Allocating Layers to Pipeline Stages. 

Require: T, 𝑇𝑡𝑜𝑡𝑎𝑙, 𝑇𝑐𝑙𝑘, S. 

   1  L = length(T); 

2 i = 1;   //start index of T 

3 For s = 1: S do 

4         𝑡 = 0; 

5        Layers_for_current_stage = [ ]; 

6        While 𝑡 + T (i) ˂ 𝑇𝑐𝑙𝑘  do 

7               𝑡 = 𝑡 + T (i);   

8             Layers_for_current_stage = [Layers_for_current_stage, i]; 

9             i = i + 1;  

10              If i > L then 

11                  break 

12       End if   

13          End while 

14          pipeline_delay(s) = t; 

15         pipeline_layers(s) = Layers_for_current_stage; 

16 End for 

 

The step-by-step explanation of the algorithm, as shown in Algorithm 6.1, is as follows:  

• Initialization: 

Algorithm 6.1 Line 1: L: The total number of layers in the M-YOLO model, determined 

by the length of vector T, which contains the processing times for each layer. 

Algorithm 6.1 Line 2: i: A counter initialized to 1, representing the starting index of vector 

T. It acts as a pointer to the current layer in vector T that is being considered for allocation 

to a pipeline stage. 

• Procedure: 
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Algorithm 6.1 Line 3: A for-loop begins, iterating variable s from 1 to S (the desired 

number of pipeline stages).  

Algorithm 6.1 Line 4: t: A variable initialized to 0, representing the accumulated 

processing time for the current pipeline stage s. 

Algorithm 6.1 Line 5: Layers_for_current_stage: An empty array initialized to keep track 

of the layers allocated to the current pipeline stage s.  

Algorithm 6.1 Line 6-13: A while-loop begins, with the condition ‘t + T(i) < Tclk’. This 

loop continues allocating layers to the current pipeline stage s as long as the accumulated 

processing time t plus the processing time of the next layer T(i) does not exceed the 

specified pipeline clock period Tclk. 

Algorithm 6.1 Line 7: Update t by adding the processing time of the new current layer 

T(i) to the accumulated processing time t for the current pipeline stage s. 

Algorithm 6.1 Line 8: Append the index i to the array ‘Layers_for_current_stage’, 

indicating that this layer is allocated to the current pipeline stage s.  

Algorithm 6.1 Line 9: Increment the counter i by 1, moving to the next layer.  

Algorithm 6.1 Line 10-13: Conditional statement to check if i exceeds L, and if so, breaks 

out of the while-loop as there are no more layers to process. 

Algorithm 6.1 Line 14: pipeline_delay(s): Record the total processing time t accumulated 

for the current pipeline stage s. 

Algorithm 6.1 Line 15: pipeline_layers(s): Record the indices of layers allocated to the 

current pipeline stage s.  

Algorithm 6.1 Line 16: Ends the for-loop, moving on to the next pipeline stage s until all 

layers have been allocated. 

This algorithm attempts to distribute the layers across the specified number of pipeline stages, 

ensuring that the total processing time for each stage is within the specified pipeline clock period, 

Tclk. By doing so, it enhances resource utilization and thereby the processing speed of the detection 
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model during inference, leading to a well-distributed computational load across different pipeline 

stages. 

6.3.6   Proving the Correctness of the Proposed Algorithm  

The following theorem proves that the Algorithm 6.1 maintains the correctness of execution of the 

M-YOLO model. 

Theorem 6.1: Pipelining the M-YOLO model following the Algorithm 6.1 maintains the 

correctness of the detection model. 

Proof: The FOR loop spanning Lines 3-16 in Algorithm 6.1 iterates through the M-YOLO model 

layers in increasing index order. Moreover, The WHILE loop spanning Lines 6-13 in Algorithm 

6.1 ensures that each selected layer has an index that is one unit greater than the index of previously 

selected layer. Therefore, we ensured the correct execution of the M-YOLO model through 

pipelining. 

6.4   Pipelining Implementation of M-YOLO Model Using Python 

The processing time of each layer of the M-YOLO model was measured using the Python module 

mentioned in Section 6.1, on a Core i7 system. Although the 7th block seems independent, the 

processing times of its convolution layers are 0.13 ms and 0.02 ms, respectively. Given these small 

processing times, treating it separately would make it challenging to achieve a balanced pipeline. 

Therefore, merging the 7th block with the 5th and 6th blocks emerges as an efficient strategy for 

pipeline processing. Fig. 6.3 represents the processing time of the first 12 layers of the CNN feature 

extraction task and the passthrough block, which is treated as a single layer, within the M-YOLO 

model.  
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Given the structure of the M-YOLO model, the passthrough block is treated as a single layer, 

which provides the maximum processing time, Tmax = 11.20 ms. As mentioned in Section 6.1, the 

total processing time of the M-YOLO model is Ttotal = 21.99 ms. From Equation (6.11), and based 

on the restrictions outlined in Section 6.3.4, the number of pipeline stages, S, is set to 2. Therefore, 

a two-stage implementation is adopted for the M-YOLO model. 

6.4.1   Two-Stage Pipelining Implementation 

In the two-stage pipelining, after merging the pre-processing task to the first convolution layer and 

the post-processing task to the last convolution layer of the M-YOLO model, the allocation of 

layers to pipeline stages was performed following the proposed Algorithm 6.1. As shown in Fig. 

6.4, the first 12 layers of the M-YOLO model are assigned to the first stage, which takes a 

processing time of T1s = 10.79 ms. Meanwhile, the passthrough block, which is treated as a single 

layer, is assigned to the second stage, which takes a processing time of T2s = 11.20 ms. The 

constraint imposed by the passthrough layers restricts the allocation from extending beyond the 

first 12 layers, ensuring the integrity and functionality of the model while adhering to the pipelining 

paradigm. 
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Figure 6.3: Processing time for the components of the M-YOLO model as measured on a 

Core i7 system.  
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A single shared memory is utilized to facilitates communication between the two cores/stages. 

As shown in Fig. 6.5, the first stage writes its output to the shared memory location, which is then 

read by the second stage as its input. Because of these dependencies between the stages, a 

combination of mutex and barrier synchronization mechanisms is employed to ensure that each 

stage of the model is executed in the correct order, maintaining the integrity of the pipeline 

parallelism approach. This way, the mutex not only prevents simultaneous access to the shared 

memory (preventing data races and other concurrency issues), but it also serves as a signal to each 

Figure 6.4: Distribution of M-YOLO model layers across the two-stage pipeline. Passthrough 

block is treated as a single layer. 
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stage that the previous stage is done processing the current frame and the processed frame is ready 

to be read. 

 

 

 

 

 

 

 

 

The implementation of a two-stage pipelining in the proposed M-YOLO model has the 

following steps:  

1. Allocate a shared memory block between the two stages to hold the intermediate results 

produced by the first stage.  

2. The first stage processes the first 12 layers of the M-YOLO model, which takes a 

processing time of T1s = 10.79 ms. 

3. Once the first stage completes the processing of a frame, it acquires a mutex to place the 

intermediate results into the shared memory block to prevent the other stage from accessing 

it, then releases the mutex before reaching the barrier. 

4. The second stage then acquire a mutex and access the shared memory and processes the 

passthrough block, which takes a processing time of T2s = 11.20 ms, while the first stage 

begins processing the next frame. 

5. The two stages work concurrently, utilizing shared memory with the mutex ensuring 

exclusive access to the shared memory block and the barrier ensuring that both stages are 

synchronized at the end of each frame's processing, thereby maintaining the correct 

processing order. 

Stage 1:       

Layer 1 to Layer 

12 

Stage 2: 

Passthrough 

block 

Write () 

Shared Memory  Read () 

Input 

Output 

Figure 6.5: Pipeline parallelism implementation block diagram 

of the detection model. 
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Fig. 6.6 shows an example of the pipeline parallelism implementation of the detection model 

subsystem using two-stage pipelining. The pipeline clock period is determined by the maximum 

processing time: 

                                                       Tclk = Tmax = T2s = T*                                                   (6.12) 

Therefore, the total parallel processing time for each frame can be calculated as:  

                                                                Tppt = 2T*                                                           (6.13) 

The throughput can then be calculated as:  

                                                          th = 1 / Tclk = 1 / T*                                                  (6.14) 

The total elapsed time for N input frames can be calculated as: 

                                                    Elapsed time = T* + (N × T*)                                               (6.15) 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.6: Pipeline parallelism implementation of the detection model subsystem using two-stage 

pipelining. Data transfer time is insignificant. 
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6.4.2   Processing Speed Evaluation of Two-Stage Pipelining in M-YOLO Detector 

In this section, the processing speed of the two-stage pipelining for the detection model subsystem 

is assessed using two key metrics: elapsed time for batch processing and FPS for real-time 

processing, as defined in Section 5.3.  

Fig. 6.7 provides a comparison between the M-YOLO detector utilizing sequential/single-core 

processing and two-stage pipelining. For our evaluation, we used a 4160-frame video with a 

resolution of 1280 × 720 pixels, sourced from [238], along with real-time footage from a 30 FPS 

web camera with a resolution of 1280 × 720 pixels. As shown in Fig. 6.7(a), for batch processing, 

the two-stage pipelining of the M-YOLO model achieves a significant reduction of 38.3% in 

elapsed time compared to sequential processing. In Fig. 6.7(b), for real-time processing, the FPS 

using the two-stage pipelining of the M-YOLO model outperforms the sequential processing by a 

factor of 1.9 times.  

 

 

 

 

 

 

 

 

 

 

 

Based on the results obtained from our experiments, it was found that the two-stage pipelining 

implementation effectively enhances the processing speed of the animal species detector compared 

to the sequential processing, across both batch and real-time processing scenarios.  
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Figure 6.7: Processing speed evaluation of the original M-YOLO detector and its two-stage 

pipelining implementation in terms of: (a) elapsed time for batch processing sourced from [238], 

and (b) FPS for a web camera feed.   
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6.5   Conclusion 

This chapter explained the strategic shift from a sequential processing framework to a parallel 

multicore processing paradigm in our proposed M-YOLO detector, to reduce the processing delay 

inherent in sequential implementation. By employing a pipeline parallelism approach, the 

processing layers were distributed across different stages, thus ensuring concurrent execution and 

significantly enhancing the throughput. The proposed algorithm for layer allocation to pipeline 

stages was vital in achieving a balanced distribution of computational workload, thus preventing 

any stage from becoming a bottleneck. The two-stage pipelining implementation, as exhibited 

through the processing speed evaluation, outperformed the sequential processing of the M-YOLO 

model in both batch and real-time processing scenarios, reducing the elapsed time by 38.3% and 

doubling the frame rate. Pipelining indeed shows promise in our current context, but its 

effectiveness may vary with different models, largely depending on their architecture.  
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Chapter 7 

Incorporating MCF Algorithm and Parallel Processing Technique into M-

YOLO Detector for Enhanced Real-World Detection 

 

In this chapter, we propose the integration of the MCF algorithm, discussed in Chapter 5, with the 

two-stage pipelining parallel approach, discussed in Chapter 6, into the proposed M-YOLO 

detector, as shown in Fig. 7.1. This integration employs both pipelining and dataflow [237] 

techniques, combining elements from both paradigms. This combination is expected to enhance 

the processing speed and power consumption of the M-YOLO model, leading to faster animal 

species detection in real-world scenarios. 
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Figure 7.1: Processing flow of the detection model subsystem after integrating the MCF algorithm 

and two-stage pipelining parallel approach. 

 Input: live camera/memory 
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7.1   Background of Dataflow Approach 

In this section, we explore how data dependencies between different tasks can be represented by a 

dataflow graph (DFG). This DFG consists of three sets: variables (V), functions (F), and directed 

arcs (A). Variables are classified into three types based on their locations in the algorithm: input, 

intermediate, and output. Functions represent the tasks and operations of the algorithm, and they 

are allocated to processors. Directed arcs depict the communication and dependencies between 

variables and functions, associating them with memories or registers. Fig. 7.2 provides an example 

of a DFG of an algorithm composed of ten variables and seven functions [237]. Variables could 

have multiple outputs but only one input, while functions might have multiple inputs but only one 

output. 

 

 

 

 

 

 

 

 

 

 

 

 

 

As shown in Fig. 7.3, the timing of the availability of variables, marking the initiation of 

function execution, is represented by blue circles on the graph, termed events/tokens. These tokens 

Figure 7.2: A DFG for an algorithm. A variable is denoted by a circle 

and a function is denoted by a square. 
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are assigned to the variables when they are valid and available for use by the function. Variables 

V0 and V1 have tokens, indicating that function F0 and F1 will be triggered. Consequently, when a 

function is finished, a token is placed at the variable node associated with its output to signify the 

availability of this variable, as can be observed with the internal variable V3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

In Python, to ensure that data flows in the correct order and resources are accessed in a safe 

manner, synchronization mechanisms are implemented. A combination of condition variable and 

mutex synchronization mechanisms is well-suited for scenarios that require a flexible 

synchronization strategy, where individual tasks either proceed or wait based on a specific 

condition, rather than synchronizing all cores at a common point. This condition revolves around 

the availability of new data in the shared memory block. 

 

 

Figure 7.3: State of DFG for an algorithm at a given time. 
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7.2   Proposed Pipelining-Dataflow Hybrid Approach for the Detection Model 

This hybrid approach aims to leverage the throughput benefits of pipelining while incorporating 

the data-driven execution characteristic of dataflow paradigms to manage conditional processing 

based on the MCF algorithm. In a pure pipelining paradigm, each pipeline stage would proceed to 

process data in a fixed sequence without conditional decision-making based on data content. On 

the other hand, a pure dataflow paradigm would have tasks executing more independently based 

on data availability without a fixed sequence of stages.  

Following our experiments from Section 6.4, we employed a two-stage strategy to implement 

the pipelining-dataflow hybrid approach in the proposed MCF-YOLO model. As shown in Fig. 

7.4, the pipelining-dataflow hybrid approach of our proposed MCF-YOLO model is composed of 

two parts:  

• Pipelining part: it consists of two pipeline stages, S1 and S2, with two registers/memories 

R1 and R2. 

• Dataflow part: it manages the data-driven conditional processing. When the MCF block 

identifies motion within frames, the event/token D1 signals and prompting R1 to load the 

data (LD) to the first processing stage, S1. After a designated pipeline clock period, D2 

signals, instructing R2 to load the data (LD) to the second processing stage, S2, which then 

initiates its operations.  

 

 

 

 

 

 

 

 

 
Figure 7.4: Logical block diagram of a two-stage pipelining-dataflow hybrid approach of the MCF-

YOLO model. 
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Algorithm 7.1 represents the implementation of a two-stage pipelining-dataflow hybrid 

approach in the proposed MCF-YOLO model. 

 
Algorithm 7.1 Two-Stage Pipelining-Dataflow Hybrid Paradigm for the MCF-YOLO Model. 

1   Create: shared memory space: shared_memory;  

                   condition variable: condition_variable; 

                   mutex: mutex_lock;   

2 Function MCF: 

3          While True:         // Continuously check for motion in frames 

4                    Frame = CaptureFrameData (); 

5                    Motion_detected = MCFAlgorithm (Frame); 

6                    If  Motion_Detected: 

7                          Call Function S1; 

8                    Else: 

9                           Wait until the next frame is available;  

10                    End If;     

11 Function S1: 

12          Preprocess_data = Preprocess (Frame); 

13          Feature_data_twelve_Layers = CNNFEU (Preprocess_data);  

14          Acquire mutex_lock;  

15           shared_memory [‘Frame’] = Feature_data_twelve_Layers; 

16           shared_memory [‘token’] = True;   

17           Signal condition_variable;  // Notify S2 that data is ready 

18           Release mutex_lock;  

19 Function S2: 

20           Acquire mutex_lock; 

21           Wait until shared_memory[‘token’] is True; 

22           Feature_data_passblock = CNNFEL (shared_memory [‘Frame’]);  

23           Postprocess_data = Postprocess (Feature_data_passblock); 

24           shared_memory [‘token’] = False;     
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25           Release mutex_lock; 

26 Allocate S1 to Core 1 

27 Allocate S2 to Core 2 

28 Start executing S1 and S2 concurrently 

 

Algorithm 7.1 illustrates a hybrid approach, combining aspects of both pipelining and 

dataflow paradigms. Here's how: 

1. Pipelining: 

The arrangement of Stage 1, S1, and Stage 2, S2, in a fixed sequence where Stage 2 depends 

on the output of Stage 1 represents a pipelining paradigm. Pipelining helps in maximizing 

the throughput of the processing by allowing Stage2 to process one frame while Stage1 is 

processing the next. 

2. Dataflow: 

The use of a condition variable to synchronize the processing of pipeline stages based on 

the availability of data (in this case, motion detected, and data readiness signaled by a 

token) represents a dataflow paradigm. In dataflow, the execution of pipeline stages is 

driven by data availability. 

3. Conditional Processing: 

The conditional processing based on motion detection is a characteristic of data-driven 

processing, which is a key aspect of dataflow paradigms. 

4. Shared Memory: 

The use of shared memory for inter-stage communication is a common technique in both 

pipelined and dataflow architectures to enable data sharing between different stages or 

processes. The mutex is used to prevent data corruption during concurrent access by the 

two stages. 

The integration of a decision node (motion detection/ MCF algorithm) to direct the flow of 

data, coupled with synchronization based on data availability (signaled by a condition variable), 

blends elements of both pipelining and dataflow paradigms. This hybrid approach aims to leverage 

the throughput benefits of pipelining while incorporating the data-driven execution characteristic 

of dataflow paradigms to manage conditional processing based on motion detection. 
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Fig. 7.5 shows an example of the two-stage pipelining-dataflow hybrid approach of the MCF-

YOLO model. When a frame exhibits motion, an event/token triggers the first stage, S1, to process 

the first 12 layers of the CNN feature extraction task. Subsequently, the second stage processes 

the passthrough block of the MCF-YOLO model. Among the frames, F1 and F4 exhibit motion, 

while F2, F3, F5, and F6 do not.   

 

 

 

 

 

 

 

 

 

 

 

 

7.3  Efficiency Evaluation of the MCFP-YOLO Detector: Processing Speed and Power 

Consumption 

By parallelizing the MCF-YOLO detector using the two-stage pipelining-dataflow hybrid 

approach, we produced a new detector named MCFP-YOLO. The implementation of this proposed 

detector is structurally similar for both batch and real-time processing. However, for real-time 

processing, an additional component, a queue, is used to manage incoming frames from a live web 

camera feed, as mentioned earlier in Section 5.3.1.  

The evaluation metrics provide valuable information on the efficiency and effectiveness of 

the proposed MCFP-YOLO animal species detector in real-world scenarios. Efficiency refers to 

achieving our goals with minimal processing time and power consumption; while effectiveness 

refers to the detector’s ability to accurately identify and localize objects in images, as well as its 

proficiency in distinguishing between various classes, even with subtle differences between them.   

 

  
 

Event/Token from the MCF Block Event/Token from the MCF Block 

Input Frames 

Figure 7.5: Parallel implementation of the MCF-YOLO model using two-stage pipelining-

dataflow hybrid approach. Data transfer time is insignificant.  
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Fig. 7.6 presents a comparison on a Core i7 system, as specified in Section 4.4.3, between two 

detectors: the proposed MCFP-YOLO (MCF-YOLO with parallel processing) and the original M-

YOLO detector in terms of the elapsed time and FPS for batch processing and real-time processing, 

respectively. As shown in Fig. 7.6(a), for batch processing of a video (detailed in Section 6.4.2) in 

which 69% of the frames exhibit motion, the elapsed time of the proposed MCFP-YOLO detector 

is reduced by 66.5% compared to the original M-YOLO detector. Similarly, as shown in Fig. 

7.6(b), for real-time processing using footage from a web camera (also detailed in Section 6.4.2), 

the FPS of the proposed MCFP-YOLO detector is enhanced by 2.6 times compared to the original 

M-YOLO detector.  

 

 

 

 

 

 

 

 

 

 

 

Following the demonstration of the enhanced processing speed with the proposed MCFP-

YOLO, the CPU utilization metric is used to evaluate and compare the power consumption of the 

CPU during the operation of both the original M-YOLO and the proposed MCFP-YOLO detectors 

in batch and real-time processing. The results in Fig. 7.7 illustrate the variations in CPU utilization 

over a 60 second time duration while processing a video sourced from [238] using both detectors. 

As shown in Fig. 7.7(a), with the M-YOLO detector, the CPU is only active when tasks are 

assigned. Consequently, the integration of the MCF algorithm and two-stage pipelining-dataflow 

 

 

(a) (b) 

Figure 7.6: Processing speed comparison of the original M-YOLO detector and the proposed MCFP-

YOLO animal species detector in terms of: (a) elapsed time for batch processing sourced from [238], 

and (b) FPS for real-time processing from a web camera feed. 
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hybrid implementation into the M-YOLO model, as demonstrated in Fig. 7.7(b), leads to a 

significant reduction in power consumption compared to the original M-YOLO detector. This 

reduction is achieved because the CPU enters idle states during periods when frames are dropped 

due to the absence of detected animal motion. Furthermore, the two-stage pipelining-dataflow 

hybrid approach contributes to power savings, by allowing for more efficient use of cores and 

reducing idle time. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.8 provides a visual comparison of how the CPU responds during real-time processing 

when using the two detectors. Fig. 7.8(a) shows the use of the original M-YOLO detector, where 

the CPU operates at a high-performance level, leading to elevated power consumption. On the 

other hand, Fig. 7.8(b) shows the situation when the proposed MCFP-YOLO detector is used. In 

this case, the CPU manages to perform the required tasks without needing to operate at this high-

performance level, thereby resulting in reduced power consumption.  

 

 

 

 

(b) 

Figure 7.7: Comparison of CPU utilization percentage for batch processing sourced from [238] using: (a) 

the original M-YOLO detector, (b) the proposed MCFP-YOLO detector.    

(a) 
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The above results emphasize the advantages of the proposed MCFP-YOLO detector, making 

it suitable for deployment on embedded systems for WHCs and WVCs mitigation systems.  

7.4   The MCFP-YOLO Detector on Embedded Systems 

The proposed MCFP-YOLO detector was deployed on both the RP4B and NVIDIA Jetson Nano 

devices [239], to evaluate its efficiency in terms of processing speed and power consumption. This 

evaluation was conducted using FPS, current consumption (mA), and CPU utilization (%) metrics 

for real-time processing from a web camera feed.  

The RP4B features a Quad-core Cortex-A72 64-bit, 1.5 GHz CPU, and a VideoCore VI 3D 

500 MHz GPU. It can support up to 8 GB of SDRAM and uses a microSD for storage. RP4B has 

a two-lane camera port, HDMI and Display Port, and 4 USB ports. Additionally, the RP4B 

supports Gigabit Ethernet, Bluetooth 5.0, and 2.4/5 GHz Wi-Fi for connectivity [177]. Similarly, 

the NVIDIA Jetson Nano, another embedded device, includes a Quad-core Cortex A-57 64-bit, 

1.43 GHz CPU, and an NVIDIA 128-core GPU. Jetson Nano has 4 GB memory with a RAM speed 

of 25.6 GB/s and a microSD for storage. It also has a 2-lane camera port, HDMI and Display Port, 

and 5 USB ports [239]. 

Figure 7.8: Comparison of CPU utilization percentage for real-time processing from a web camera feed 

using: (a) the original M-YOLO detector, and (b) the proposed MCFP-YOLO detector.    

(a) (b) 
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As presented in Table 7.1, the results show that the Jetson Nano outperforms the RP4B by 

approximately 1.2 times in terms of processing speed, but it also consumes approximately 4.7% 

more current and exhibits 33.3% higher CPU utilization. Moreover, in terms of cost, the Jetson 

Nano device is significantly pricier than the RP4B. 

 

 

 

Despite these differences, the RP4B device proves to be a suitable choice for our work as it 

offers a desirable balance between cost and efficiency, including processing speed and power 

consumption. Compared to other embedded devices such as those referenced in [241] [242], the 

RP4B provides a relatively powerful processing capability at a lower cost and with less power 

consumption. This makes it an affordable and power-efficient option for real-time wildlife 

detection systems. These features enable efficient real-time processing while maintaining budget 

and power constraints, which are crucial for the widespread and successful deployment of WHCs 

and WVCs mitigation systems. 

7.5   Applications Development  

In an effort to assist biologists, researchers, and conservationists in monitoring wildlife, we have 

developed two executable applications leveraging our proposed MCFP-YOLO animal species 

detector: Live Camera Animal Detection System (LCADS), as shown in Fig. 7.9(a), and Video 

Image Animal Detection System (VIADS), as shown in Fig. 7.9(b).  

LCADS is designed for real-time wildlife monitoring using live camera feeds, enabling instant 

detection and response to wildlife presence. This system is particularly useful in areas with high 

wildlife traffic, where quick responses are crucial for preventing accidents, reducing WHCs, and 

 RP4B Jetson Nano 

FPS 19.7 23.3 

Current (mA) 876.9 918.3 

CPU Utilization (%) 42.6 56.8 

Cost (C$) 195 [240] 321 [239] 

Table 7.1: Comparison between RP4B and Jetson Nano devices in terms of FPS, current 

consumption, CPU utilization percentage for real-time processing from a web camera feed, and cost.  



119 

 

preserving habitats. To extend its functionality, we have included two additional classes (human 

and vehicle), allowing LCADS to also serve as a security camera for residential areas. This 

enhancement makes the system adaptable to various use cases. LCADS can be easily integrated 

into existing infrastructure, such as traffic monitoring systems, park management, or residential 

security systems to enhance situational awareness and enable more informed decision-making.  

On the other hand, VIADS processes pre-recorded video footage or folder of images, allowing 

for more effective analysis of large volumes of data to study wildlife behavior and patterns in-

depth over time. VIADS is a valuable tool for researchers and conservationists seeking to 

understand wildlife habits and develop targeted strategies to protect threatened species or manage 

habitats. These applications demonstrate the capability of our proposed MCFP-YOLO animal 

species detector in addressing various wildlife-related challenges. By developing these 

applications, we aim to support ongoing efforts to conserve wildlife and promote coexistence 

between humans and animals. 

These applications were developed using the “PyQt” Python library for the user interface. 

Additionally, the “PyInstaller” library was employed to create standalone executables for multi-

core processors on the Windows 10 platform. 

Several projects in Western Canada [243], have deployed hundreds of cameras to monitor 

animal species such as bears, cougars, deer, elk, moose, mountain goats, etc. These projects could 

benefit from our applications to enhance real-time monitoring capabilities, automate species 

identification and data collection, and streamline the data analysis process for improved wildlife 

management and conservation efforts.  
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Figure 7.9: Animal species detection applications: (a) LCADS, and (b) VIADS. 

(b) 

(a) 
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7.6   Conclusion 

In this chapter, we explored the integration of two ideas into the M-YOLO animal species detector: 

the MCF algorithm and the utilization of parallel processing technique. The MCF algorithm is 

designed to minimize the processing delay of the frame capture subsystem by controlling the 

number of frames to be processed by the detection model subsystem, based on detected motion 

activity in the frames. On the other hand, the parallel processing technique aims to minimize the 

processing delay of the detection model subsystem by processing the three tasks (pre-processing, 

CNN feature extraction, and post-processing) in parallel using two-stage pipelining-dataflow 

hybrid approach. Experimental results were provided to validate these proposed ideas and their 

effectiveness in improving the efficiency (detection speed and power consumption) of the 

proposed MCFP-YOLO detector, particularly for embedded systems with limited resources.  

The proposed MCFP-YOLO detector was then deployed on both RP4B and Jetson Nano 

devices to assess their performance in real-life scenarios. The results indicate that while Jetson 

Nano outperforms the RP4B by approximately 1.2 times in terms of speed, it also consumes around 

4.7% more current and utilizes 33.3% more CPU. The RP4B is advantageous for our system, 

especially when it operates for extended durations on limited power resources, such as in remote 

areas or relying on battery power. Therefore, the RP4B remains a suitable choice for wildlife 

detection applications due to its balance between cost and performance, making it an affordable 

and power-efficient option for real-time WHCs and WVCs mitigation systems.  
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Chapter 8 

Summary, Contributions and Future Work 

 

8.1   Summary 

This dissertation explores the application of deep learning-based object detection models for 

animal species detection, with a particular focus on mitigating wildlife-human conflicts (WHCs) 

and wildlife-vehicle collisions (WVCs). A comprehensive review and comparative analysis of 

various models, including regular and deformable R-CNN, Fast R-CNN, Faster R-CNN, and Mask 

R-CNN were conducted. The proposed deformable Mask R-CNN emerged as an suitable choice 

for accurate animal species detection due to its superior performance and capability to handle 

geometric variations of objects. An automated image labelling and annotation system was 

developed, utilizing the proposed deformable Mask R-CNN model to label, segment, and annotate 

six North American wildlife species (bear, cougar, deer, elk, moose, and mountain goat), along 

with two additional classes (human and vehicle) in various formats, thereby saving time and cost 

by reducing the need for human intervention. Despite the high accuracy of the deformable Mask 

R-CNN model, a faster model is needed to develop WHCs and WVCs mitigation systems on 

embedded devices.  

Building on this need, we proposed a modified version of the YOLOv2 model (M-YOLO), 

specifically designed for deployment on embedded devices. This model was designed to enhance 

the feature extraction capabilities of YOLOv2, reduce its computational complexity, and improve 

its ability to handle geometric transformations of animals in images. These modifications led to a 

5.0% improvement in accuracy and enhanced detection of small, far, and occluded animals 

compared to the original YOLOv2. The modified model also outperformed YOLOv3 in accuracy 

and exceeded YOLOv4 in detection speed on low-power machine, highlighting its suitability for 

real-time animal detection on embedded devices. A prototype for a WHCs mitigation system was 

developed, comprising two main subsystems: a detection subsystem and a warning subsystem. The 

detection subsystem, based on the M-YOLO model, was deployed on a RP4B device with a web 

camera. The warning subsystem features a custom-developed Android application named “Be 

Safe”, designed to alert humans when animals are present. 
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Further enhancements to the M-YOLO model/detector were achieved through the integration 

of the MCF algorithm and two-stage pipelining-dataflow hybrid parallel processing approach. 

These modifications significantly reduced the processing delay and power consumption of the 

proposed detector, particularly on embedded systems with limited resources, without trading off 

the accuracy of our animal species detection system. For field applications, the proposed MCFP-

YOLO model was deployed and tested on two embedded devices, the RP4B and the Jetson Nano 

devices. While the Jetson Nano provided faster processing, the RP4B was selected due to its lower 

power consumption and a balanced cost-performance ratio, making it particularly suitable for 

extended use in remote areas. 

8.2   Contributions 

The contributions of this dissertation can be summarized as follows: 

1. Dataset creation: A new dataset consisting of 201,759 labelled day/night images of six 

North American animal species (bear, cougar, deer, elk, moose, and mountain goat) 

captured from various locations and angles was curated to address the scarcity of such 

datasets. This dataset has been collected from several sources, including Google, YouTube, 

and the BCMoTI. We plan to make it publicly available, allowing researchers and 

biologists to use it in various applications within the field. By providing this labelled 

dataset, our aim is to contribute to advancements in computer vision research and facilitate 

the development of more effective methods for wildlife monitoring, mitigation, and 

conservation efforts.  

2. Deformable Mask R-CNN: A new detection model, named the deformable Mask R-CNN, 

was proposed, utilizing ResNet-101 as its backbone network. This model achieved a high 

accuracy rate of 93.3% in identifying, localizing, and segmenting animal species. The 

proposed model was expanded to include two additional classes (human and vehicle) and 

used to develop an automated labelling and annotation system. This system simplified and 

improved the process of image annotation, enhancing the overall quality and accuracy of 

object detection and segmentation models.  

3. Effective and efficient embedded detection model: A novel detection model, M-YOLO, 

was developed specifically for deployment on embedded devices to be used in wildlife 

mitigation systems. This model underwent three architecture modifications:   
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i. Enhancement of extracted features: the proposed M-YOLO model addresses the 

geometric variations and part deformations of animals by integrating three 

deformable convolutional layers. This allows the model to capture more accurate 

representations of distinct animal features. 

ii. Improvement in species differentiation: the model’s capability to identify animal 

species with small differences is improved by incorporating low-level features for 

multi-level features merging. This approach enhances the model's ability to 

distinguish between closely related species. 

iii. Complexity reduction and process acceleration: the complexity of the proposed M-

YOLO model is reduced, and the detection process is accelerated without 

sacrificing the accuracy. This is achieved by removing two repeated 3 × 3 

convolutional layers, each with 1024 filters, from the seventh block of the model’s 

architecture.  

4. MCFP-YOLO detection model: In addition to enhance the processing speed and ensure 

efficient power usage of the object detection system, two ideas were proposed and 

integrated into the M-YOLO model:  

i. The proposed MCF algorithm: this algorithm is integrated into the M-YOLO model 

to control the number of frames to be processed based on the motion activity 

detected within them. This integration led to a new model variant: the MCF-YOLO 

model. This algorithm enhances detection speed and reduces power consumption 

during processing.  

ii. Parallel processing technique: the MCF-YOLO model was implemented using a 

novel two-stage pipelining-dataflow hybrid approach, aiming to leverage the 

throughput advantages of pipelining while integrating the data-driven execution 

characteristic of dataflow paradigms, especially for conditional processing based 

on the MCF algorithm. In traditional pipelining, each stage processes data in a fixed 

sequence without any conditional decision-making based on data content. In 

contrast, a pure dataflow approach would allow tasks to execute more 

independently, relying solely on data availability without a strict sequence. Our 

proposed method combines the best of both, underlined by a specifically designed 

algorithm to allocate the model layers. The integration of both the MCF algorithm 
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and parallel processing approach reduces end-to-end detection delay and ensures 

that power is used efficiently based on the content of the frames. As a result, the 

proposed MCFP-YOLO model achieves a 66.5% reduction in elapsed time 

compared to the M-YOLO model for batch processing. Moreover, it demonstrated 

a 2.6 times improvement in FPS for real-time processing, making it suitable for 

real-time WHCs and WVCs systems on embedded devices.  

5. Applications development: Two executable applications, LCADS and VIADS, were 

developed based on the proposed MCFP-YOLO animal species detector. LCADS enables 

real-time wildlife monitoring using live camera feeds, facilitating instant detection and 

response to the presence of wildlife. It can also function as a security camera for residential 

areas by including human and vehicle classes. LCADS can be easily integrated into 

existing infrastructure, whether for traffic monitoring, park management, or residential 

security systems to enhance situational awareness and enable more informed decision-

making. On the other hand, VIADS processes pre-recorded video footage or image folders, 

allowing an analysis of wildlife behavior and patterns over time. This application is 

valuable for researchers and conservationists seeking to monitor wildlife and develop 

targeted strategies for conservation efforts.  

In conclusion, this research successfully addressed challenges in wildlife detection and 

mitigation by creating a dataset, proposing an effective and efficient object detection model for 

embedded devices, and developing a cell phone warning and two executable applications for real-

time wildlife detection and monitoring. Analyzing the proposed models’ applicability across the 

three environments, MCF-YOLO emerged as the most fitting choice for trails due to its motion 

detection aligning with sporadic animal activities. For highways, the rapid detection requirements 

make MCFP-YOLO, with its fusion of motion detection and parallel processing, the most 

promising. Meanwhile, in the intricate urban scenarios, MCFP-YOLO holds potential as the top 

performer, though empirical testing is recommended for final validation. 

8.3   Future Work 

The results of this dissertation provide an encouraging foundation and a steppingstone for further 

exploration and advancement for real-time animal species detection systems. Several opportunities 

for future work have been identified. 
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1. Expansion of animal species and datasets: Although the current model has shown 

promising results, it was trained and evaluated on a limited number of animal species. 

Future work could extend the application of the model to a wider range of animal species. 

This may involve collecting and curating additional datasets that include more diverse 

animal species, in various settings and conditions. 

2. Handling of low-quality images: The proposed MCFP-YOLO model could be further 

enhanced to improve the detection accuracy in images with poor texture information and 

low resolution. This would be particularly beneficial for real-world applications where 

high-quality images might not always be available. 

3. Optimization techniques: The integration of additional optimization techniques could 

potentially enhance the model's performance. Future studies could investigate other feature 

extraction methods, advanced training strategies, and efficient computational techniques to 

further improve detection speed and accuracy. 

4. Performance on various embedded devices: While this dissertation evaluated the 

proposed MCFP-YOLO model’s performance on RP4B and Jetson Nano devices, it would 

be valuable to test it on other embedded devices, including those with newer AI chips. The 

emergence of these advanced AI chips could significantly impact both current and future 

research work. They may offer enhanced processing capabilities, improved power 

efficiency, and better support for complex AI models like MCFP-YOLO. Evaluating the 

model on a variety of hardware platforms, especially those equipped with the latest AI-

focused hardware, would ensure the model's effectiveness and efficiency across a broader 

range of technologies. This exploration is crucial for understanding how newer 

technological advancements can be leveraged to optimize performance and expand the 

applicability of our research in real-world scenarios. 

5. Integration with real-time mitigation systems: As our ultimate goal is to mitigate WHCs 

and WVCs, future research should focus on the integration of the developed model into 

real-time mitigation systems. This could involve the development of warning systems, 

automatic control systems for vehicles, or other innovative solutions to minimize the 

impact of these encounters. One key research objective is to propose and implement robust 

real-time mitigation systems, complete with a cell phone warning application. Essential 

methodologies will include: 
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• Direction tracking: For both WVCs and WHCs mitigation systems, the direction 

of detected animals will be tracked to assess the likelihood of encounters. This 

information will be crucial to alert users via a reliable warning system. 

• Real-time distance estimation: An algorithm for real-time distance estimation 

between detected objects and the camera, or between various detected objects, will 

be proposed. This will enable more precise warnings to users about potential 

wildlife interactions on highways and trails. 

6. Power Consumption Enhancement: As the proposed MCFP-YOLO model is designed 

for use in low-power, computationally limited devices, additional work could focus on 

enhancing the model's power consumption. This could include investigating lower-power 

architectures or developing more efficient processing techniques. 

In summary, the path forward is geared towards enhancing the current model and expanding 

its capabilities, leading to safer human-animal interactions, and contributing to wildlife 

conservation efforts. By achieving these future research directions, we are committed to 

facilitating harmonious coexistence between humans and wildlife. 

As part of our future work, we plan to address the privacy issues in wildlife monitoring and 

other surveillance applications, inherently carries the risk of infringing on privacy, especially when 

the technology is applied in areas beyond remote wildlife habitats. This will involve developing 

and implementing stringent data handling protocols and possibly incorporating privacy-preserving 

technologies, such as anonymization techniques or secure data processing methods. It is essential 

to ensure that the deployment of such advanced detection models complies with privacy 

regulations and ethical guidelines, especially in scenarios where there is a potential overlap with 

human activities.
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