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ABSTRACT 

 

FARHAT, ALI., Masters : June : 2018, Masters of Science in Electrical Engineering  

Title: Pedestrian Detection Using Motion Saliency Aided Convoltional Neural Network 

Supervisor of Thesis: Dr. Faycal Bensaali. 

Co-Supervisor of Thesis: Prof. Abbes Amira. 

 

Pedestrian and crowd analysis is one of the oldest problems in the area of computer 

vision and image processing. Researchers have proposed several algorithms that analyze 

crowds for different purposes aiming to improve their security and safety. The recent 

advancements in the areas of machine learning and computer devices resulted in a 

revolution in the proposed algorithms for such problem. The use of Convolutional Neural 

Networks in the proposed algorithms boosted the performance of the state-of-the-art 

algorithms. This research project studies the impact of integrating of motion saliency along 

with the CNN based pedestrian detector. A detailed literature review was conducted to 

draw the pathway of the project, discussing different approaches of motion flow algorithms 

and CNN based detectors. Background subtraction based on Gaussian Mixture Model 

motion flow algorithm was used to extract the motion saliency information. Faster R-CNN 

based on AlexNet was considered and integrated with the motion flow algorithm. Two 

different approaches of integration were proposed and tested: (1) Motion Masked Faster 

R-CNN method, where the motion information is used to generate a mask for the scene, 

keeping the regions of interest where motion is found and people may be available; 

(2)Motion Corrected Faster R-CNN method, where the motion information is utilized after 
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the Faster R-CNN detector locates all pedestrian in the frame to correct the false detections. 

The report discusses the hardware and software setups used in this thesis project to develop 

and implement the proposed detectors. PETS2009 dataset was used to test the proposed 

detectors, which are trained on Caltech pedestrian dataset. It was found that the integration 

of motion information improves the precision of the Faster R-CNN detector by 7% - 30%, 

where the error rate dropped by 6% - 34%. A detailed discussion of further improvement 

pathways is provided in the report. Limitations of current implementation of the proposed 

detectors are discussed. The evaluation of the proposed detectors is compared to state-of-

the-art detectors in the literature. Models’ performance was discussed, noting the 

challenges that degraded their performance and how to overcome them.  
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CHAPTER 1: INTRODUCTION 

The field of image processing and computer vision has been drastically evolving in 

the past decade, especially after the significant progress achieved in the area of machine 

learning and Artificial Intelligence (AI). Besides, the development in the fields of 

electronics and computer devices played an essential role in the development of computer 

vision algorithms. The latest Graphical Processing Units (GPUs) provided the ability to 

propose, design, train, and test very complicated algorithms as the bottleneck of 

implementing computationally intensive algorithms has been addressed [1]. Therefore, 

performing the required calculations for such algorithms in a reasonable amount of time 

became viable.  

Recently, the implementation of Convolutional Neural Networks (CNN); also 

known as ConvNets, was the game changer in AI and computer vision. The use of CNN 

improved the performance of the proposed computer vision algorithms as it provided the 

ability to perform more complex image analysis and recognition tasks. This was clearly 

demonstrated in the IMAGENET Large Scale Visual Recognition Challenge (ILSVRC) 

that was introduced in 2010 instead of the PASCAL Visual Object Challenge (PASCAL 

VOC) [2, 3]. The image classification challenge of the ILSVRC has an approximately 1.5 

million images of 1000 object classes instead of having 20 object classes and 1000 images 

in the PASCAL VOC [2]. Figure 1.1 summarizes the recognition rate improvements from 

2010 to 2017 for the winners of the classification challenge [2, 4-11]. 
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Figure 1.1. The winners’ recognition rate of the ILSVRC classification challenge from 

2010 to 2017 

 

 

The algorithm that won the competition of the ILSVRC in 2010 is based on a Scale-

Invariant Feature Transform (SIFT) feature extractor and a stochastic Support Vector 

Machine (SVM) classifier achieving a 71.8% recognition rate [2, 4]. In 2011, the winner 

utilized a high dimensional image signatures and a one-vs-all linear SVM. This increased 

the recognition rate to reach 74.2% [2, 5]. However, the winning algorithm architecture of 

the 2012 ILSVRC, known as AlexNet, is an 8-layer CNN that boosted the recognition rate 

to 83.6% [2, 6]. AlexNet consists of 60 million parameters and was trained using an 

efficient GPU implementation. ZFNet, the winner in 2013, is the average of several CNNs. 

This algorithm improved the recognition rate to settle at 88.3% [2, 7]. Indeed, the increase 

of the recognition rate did not stop at this point with the proposal of the 22-layer 
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GoogLeNet in 2014 [2, 8]. The increase of the network depth increased the recognition rate 

further to reach 93.3%. Nonetheless, the result achieved by the 152-layer ResNet proposed 

in 2015 by Microsoft Asia research team overcame the human eye ability in classification 

by reaching 96.5% where the human’s recognition rate is 94.9% [9]. Later in 2016, Trimps-

Soushen CNN improved the results to reach 97% through fusing five different networks 

[10]. Furthermore, the winner in 2017 introduced the Squeeze-and-Excitation Networks 

(SENet) where the performance has been improved further to 97.75% [11]. 

Therefore, it is very easy to observe the significant improvement in the performance 

of computer vision and image processing classification algorithms after utilizing the power 

of CNNs. Yet, computer vision and image processing algorithms are not limited to 

classification purposes only. There are several applications that require different 

algorithms such as object detection and instance segmentation. The proposed algorithms 

in these applications started to adopt CNN based algorithms since they have demonstrated 

better performance in classification. 

 Background 

Visual analysis and recognition of crowd’s and pedestrian’s image sequences is of 

importance for several applications including surveillance, homeland security, intelligent 

environments, and autonomous driving [12]. The main motivation of such work is related 

to security and safety of both crowds and pedestrians through preventing any disasters and 

tragic accidents such as the bombing at the Boston Marathon and the Hajj stampede [13]. 

Subsequently, this has been the main focal point of many researchers in the field of 
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computer vision and image processing where they have been working on such problems 

for more than ten years [12, 14]. In 2022, Qatar will host the FIFA World Cup, and it is 

very important to have a reliable crowd analysis system that emphasizes on the safety of 

the crowds and prevents any losses in lives. 

The applications of pedestrian and crowd analysis are many and include target 

tracking, counting, anomaly detection, behavioral pattern recognition and crowd modelling 

[12, 13]. The literature shows significant progress in the autonomous crowd and pedestrian 

analysis. Yet, several unaddressed shortcomings in the proposed work limited its 

performance such as occlusions, articulation of the human body, variation in viewpoints, 

and modelling and inference  [12, 15]. 

According to [12], crowd analysis consists of three main stages: crowd modelling, 

crowd monitoring, and crowd management. Crowd modelling is about constructing robust 

crowd representations to understand scenes where crowd monitoring analyzes visual data 

statistically to design real-time decision systems. Moreover, crowd management’s main 

objective is to ensure the safety of the crowd through efficient analysis of the crowds’ 

strategic, tactical, and operational data. Therefore, crowd modelling is the essential stage 

in any robust crowd analysis system since it is the primary stage that every advanced 

analysis is based on. 

There are several parameters are used to classify crowd modelling techniques into 

distinct categories [12]. One of the used parameters is the level where crowd modelling 

techniques are applied and it consists of two categories: 1) micro-level and 2) macro-level. 

In the micro-level, crowd modelling techniques concentrate on crowd’s individual entities 

to construct an understanding of the scene’s semantics. In contrast, the macro-level 
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techniques are based on the holistic view of the scene where it may use the flow to 

understand its dynamics. Since the micro-level focus on the individual entities of the 

crowd, it is considered to be more complex. The micro-level techniques might suffer from 

occlusions, targets’ appearance similarities and more computational complexities. 

Therefore, more studies in the literature focus on the macro-level techniques. Recently, 

some groups started to combine both levels to model the crowds and understand the 

behavior of its entities at the same time [12]. Figure 1.2 shows the schematic diagram of 

crowd analysis and its categories. 
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Figure 1.2. The schematic diagram of crowd analysis and its distinct categories 
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Another parameter used to categorize crowd analysis is the density of the crowd 

[12]. In fact, crowd modelling has always been depending on the density and it is 

categorized into three levels 1) low-level, 2) mid-level, and 3) high-level [12]. In the low 

level, the used techniques study the motion to characterize the features that detects 

individuals such as optical flow and background modelling. In the mid-level, the 

techniques are based on pattern recognition algorithms. The use of SVM and Adaptive 

Boosting (AdaBoost) classifiers on extracted features such as Histogram of Oriented 

Gradients (HOG) are very common. In this level and based on similar feature extractors, 

partial occluded scenes have been successfully analyzed. However, the use of dynamic 

texture models and the Lagrangian based techniques at the high level is becoming more 

popular recently [12]. 

Furthermore, crowd modelling techniques are also categorized based on the 

application they are designed for [12, 16]. There are several applications that requires 

crowd modelling such as 1) people detection and tracking, 2) people counting, 3) action 

recognition and behavioral analysis, and 4) abnormality detection [12, 16]. In addition, 

there are other parameters used to classify crowd modelling techniques into different, but 

less popular categories such as: offline versus online crowd modelling, and static versus 

dynamic crowd modelling [12, 16]. 
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 Thesis Scope 

The scope of this thesis focuses on the study of enhancing the CNN based 

pedestrian detector that depends on appearance saliency to detect people through 

integrating motion saliency information in visual surveillance. This shall allow the 

pedestrian detector results to be enhanced through integrating the motion information 

(temporal information) extracted from a sequence of frames. As a result, the detections will 

be more accurate as the false detections could be eliminated. It is worth noting that this 

approach will process the visual information at two levels. The motion information will 

model the crowd at the macro-level through extracting the holistic view of the crowd. On 

the other hand, the micro-level analysis where the individual entities of the crowd are 

detected is accomplished through the CNN based pedestrian detector. The impact of this 

approach will be verified through evaluating the performance of the proposed detector with 

and without motion saliency integration on several surveillance videos that have different 

settings (e.g. different illumination). The surveillance scenarios investigated in this work 

assume that the background of the scene is static and the camera is stationary. In addition, 

the crowd density will be assumed to be low. The proposed approach will be evaluated and 

benchmarked with other state-of-the-art algorithms against the same surveillance videos. 

Moreover, this thesis will focus on reporting all state-of-the-art pedestrian detectors in the 

literature. It is worth noting that having a robust pedestrian detector is very important as it 

is the starting point of any further analysis, such as people tracking, people identification, 

and behavior analysis. Even though these analysis challenges are very related to the 

pedestrian detection, it is considered to be out of the scope of this work. 
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 Thesis Objectives 

The main objectives of this thesis are: 

1) Study and review existing algorithms proposed to perform pedestrian detection in 

the literature. 

2) Propose a CNN based pedestrian detector that targets surveillance applications. 

3) Integrate the proposed CNN based pedestrian detector with a motion flow algorithm 

to extract and utilize the motion saliency information to improve the performance. 

4) Evaluate the performance post integrating the CNN based pedestrian detector with 

the motion flow algorithm to process surveillance videos. This will include reporting 

the detection accuracy, processing time, and any interesting and significant results. 

 Thesis Outline 

The remaining chapters of this thesis are structured as follows: In Chapter 2, the 

literature survey is reported. The chapter discusses, the performance metrics used to assess 

the pedestrian detectors, and the different motion flow algorithms and compare them. In 

addition, it will report and categorize the proposed algorithms for pedestrian detection in 

two categories: 1) classical pedestrian detectors, 2) CNN based pedestrian detectors. 

Finally, the two families of pedestrian detectors are compared and benchmarked. The 

proposed motion saliency based CNN pedestrian detectors and the training process are 

reported in Chapter 3. Chapter 4 summarizes the findings of this research project, discusses 

the results and states the limitations of the proposed detectors. Finally, Chapter 5 draws the 

conclusions of this work, and comments on the future work.  
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CHAPTER 2: LITERATURE REVIEW 

The pedestrian detection problem in the field of computer vision and image 

processing is not a new problem where several researchers have tackled this problem 

thoroughly [17, 18]. A typical pedestrian detector consists of three stages [19]. Figure 2.1 

summarizes the three stages of a typical pedestrian detector. The first stage is to propose 

bounding boxes that might contain pedestrians. These bounding boxes are also known as 

Regions of Interest (RoI). Afterwards in the second stage, the features of each proposed 

bounding box are extracted. Finally, classify all the proposed bounding boxes whether they 

contain a person or not using the extracted features. To perform these steps, several 

algorithms have been proposed. The main difference among them is the ability to extract 

more features that help in classifying the bounding boxes, and how these features are 

selected and classified [19]. 

This chapter is divided into five sections: Section 2.1 starts with the performance 

analysis and metrics used to benchmark pedestrian detection algorithms. Section 2.2 

reviews the motion flow algorithms. Section 2.3 reviews classical pedestrian detectors 

algorithms while Section 2.4 concentrates on the CNN based pedestrian detection 

algorithms. Section 2.5 compares between the two families of pedestrian detectors. 
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(a) The input image (b) The input image showing the 

proposed bounding boxes 

                
(c) Extracting the features of each 

proposed bounding box (e.g. HOG 

features) 

(d) Classifying the proposed bounding 

boxes and showing the final result 

(green means it is a person and red 

means it is not a person) 

Figure 2.1. Image processing stages in a typical pedestrian detection system 

 

 

 Performance Analysis 

In this section, how to evaluate the work and benchmark it against other proposed 

work in the literature is reported. This would allow a better understanding of the reported 

algorithms. Qualitative and quantitative evaluation methods have been reported. The 

qualitative evaluation is based on results’ visual inspection. However, the quantitative 
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evaluation depends on computing different metrics [12]. For the purpose of pedestrian 

detection, there are various metrics used including but not limited to: Receiver Operating 

Characteristic (ROC) curve, recall and precision, accuracy, and error rates [12, 20]. 

It is worth noting that there are two methods to calculate the performance evaluation 

metrics, based on individual pixels or bounding boxes. The first method is more likely to 

be used with background modelling based algorithms. The second method is used in case 

of the appearance learning based algorithms. In addition, the datasets ground truth data 

availability and format, algorithm implementation mechanism, and the benchmarking 

protocol used affects which method is used to benchmark the proposed algorithm. 

However, regardless of which method is used, the variation in the quantitative evaluation 

metric of the proposed algorithm would be minimal [12]. 

2.1.1 Receiver Operating Characteristic Curve 

The ROC curve is a plot that illustrates the performance of binary classifiers while 

varying the threshold of discrimination [21]. The plot consists of two quantities: True 

Positive Rate (TPR) and False Positive Rate (FPR). Equations 2.1 – 2.2 show how to 

calculate these two quantities. 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (2.1) 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 (2.2) 

; where 𝑇𝑃 and 𝐹𝑃 stand for true positive and false positive, respectively, whereas 

𝑇𝑁 and 𝐹𝑁 denote true negative and false negative, respectively. 
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To use this quantitative evaluation metric, it is assumed that the detection algorithm 

would take an image as an input and return a boundary box and its corresponding score of 

confidence for each detected person. Then, by using the generated boundary boxes and the 

ground truth boundary boxes of the dataset, the area of overlap between the boundary boxes 

and the area of their union are computed. Afterwards, the Intersection over Union (IoU) 

metric is used to determine if this detection was correct or not [20]. The IoU threshold was 

initially set by the PASCAL VOC criteria to be 50% [3]. In other words, if the IoU value 

is 50% or greater, it is considered a correct detection; otherwise, it is a false detection. 

Equation 2.3 summarizes the IoU metric [20]. 

𝐼𝑜𝑈 =
𝐴𝑟𝑒𝑎(𝐵𝐵𝐷 ∩ 𝐵𝐵𝑇)

𝐴𝑟𝑒𝑎(𝐵𝐵𝐷 ∪ 𝐵𝐵𝑇)
> 0.5 (2.3) 

; where 𝐵𝐵𝐷 corresponds to the detected boundary box and 𝐵𝐵𝑇 denotes the ground 

truth boundary box. 

In case there are unmatched 𝐵𝐵𝐷, they are counted as false positives, and in case 

there are unmatched 𝐵𝐵𝑇, they are counted as false negatives. Afterwards, to compare and 

benchmark the detectors, the Miss Rate (MR) is plotted against the False Positive Per 

Image (FPPI) on a log-log scale while varying the confidence threshold of detection [20]. 

As the confidence threshold reduces, the MR would decrease while the number of false 

positives increases. At the end, the detector is evaluated by finding the log-average MR. 

This is calculated based on averaging the MR of the detector at nine FPPI rates that are 

evenly spaced in the log scale in the range from 10−2 to 100 [20]. However, since for some 

detectors the curve might end before reaching the given FPPI rate, the minimum MR of the 

curve is used in that case [20]. The main target for this plot is to minimize the area under 
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the curve since it corresponds to the MR. 

Alternatively, if the pedestrian detector is based on binary classifiers, the MR could 

be found per window instead of per image. The plot in this case would be the MR against 

the False Positive Per Window (FPPW). This is usually used to benchmark the performance 

of different classifiers instead of detectors using positive and negative cropped windows 

[20]. In addition, it is used to evaluate different systems that generates RoI automatically 

[20]. It is worth noting that the performance evaluation would have different values when 

evaluated based on per window instead of per image. This is due several reasons including 

the fact that the tested RoIs are different in the per window case from the per image case 

[20]. Additionally, there are several factors selected when a classifier is being converted to 

a detector such as selecting the spatial strides, and the nonmaximal suppression to merge 

the nearby detections which affect the performance in the per image case [20]. However, 

it is assumed that having a better performance in the per window evaluation means having 

better performance in detection. 

Since the ultimate aim of pedestrian and crowd detectors is to localize the 

pedestrian and crowds in an image, the per image evaluation is usually used [20]. As stated 

earlier, the case where the per window is used does not consider the performance of the 

detection as it isolates and concentrates on the performance of the classifier. Therefore, the 

use of per image evaluation is not limited to the pedestrian detection problem, it is usually 

used for any object detection problem as it provides a satisfactory measure of the 

algorithm’s detection error [20]. 
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2.1.2 Recall and Precision 

The recall, also known as sensitivity, is the fraction of relevant instances that are 

successfully retrieved. On the other hand, precision is known as the positive predictive 

value and it is the fraction of the retrieved instances that are relevant [12, 21]. Based on 

these two quantities, an additional quantity known as the F-measure is calculated. The F-

measure is the harmonic mean of the recall and the precision. These quantities are 

calculated as illustrated by Equations 2.4 – 2.6 [21]. 

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (2.4) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2.5) 

𝐹𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =
2

1
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +

1
𝑅𝑒𝑐𝑎𝑙𝑙

 (2.6) 

The use of the recall and precision does not stop at this level. A curve known as the 

precision/recall curve is plotted to evaluate the object detectors in general for each class of 

objects [3]. The main idea of this curve is to define two parameters, the recall and the 

precision as follows. For a specific class, the recall is defined as the set of positive samples 

that satisfy a specific threshold where the precision is the set of the positive samples that 

belongs to the specified class and satisfy the same threshold [3]. Afterwards, a metric 

known as the Average Precision (AP) is found through averaging the precision at 11 recall 

values that are evenly spaced (0, 0.1, 0.2, … 1). Subsequently, the AP summarizes the 

whole precision/recall curve in just a one parameter. Therefore, to have a better 

performance in detection, it is required to have a precision at the different levels of recalls. 

The advantage of using the AP is its sensitivity and interpretability that visualize the 
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performance of the detection algorithm at different recall levels especially low values [3]. 

Now, in case the detector is designed for multi class objects (e.g. car, pedestrian, 

plane, etc.), there will be an AP for each class. Therefore, a new metric known as the mean 

Average Precision (mAP) is used which is basically the mean of the AP per class [3]. It is 

worth noting in the pedestrian detection problem, the AP and mAP would be equivalent 

since there is one class of objects. 

2.1.3 Accuracy 

The accuracy is calculated as shown in Equation 2.7 [12]. 

𝐴𝑐𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 (2.7) 

2.1.4 Error Rates 

There are several error rates calculated and used in the evaluation of crowd and 

pedestrian detection proposed algorithms [12]. The most used error quantities are the Mean 

Squared Error (MSE), the Root Mean Square Error (RMSE), and the Mean Relative Error 

(MRE) [12, 22]. To calculate these quantities, Equations 2.8 – 2.10 are used. 

𝑀𝑆𝐸 =
1

𝑛
∑(𝐷𝑖 − 𝑇𝑖)

2

𝑛

𝑖=1

 (2.8) 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 (2.9) 

𝑀𝑅𝐸 =
1

𝑛
∑

|𝐷𝑖 − 𝑇𝑖|

𝑇𝑖

𝑛

𝑖=1

 (2.10) 

; where 𝐷 is the estimated value, 𝑇 is the true value, and 𝑛 is the number of frames. 
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 Motion Flow Algorithms 

In visual analysis of crowds, motion flow algorithms are used for scene 

understanding or for surveillance purposes through modelling and visualizing the dynamics 

of the crowd in the scenes. These motion algorithms provide temporal information since 

the motion features are detected using consecutive frames [23]. There are three types of 

motion levels analyzed using such algorithms: (a) global, (b) local and (c) persistent motion 

levels [12]. (a) The global motion is called global since it uses all the pixels of the image 

to estimate the motion. One of its applications is the removal of the camera motion (motion 

compensation) to be able to concentrate on the motion of objects. To model global motion, 

parametric transformations are used. (b) Local motion is applied on blocks of the image 

instead of all the pixels at once. One of the main targets of this approach is to track 

individual targets where the information of these targets should be available beforehand. 

(c) The concept of persistent motion concentrates on the persistent and collective dynamics 

in a visual scene as it was introduced in [24]. Despite that the persistent motion algorithms 

have their own category, they depend on other global and local motion models to model 

the motion flow [12]. 

Since the main idea of this work is to enhance the detection of the pedestrians, the 

review of motion algorithms would be concentrating more on the local motion algorithms. 

The local motion algorithms are usually used to track individual targets as stated earlier 

which would help in enhancing the performance of the detection. 
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2.2.1 Optical Flow 

The optical flow motion algorithm is based on estimating the change of relative 

motion between an observer and the visual scene [12]. The detection in this algorithm is 

based on estimating the optical flow/velocity vectors for every pixel in the image so that 

motion in two consecutive frames is detected. Later, a clustering process based on the 

distribution of the flow vector field is used to have the complete movement information 

[25, 26]. This field characterizes the velocity of the moving edges, objects and surfaces in 

the visual scene and the direction of movement. Based on the magnitude of these vectors, 

it is easy to identify and segment the motion part of these two frames based on the zero/non-

zero vector field estimated earlier. This estimation could be accomplished in three-

dimensions in addition to time as the fourth dimension, however and for simplicity, it is 

usually mapped to a two-dimensional coordinate system and time is considered to be the 

third dimension [27]. It is worth noting that most of the optical flow algorithms are 

considered to be computationally slow and does not meet real-time processing speed [23, 

26].  

To use the optical flow algorithm, there are several constraints for the algorithm to 

estimate the flow vector field. The first constraint is known as brightness constancy where 

the brightness (intensity) of a point in the scene does not change despite that its location 

might change. In addition, it is assumed that the movement of a point between two 

consecutive frames is very small, which is known as spatial coherence. Equation 2.11 

shows the equations for these two constraints [27]. 
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𝐼(𝑥, 𝑦, 𝑡) = 𝐼(𝑥 + 𝛿𝑥, 𝑦 + 𝛿𝑦, 𝑡 + 𝛿𝑡) (2.11) 

; where 𝐼(𝑥, 𝑦, 𝑡) is the intensity of the pixel at the position (𝑥, 𝑦) at time instant 𝑡 

and 𝐼(𝑥 + 𝛿𝑥, 𝑦 + 𝛿𝑦, 𝑡 + 𝛿𝑡) is the intensity of the same pixel at the new near position 

(𝑥 + 𝛿𝑥, 𝑦 + 𝛿𝑦) at the time instant 𝑡 + 𝛿. 

To get the optical flow vector field, Taylor series is applied on the right hand side 

of Equation 2.11, and after neglecting the high order terms with additional simplifications, 

Equations 2.12 – 2.13 would be obtained where Equation 2.13 is equivalent to Equation 

2.12 but it is written using vector representation [27]. 

𝐼𝑥 ⋅ 𝑉𝑥 + 𝐼𝑦 ⋅ 𝑉𝑦 = −𝐼𝑡 (2.12) 

∇𝐼𝑇 ⋅ �⃗� = −𝐼𝑡 (2.13) 

; where 𝐼𝑥, 𝐼𝑦, and 𝐼𝑡 are the 𝑥, 𝑦, and time derivatives of the brightness intensity, 

respectively, ∇𝐼 is the spatial gradient of the brightness intensity, and �⃗�  is the velocity 

vector of the image pixel. 

Equation 2.13 is used to compute the optical flow and it is known as the two-

dimensional motion constraint equation or the gradient constraint equation. It is worth 

noting that ∇𝐼 and 𝐼𝑡 are easy to compute using the sequence of frames but the vector �⃗�  

cannot be computed without additional equations. The most used methods to solve this 

equation and obtain the velocity vector are known as Lucas-Kanade and Horn-Schunck 

[27]. 
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2.2.2 Background Subtraction 

Another approach used to extract the motion information from a sequence of frames 

captured by a static camera is known as background subtraction. It is one of the most basic 

and reliable methods used to perform moving object detection and foreground analysis in 

a sequence of frames. The idea of this approach is to construct a background model where 

the current frame is subtracted from the background model as shown in Equation 2.14. 

Then, by thresholding 𝐹(𝑡), the segmented foreground is acquired as shown in Equation 

2.15. The main drawback of this approach is that it is not able to handle dynamic 

background; hence, the camera should be static [12, 26]. 

𝐹𝑛 = 𝐼𝑛 − 𝐵 (2.14) 

𝐹𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑 = |𝐹𝑛| > 𝑇 = |𝐼𝑛 − 𝐵| > 𝑇 (2.15) 

; where 𝐼𝑛 is the current frame, 𝐵 is the background model, 𝐹𝑛 is the image that 

shows the pixels of frame 𝐼𝑛 that experienced a change in its intensity level from the 

background model 𝐵, and 𝑇 is the threshold level. 

According to [28], there are several techniques to implement the background 

subtraction algorithm where the main difference among them is how the background model 

is constructed. The techniques include direct differencing, mean or median filtering, 

temporal median filter, Gaussian Mixture Model (GMM), and kernel density estimation. 

However, the use of GMM in crowd analysis have been dominating [12]. 
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2.2.3 Frame Differencing 

The frame differencing algorithm is very simple where the previous frame is 

subtracted from the current frame. The computations of this algorithm is very simple as 

shown in Equations 2.16 – 2.17 [26]. Similar to the background subtraction algorithm, a 

threshold might be used to detect the foreground of the scene and filter the difference of 

the two consecutive frames (Equation 2.17). The main drawback of this algorithm is its 

poor ability to detect the contour of the objects detected in the foreground which reduces 

the object detection accuracy [26]. 

𝐹𝑛 = 𝐼𝑛 − 𝐼𝑛−1 (2.16) 

𝐹𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑 = |𝐹𝑛| > 𝑇 = |𝐼𝑛 − 𝐼𝑛−1| > 𝑇 (2.17) 

; where 𝐼𝑛 is the current frame, 𝐼𝑛−1 is the previous frame, 𝐹𝑛 is the image that 

shows the pixels of frame 𝐼𝑛 that experienced a change in its intensity level from the 

previous frame 𝐼𝑛−1, and 𝑇 is the threshold level. 

2.2.4 Comparison of Motion Flow Algorithms 

As stated earlier, these three different motion detection algorithms have various 

advantages and disadvantages. Table 2.1 summarizes these points for the aforementioned 

algorithms based on the reported work in [25, 26]. 
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Table 2.1 Comparison Between the Different Motion Flow Algorithms  

Algorithm Accuracy Computational 

Time 

Comments 

Optical Flow Moderate High ▪ Complex computations and requires 

more memory 

▪ Not preferred for real-time 

processing 

▪ Very sensitive to noise 

▪ Provides complete movement 

information 

▪ Can handle dynamic backgrounds 

Background 

Subtraction 

Moderate Moderate ▪ Simpler computations and requires 

lower memory 

▪ Might require a buffer to store recent 

pixel values based on the used 

technique (e.g. median) 

▪ Cannot handle dynamic background 

Frame 

Differencing 

High Low to 

Moderate 
▪ The simplest algorithm 

▪ Requires a background frame at the 

initial step 

▪ Suffers from noise  

▪ Difficult to obtain accurate outline of 

moving objects 

▪ Can process low resolution videos 

▪ Can adapt with dynamic background 
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 Classical Pedestrian Detectors 

The techniques used in pedestrian detection are basically derived from the state-of-

the-art algorithms proposed in the field of computer vision for multiple target tracking. In 

addition, the use of motion detection techniques is also common in this application [12]. 

In this section, different algorithms are discussed where they depend on different hand 

crafted features and not on CNNs. 

2.3.1 Histogram of Oriented Gradients Features Based Pedestrian Detectors 

The work in [29] proposed and implemented a pedestrian detector on a Field 

Programable Gate Arrays (FPGA) and GPU. The algorithm is based on two stages, the first 

stage is where background subtraction and foreground analysis are used to propose RoIs 

based on geometric features. Afterwards, HOG features are extracted and a kernel SVM 

classifier are used to categorize the proposed RoIs earlier into two classes: pedestrian or 

non-pedestrian. The advantage of using a kernel SVM is the ability to find non-linear 

decision boundaries through performing linear separation in a high dimensional feature 

space. The implemented kernel SVM utilizes a Gaussian kernel function. The final 

implementation of the system takes less than 100 ms to process 1000 windows, processing 

around 10 Frames Per Second (FPS). The system was tested using the INRIA [30] dataset 

where it showed a similar performance to the proposed algorithm in [30]. In addition, an 

outdoor experiment was conducted to verify the performance of the proposed algorithm. 

Figure 2.2 shows the experimental setup and some examples of the detection results. The 

results from the outdoor experiment reported an accuracy of 95.4% per frame. 
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(a) The outdoor setup of the 

experiment 

(b)  Samples of the detected pedestrians from 

the images of the outdoor experiment 

Figure 2.2. The outdoor experiment setup and examples for the proposed algorithm in [29] 

 

 

Furthermore, the work in [22] approached the pedestrian detection problem through 

combining appearance and motion algorithms (two are appearance based and one motion 

based algorithms). The outputs of the algorithms are combined to enhance the performance 

of pedestrian and crowd detection further. The first appearance algorithm performs head 

detection. Both HOG and Local Binary Patterns (LBP) features are used in addition to the 

multiple kernel learning classifier. The second appearance algorithm performs upright 

person detection through utilizing HOG features and an SVM classifier. The two 

appearance algorithms were originally proposed in [30, 31]. On the other hand, the 

proposed motion detection algorithm depends on the Dynamic Texture based Gaussian 

Mixture Model (DT-GMM). Afterwards, the initial motion detection results are used to 

enhance the performance of the head and upright person detectors. This would reflect back 

on the final results where the individuals of the crowd are localized and detected accurately. 

This approach does not improve only detection accuracy, but also reduce the false 

detections that has been found in the initial steps. The work used three video sequences 

from the PETS2009 [32] dataset to test the proposed approach. The MREs of the video 
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sequence S1_L2_14-06, which contains highly dense crowd moving under significant 

occlusion, were found to be 9.64% and 6.25% for the head and upright person detectors, 

respectively. For another video sequence, S2_L2_14-55 where it contains movement of 

sparse moderate density crowd under varying lighting conditions, the MREs were found to 

be 10.17% and 1.61% for the aforementioned detectors, respectively. 

2.3.2 Informed Haar-Like Features Based Pedestrian Detector 

The proposed algorithm in [17] is based on multi-modal and multi-channel 

Informed Haar-like features. The use of such features allowed the algorithm to identify the 

characteristics of the human body parts’ while being robust to changes in clothing and 

environmental settings. Binary and ternary modalities are the two template modalities used 

for the Haar-like features. The use of the ternary modality is to have the ability of 

representing more complex features of the pedestrians’ silhouette through representing its 

corner regions. The features found are based on ten channels (three channels for the LUV 

colors, one channel for the gradient magnitude information, and six channels for HOG). 

These channels are found to be the most informative channels in [33] and was used in [34]. 

The use of color and gradient features provided the ability to overcome the variations in 

clothing. The algorithm used an AdaBoost classifier with a 2000 weak classifiers. The 

INRIA and Caltech [20] datasets have been used to benchmark the system. Reported results 

showed that the log-average MR for the INRIA and Caltech datasets are 14.43% and 

34.60%, respectively. 
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2.3.3 Body-Parts Pedestrian Detectors 

The researchers in [35] proposed a density aware people detector, using the 

proposed regression based density estimator in [36]. The approach implemented does not 

depend on the full body of a pedestrian. Instead, it uses part of the body, the head region, 

to detect a pedestrian which improved the immunity of the algorithm to occlusions. In 

addition, the algorithm roughly estimates the viewpoint of the camera. This improves the 

result through identifying the constraints on the size of a pedestrian in the image. To train 

and test the algorithm, the researchers have used videos from the Internet besides their own 

collected dataset. The detector training was accomplished through using manually 

annotated images with both positive and negative samples for the head regions. The 

negative samples were created using the same training images, where the overlap with the 

positive samples is minimal. The detection AP values reported for 1 pedestrian in 4 𝑚2 

was 72% where it decreased to reach around 48% for 9 pedestrians in 4 𝑚2. 

Similarly, the work in [37] uses parts of the body to detect pedestrians. The 

followed approach consists of two-layers. The first layer is based on the model proposed 

in [38] where it utilizes a deformable template to represent part and global appearances. 

The second layer uses a mixture model that takes the part scores and the appearance as 

features to model the pedestrians and handle the occlusions. To train and test the proposed 

approach, the PETS2009 and the UCSD crowd [39] datasets were used. From the 

PETS2009, the S1_L2 sequence, which contains highly dense crowd, was used for training. 

The two sequences S2_L2 and S2_L3 were used to test the algorithm. The sequence S2_L2 

contains a medium density crowd where the sequence S2_L3 contains a high density 
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crowd. The reported AP on the two sequences were 75.5% and 65.5%, respectively. From 

the UCSD, the sequence S1 was used for training where the sequence S2 was used for 

testing. The reported AP is 68.3%. It is worth noting that the sequences from the UCSD 

dataset were manually annotated by the researchers. 

2.3.4 Combined Pedestrian Detector 

Pedestrian detectors that utilize different algorithms to detect pedestrians based on 

specific criteria are categorized in this report as combined pedestrian detectors. For 

example, for every video setting, there is a specified algorithm to detect the pedestrians. 

The work presented in [40] performs visual analysis of small groups in pedestrian 

crowds. Two algorithms are proposed based on the elevation angle of the captured videos. 

In case the videos are captured from a high elevation angle, the pedestrians are detected 

through implementing a Reversible Jump Markov Chain Monte Carlo (RJMCMC) as 

shown in Figure 2.3.a. This is used to process the binary segmentation produced by the 

adaptive background subtraction. However, if the videos are of high resolution, the 

pedestrians are detected based on HOG features as proposed in [30]. Figure 2.3.b shows an 

example of the high resolution images with low elevation angle. The HOG features are 

calculated on the output of a background subtraction mask that helps in detecting moving 

pedestrians while suppressing the gradients in the regions where it is most likely have no 

pedestrians. This allowed to reduce the false positives in such regions. To test this work, 

the researchers have collected their own dataset and created its ground truth data. The 

reported accuracy of the detection algorithm on the collected dataset was 96%.   
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(a) A sample of pedestrian detection from 

a high elevation angle using 

RJMCMC 

(b) A sample of pedestrian detection from 

a low elevation angle using RJMCMC 

Figure 2.3. Examples from the pedestrian detection algorithms implemented in [40] 

 

 

2.3.5 Aggregated Channel Features Based Pedestrian Detector 

The work in [41] proposes the Aggregated Channel Features (ACF) pedestrian 

detector. Based on [33] and similar to [17, 34], the algorithm uses the same ten channels. 

Then, the fast feature pyramid is computed based on an efficient method. The efficient 

method computes the pyramid of features based on one scale per octave. An octave is the 

interval between two scales where one of them is the double of the other. The features at 

the intermediate scales are found from the features of the nearest scale per octave. Hence, 

the speed of computation increases while the accuracy is slightly affected. To perform 

pedestrian detection, a decision tree is used where it was trained and combined using 

AdaBoost. The ACF algorithm processes 32 FPS using the fast feature pyramid features 

and it would drop to 12 FPS when the exact feature pyramids are calculated, which is not 
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suitable for real-time processing. The proposed ACF pedestrian detector was tested using 

four different datasets: INRIA, Caltech, TUD-Brussels [42], and ETH [43]. The accuracy 

of the proposed ACF pedestrian detector among the four sets was found by using the log-

average MR between 10−2 and 100 FPPI. The average of the log-average MR among the 

four datasets was found to be 40% when the exact feature pyramid is computed and 41% 

when the fast feature pyramid is computed. 

2.3.6 Locally Decorrelated Channel Features Based Pedestrian Detector 

Afterwards, the work presented in [44] concentrated on improving the performance 

of boosted detectors such as the ACF pedestrian detector [41]. Despite the evolution of 

these boosted detectors, the use of orthogonal decision trees (decisions are based on single 

feature splits) is still the most popular. The main reason behind this dominance is their 

simplicity and high efficiency. For example, using oblique decision trees (decision are 

based on multiple feature splits) increases the computational cost of training and testing. 

Yet, they demonstrated effectiveness in processing high dimensional data with correlated 

features [44, 45].  

However, the work presented in [46] inspired the idea of decorrelating the channel 

features used to detect pedestrians (or objects in general) before applying an orthogonal 

decision tree algorithm. This is critical since orthogonal decision trees do not perform well 

while processing high dimensional data with highly correlated features [44]. Thus, the 

proposed algorithm would avoid the use of oblique decision trees. Initial tests in [44] have 

shown that the use of decorrelation filters with orthogonal decision trees outperforms the 

oblique decision trees. 
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Subsequently, the ACF detector was modified by applying four decorrelation linear 

filters per channel to the 10 channels of the ACF detector. Hence, the total number of 

locally decorrelated channel features is 40. Then, to simplify the computations and 

maintain similar efficiency to the ACF detector, the 40 channel features are downsampled 

by a factor of 2. This downsampling reduces the size of the 40 channel features to an 

equivalent size of the 10 original channel features while having minimal impact on the 

results. It is worth noting that the implementation of the decorrelating filters is the only 

addition to the ACF detector. Hence, the new detector has been called the Locally 

Decorrelated Channel Filters (LDCF) pedestrian detector. After testing the LDCF detector 

on the INRIA and the Caltech pedestrian datasets, the log-average MR is found to be 14% 

and 25%, respectively. 

 CNN Based Pedestrian Detectors 

When the CNN object detectors are studied, the family of Regional-based 

Convolutional Neural Network (R-CNN) cannot be ignored. This is due to the performance 

of the Faster R-CNN where it achieved the best results on the object detection challenges 

such as PASCAL VOC [47] and Microsoft Common Objects in COntext (MS COCO) [48] 

[49]. Even though the family of R-CNN networks were proposed to perform multi-class 

object detection, they can be finetuned to perform specific class object detection. 

Therefore, the family of the R-CNN are reported in this section to understand their main 

building blocks and evolution. 
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2.4.1 Regional-based CNN  

The development of the R-CNN started in [50] where it boosted the performance 

of object detection from 35.1% mAP for the work in [51] to 53.7% on the PASCAL VOC 

2010. The proposed architecture for the R-CNN is shown in Figure 2.4. Selective search is 

used to generate class independent region proposals. Selective search was used to propose 

RoI for the purpose of comparing the proposed R-CNN with the state-of-the-art algorithms 

at that time as they used selective search. Afterwards, AlexNet [6] was used to generate a 

4096 dimensional feature vector for each of the proposed regions. At the end, linear SVMs 

are used to classify the detected objects. To process one image on a GPU, it takes around 

23 seconds, which might vary based on the class of the object being detected. 

 

 

 

Figure 2.4. The proposed architecture of the R-CNN [50]  
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2.4.2 Fast R-CNN 

The work of R-CNN did not stop at this step where another approach called Fast 

R-CNN was proposed in [52]. The proposed architecture of the Fast R-CNN is shown in 

Figure 2.5. The proposed network processes the input image to extract a feature map using 

several convolutional layers from the VGG-16 network [53]. Afterwards, the RoI pooling 

layer extracts a feature vector from the feature map that has a fixed length for each object 

proposal in the image. The extracted vector is then processed by the Fully Connected (FC) 

layers. At the end, two output layers are used to detect the class of the object using a 

softmax layer and the refined bounding box is regressed by the bounding box regressor 

layer. The reported mAP for the PASCAL VOC 2010 was 66.1% where the mAP for the 

PASCAL VOC 2012 was 65.7%. It takes around 0.32 seconds to process one image using 

the Nvidia K40 GPU where it takes 47 seconds for the R-CNN to process one image on 

the same GPU as reported in [52]. 

 

 

 

Figure 2.5. The proposed architecture of the Fast R-CNN [52] 
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2.4.3 Faster R-CNN Pedestrian Detector 

The work in [54] has further enhanced the performance by proposing the Faster R-

CNN architecture shown in Figure 2.6. The proposed architecture consists of two networks. 

The first network is the Region Proposal Network (RPN) which is a Fully Convolutional 

Network (FCN). It takes an input image and proposes boundary boxes and their 

corresponding confidence score. This is accomplished through sliding a window on the 

input image. Then anchors of different sizes and scales are used to propose regions inside 

the sliding window. The different sizes and scales anchors are used to address the problem 

of multi-scale and several aspect ratios. The proposed RPN uses nine anchors that have 

three different sizes and three different scales. The second network is the Fast R-CNN 

detector proposed in [52]. The contribution of this work lies in the idea that both RPN and 

Fast R-CNN networks share several convolutional layers to make it more efficient. 

However, this would complicate the training process of the Faster R-CNN network as each 

network will modify the shared convolutional layer differently. 

The Faster R-CNN mAP testing results on the PASCAL VOC 2007 and 2012 were 

reported to be 78.8% and 75.9%, respectively. It is found that the implementation of the 

Faster R-CNN (based on VGG-16) on the Nvidia K40 GPU takes 0.2 seconds to process 

one image. However, if the implementation was based on the ZFNet [7], it takes 

approximately 0.06 seconds to process one image. In other words, it is capable of 

processing 5 or 17 FPS depending on which CNN is used. This made the Faster R-CNN 

implementation one step closer to the real-time processing assuming that a camera takes 

25 FPS which translates to processing each frame or image in 0.04 seconds (or 40 

milliseconds). 
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Figure 2.6. The proposed architecture of the Faster R-CNN [54] 

 

 

After the proposal of Faster R-CNN, the researchers in [55] implemented a 

pedestrian detector using the Faster R-CNN architecture. The reported log-average MR on 

the Caltech dataset was 20.2%. This MR would drop to 16.2% in case the ‘atrous 

convolution’ presented in [56] is used. On the other hand, the work also implements a RPN 

only to perform pedestrian detection where it demonstrated better performance as the log-

average MR decreased to reach 14.9%. Furthermore, the log-average MR decreases further 

in case the RPN and R-CNN networks are combined to reach 13.1%.  

Therefore and after these findings, the researchers in [55] investigated why Faster 

R-CNN has an outstanding performance in multi-class object detection problems while its 

performance is not at the same level in pedestrians detection. Furthermore and as stated 

earlier, it was found that the performance of the RPN as a pedestrian detector is better than 
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the Faster R-CNN as a standalone pedestrian detector. The accuracy loss in Fast R-CNN is 

due to its classifier. The first reason for the degradation in accuracy is the size of the objects 

to be detected. The size of the pedestrian instances is small and with the use of a pooling 

layer, the extracted low resolution feature map is found to be not discriminative which 

cause the reduction in accuracy of the Fast R-CNN classifier. In addition, most of the false 

detections are usually due to the hard background instances, which causes the Faster R-

CNN pedestrian detector to suffer. 

2.4.4 Regional Proposal Network – Boosted Forest Pedestrian Detector 

Subsequently, the researchers in [55] proposed the RPN-Boosted Forest (RPN-BF) 

architecture shown in Figure 2.7. It addresses the first point through using the crafted 

features at the RPN’s first layers where the resolution is high to increase the size of the 

feature map. In addition, it utilizes a cascaded BF to classify the proposed bounding boxes 

by the RPN. The use of BF improves the ability to classify hard negative background 

instances that are proposed by the RPN. The proposed architecture depends on the deep 

features extracted by the RPN and uses the BF for classification. As a result, it is considered 

more computational efficient and it overcomes the older algorithms that depend on hand 

crafted features and BF. 

The implemented RPN is based on the VGG-16 network that is pretrained on the 

IMAGENET dataset. Since the proposed RPN aims to detect pedestrians only, the 

modifications applied in [57] were respected. The aspect ratio of the nine anchors used 

have been fixed to a single aspect ratio of 0.41 (width/height). This ratio is used since it is 

found to be the average aspect ratio of the pedestrians [57]. Thus, the RPN proposes 
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bounding boxes and their corresponding confidence scores which are passed to the BF in 

addition to the extracted features.  

 

 

 

Figure 2.7. The proposed architecture of the RPN-BF [55] 

 

 

The cascaded BF is trained using the outputs of the RPN (proposed regions, 

confidence scores, and features). The hyper-parameters are set according to [58] and the 

RealBoost algorithm is used in training [59]. The BF processes the proposed bounding 

boxes in a biased fashion where the produced score by the RPN is used as an initial score.  

The RPN-BF testing was accomplished among four datasets: Caltech, INRIA, 

ETH, and KITTI [60]. The log-average MR reported for the Caltech dataset is 9.6% where 

it took 0.5 seconds to process one image (2 FPS) on the Nvidia Tesla K40 GPU. The 

reported log-average MR for the INRIA and ETH datasets were 6.9% and 30.2%, 

respectively. For the KITTI dataset, the reported mAP on moderate was 61.15%.  
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2.4.5 The HyperLearner Pedestrian Detector 

Another pedestrian detector architecture is proposed in [18]. It is known as 

HyperLearner. It is based on integrating channel features into the CNN based pedestrian 

detector. The work tested three different group of channels to be integrated to improve the 

performance: apparent-to-semantic channels, temporal channels, and depth channels.  

The apparent-to-semantic channels include in addition to the same ten channels 

used in [17, 34], the edge, the segmentation, and the heatmap channels. The edge channel 

is extracted using the holistically-nested edge detection network proposed in [61], where a 

FCN generates the segmentation channel which is blurred to create the heatmap channel. 

For the temporal channels, optical flow is used to extract temporal features through using 

the consecutive frames of a video. However, the depth channels are generated using the 

employed depth sensors to create depth information. It is worth noting that edge and 

semantic segmentation channel features demonstrated more promising results when 

integrated with the CNN based pedestrian detector. 

The proposed HyperLearner consists of four networks as shown in Figure 2.8. First, 

the input image is fed to the body network, a modified VGG-16 network pretrained on 

IMAGENET, to generate the aggregated activation maps. Later, a Channel Feature 

Network (CFN), which is a FCN, predicts the channel feature map through processing the 

aggregated activation maps. Afterwards, the proposed Faster R-CNN (RPN and Fast R-

CNN) in [54] are used to propose RoI and perform pedestrian detection.  
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Figure 2.8: The proposed HyperLearner pedestrian detector [18] 

 

 

To train the proposed HyperLearner, four stages are required. In the first stage, only 

the CFN is trained while fixing the body network (since it is a pretrained VGG-16 network). 

Then, the RPN is trained while fixing both the body network and the CFN. In the third 

stage, the body network, the CFN, and RPN are fixed while the Faster R-CNN network is 

trained. However, in the fourth stage, all the networks are trained.  

To evaluate the HyperLearner, the following three datasets were used: KITTI, 

Cityscapes [62], and Caltech datasets. On the KITTI dataset, integrating the edge channel 

boosted the results slightly higher than the segmentation features to reach a mAP of 71.51% 

on moderate. For the Cityscapes dataset, the AP reported was 87.67% for the 720p frames 

resolution. Furthermore, the log-average MR reported for the Caltech dataset (based on the 

new annotations) was 5.5%. The proposed network implementation using a single Nvidia 

TITAN X takes 0.25 seconds to process one 720p frame which is equivalent to 4 FPS. 



  
   

38 

 

2.4.6 Simultaneous Detection and Segmentation R-CNN Pedestrian Detector 

Another work that investigated the impact of using semantic segmentation on the 

pedestrian detection problem was reported in [63]. The proposed algorithm allows joint 

learning on semantic segmentation and pedestrian detection while having limited or 

minimal impact on the network. Hence, the proposed architecture is known as 

Simultaneous Detection and Segmentation R-CNN (SDS-R-CNN) and it is shown in 

Figure 2.9. It contains two networks: a RPN and Binary Classification Network (BCN). 

The contribution in the architecture lies in the semantic segmentation infusion layer. This 

shall generate feature maps based on semantic masks which improve the ability to perform 

pedestrian classification. 

 

 

 

Figure 2.9: The proposed SDS-R-CNN pedestrian detector [63] 
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The RPN implemented is the same one proposed in the work of [54] where the same 

modifications suggested in the work of [55] has been followed. The RPN is based on the 

VGG-16 network pretrained on IMAGENET. The BCN is used to classify the proposals 

of the RPN and refine their scores. Another VGG-16 network is used in the BCN to avoid 

performance degradation in the pedestrian detection capability as shown in [55]. This 

would reduce the efficiency of the proposed algorithm as the computations will be 

calculated twice. However, the advantage would be the ability to detect the hard samples 

passed by the RPN. In addition, shared networks usually provide similar scores which is 

not helpful when the networks are fused. 

The SDS-R-CNN evaluation used Caltech and KITTI datasets. The log-average 

MR reported for the Caltech dataset is 7.36% where the reported mAP on moderate for the 

KITTI dataset is 63.05%. The network takes 0.21 seconds (4.76 FPS) to process one frame 

of resolution 960 × 720 using a single Nvidia TITAN X. 

 Comparison and Overview of the Pedestrian Detectors in the Literature 

Table 2.2 and Table 2.3 summarize the two categories of algorithms stated in the 

literature earlier. In general, it is clear that most of the classical algorithms does not process 

the raw input image. However, these algorithms extract specific features from the input 

images and process the extracted features to perform pedestrian detection such as the 10 

channels used by the ACF detector. However, the CNN based algorithms take the input 

image and extract deep convolutional features. The extracted features are selected through 

the supervised learning of the networks. Thus, the CNN based algorithms have clearly 
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outperformed the classical algorithms as they are using more optimal features to 

discriminate the contents of the images. 

All in all, the performance gain in the CNN based algorithms over the classical 

algorithms came with the price of higher processing time. Even though using shallower 

CNN reduced the time, the performance was affected while not satisfying the real-time 

requirement as well. In addition, it could be noticed that after the proposal of the Faster R-

CNN, the proposed CNN based pedestrian detection are using more than raw images to 

extract the features and detect pedestrians. For example, the HyperLearner best 

performance was accomplished when the edge and semantic segmentation channel features 

were integrated in the process of pedestrian detection. Similarly, the SDS-R-CNN utilized 

the semantic masks to boost the performance. These additional features are extracted 

through adding more layers or even networks to the proposed pedestrian detector. As a 

result, the processing time of the detector increased. 

However, what if such additional features could be extracted using simpler 

algorithms. In fact, the idea of this work is inspired from the work presented in [22], and 

the review reported in [55]. As stated earlier that there are two reasons for the accuracy of 

a Faster R-CNN network to drop, where the second reason stated that the drop is related to 

the hard background instances detected as pedestrians. However, and since the application 

targeted in this work is visual surveillance, the effect of this limitation on the proposed 

pedestrian detector could be minimized if not completely eliminated. This could be 

accomplished through utilizing a similar idea to the one reported in [22]. The use of a 

motion flow algorithm to detect initial RoI in the images before performing pedestrian 

detection will provide an idea of where the people could be located in the image. Therefore, 
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any detections of hard background instances could be corrected through using the motion 

flow RoI. Yet, it is worth noting that this approach might introduce additional constraints 

and limitations to the proposed detector depending on the selected motion flow algorithm, 

and the method of integrating the motion flow information in the detection process. 
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Table 2.2 Summary of the Classical Image Processing Pedestrian Detectors Proposed in 

the Literature  

Algorithms Features Dataset Performance 

Metric 

Performance 

Measure 

Processing 

Speed [FPS] 

[40] RJMCMC (or) 

HOG 

Own dataset Accuracy 96% - 

[35] Parts of the Body 

(Head Region) 

Own dataset + 

Internet Videos 

AP 48% - 72% - 

[37] Deformable Template PETS2009 AP 65.5% - 75.5% - 

UCSD Crowd 68.3% 

[29] Background 

Subtraction + HOG 

INRIA - - ~10 

Own dataset Accuracy 95.4% 

[17] Informed Haar INRIA Log-average 

Miss Rate 

14.43% - 

Caltech 34.60% 

[22] HOG + LBP + DT-

GMM 

(Head Detector) 

PETS2009 MRE 9.64% - 

10.17% 

- 

HOG + DT-GMM 

(Pedestrian Detector) 

6.25% - 1.61% 

[41] ACF - Fast Feature 

Pyramid 

INRIA Log-average 

MR 

17% 32 

Caltech 45% 

TUD-Brussels 52% 

ETH 51% 

ACF - Exact Feature 

Pyramid 

INRIA Log-average 

MR 

17% 12 

Caltech 43% 

TUD-Brussels 50% 

ETH 50% 

[44] LDCF INRIA Log-average 

MR 

14% - 

Caltech 25% 
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Table 2.3 Summary of the CNN Based Pedestrian Detectors Proposed in the Literature  

Algorithms CNN Architecture Dataset Performance 

Metric 

Performance 

Measure 

Processing 

Speed [FPS] 

[55] Faster R-CNN Caltech Log-average 

MR 

20.2% - 

Faster R-CNN 

(atrous convolution) 

Caltech 16.2% - 

RPN Caltech 14.9% - 

RPN + R-CNN Caltech 13.1% - 

RPN + BF Caltech 9.6% 2 

Caltech (new 

annotations) 

7.3% 

INRIA 6.9% 

ETH 30.2% 

KITTI 

(moderate) 

mAP 61.15% 

[18] HyperLearner Caltech (new 

annotations) 

Log-average 

MR 

5.5% 4 

Cityscapes AP 87.67% 

KITTI 

(moderate) 

mAP 71.51% 

[63] SDS-R-CNN Caltech Log-average 

MR 

7.36% ~4 

KITTI 

(moderate) 

mAP 63.05% 
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CHAPTER 3: PROPOSED MOTION SALIENCY AIDED CNN PEDESTRIAN 

DETECTOR 

In this chapter, the design of the proposed Motion Saliency Aided CNN pedestrian 

detector is reported. Section 3.1 shows an overview of the proposed motion saliency aided 

pedestrian detector. Section 3.2 discusses the hardware and software setup used in this 

study to implement the algorithms developed. Sections 3.3 reports the proposed motion 

flow algorithm and Section 3.4 discusses the proposed CNN pedestrian detector. 

 An Overview of the Motion Saliency Aided Faster R-CNN Pedestrian 

Detector  

As stated earlier that the main aim of this work is to investigate the potential 

improvement of the performance of a CNN based pedestrian detector after integrating it 

with a motion flow algorithm. Thus, one of the key points investigated in this work is how 

the motion saliency information could be used to enhance the performance. A typical CNN 

based pedestrian detector takes the raw image as input and process it to detect the 

pedestrians. However, in this work, this will be slightly modified to integrate the motion 

information. In this work, two methods of motion integration are used. The first approach 

integrates the motion information in a pre-processing stage; where a sequence of frames is 

processed to perform motion analysis and mask the raw image before processing it by the 

Faster R-CNN detector as illustrated in the block diagram in Figure 3.1. Hence, this 

approach is called Motion Masked Faster R-CNN (MM Faster R-CNN) pedestrian 

detector. On the other hand, the second approach integrates the motion information after 
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processing the image using the Faster R-CNN pedestrian detector. Hence, the detection 

results are corrected based on the motion information at a post-processing stage as shown 

in Figure 3.2. Therefore, this approach is called Motion Corrected Faster R-CNN (MC 

Faster R-CNN) pedestrian detector. The choice of the Faster R-CNN architecture to 

perform pedestrian detection is discussed later in Section 3.4. 

 

 

 

Figure 3.1. The block diagram of the MM Faster R-CNN pedestrian detector 

 

Figure 3.2. The block diagram of the MC Faster R-CNN pedestrian detector 
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 Hardware and Software Setup 

In this work, the proposed algorithms are developed on the Dell XPS 9560. The 

laptop is running Microsoft Windows 10 Operating System, on an Intel Core i7 7700HQ 

processor, 16 GB of RAM, and a 4 GB GDDR5 Nvidia GeForce GTX 1050 (640 CUDA 

core, memory bandwidth of 112 GB/s) [64, 65]. In addition, a 12 GB GDDR5X Nvidia 

TITAN Xp (3840 CUDA core, memory bandwidth of 547.7 GB/s) is connected as an 

external Graphical Processing Unit (eGPU) through the USB-Type C Thunderbolt 3 

connection. It is worth noting that the Dell XPS 9560 Thunderbolt 3 port utilizes 2 lanes 

of Peripheral Component Interconnect Express Generation 3.0 (PCIe 3.0) instead of a 

typical Thunderbolt 3 which utilize 4 lanes. This limits the bandwidth of the connection to 

20 Gbps instead of 40 Gbps [64]. To develop, train, implement and test the algorithms, 

MathWorks MATLAB software environment is used since the author is familiar with the 

software package. Figure 3.3 summaries the hardware and software systems used. 

 

 

Nvidia Titan Xp

12 GB GDDR5X

Sonnet eGPU

Breakaway Box Thunderbolt 3.0 – Type-C

20 Gbps Dell XPS 9560

Intel Core i7 7700HQ

16 GB RAM

4GB GDDR5 Nvidia 

GeForce GTX 1050

MathWorks

MATLAB

 

Figure 3.3. The hardware and software setup used in this work 
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 Proposed Motion Flow Algorithm 

As reported in the literature review section, there are several motion flow 

algorithms used to detect the moving objects and perform foreground analysis in frame 

sequences or videos. In this work, the aim of using the motion flow algorithm is to perform 

foreground extraction and region detection to perform holistic crowd representation. This 

is based on the assumption that pedestrians do not stand still completely in the scene which 

indicates that people are in this part of the image. Based on the literature, the most common 

algorithm used in visual analysis of crowds is based on background subtraction and GMM, 

due to its reliability and high processing speed [12]. Yet, that does not mean this is the best 

algorithm in terms of performance. Actually, some algorithms might provide better motion 

information such as optical flow [27]; however, the computational cost of such algorithms 

increases the processing time and complicates the system further while having minimal or 

no impact on the result required in this work.  

The use of GMM to implement background subtraction is to use K Gaussian 

distributions to model each pixel in the background. The number K is selected to be a small 

number and it is assumed that the different Gaussians are used to represent different colors. 

Thus, each pixel in the scene is modelled using the mixture of K Gaussian distributions, 

and the probability of having a pixel with a certain value 𝑋𝑛 is shown in Equation 3.1 [66]. 

𝑝(𝑋𝑛) = ∑𝜔𝑖 ⋅ 𝜂(𝑋𝑛, 𝜇𝑖 , Σ𝑖)

𝐾

𝑖=1

 (3.1) 

; where 𝜔𝑖 is the estimated weight of the 𝑖th Gaussian distribution, 𝜇𝑖 is the mean 

of the 𝑖th Gaussian distribution, Σ𝑖 is the covariance matrix, and 𝜂 is the Gaussian 
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probability density function as shown in Equation 3.2: 

𝜂(𝑋𝑛, 𝜇𝑖, Σ𝑖) =
1

(2 ⋅ 𝜋)
𝑛
2 ⋅ |Σ|

1
2  

𝑒
(−

1
2
(𝑋𝑛−𝜇𝑖)

𝑇Σ−1(𝑋𝑛−𝜇𝑖))
 (3.2) 

 

Figure 3.4 illustrates the proposed motion flow algorithm. First, background 

subtraction using GMM is applied to the input sequence of frames to detect the foreground. 

Afterwards, the detected foreground is filtered using morphological operations. This will 

remove any small regions where motion has been detected. At the end, blob analysis is 

applied to detect the moving objects in the scene as shown in the figure. 

 

 

 

Figure 3.4. The block diagram of the proposed motion flow algorithm 
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 Proposed Faster R-CNN Based Pedestrian Detector 

As reported in the literature, there are several CNNs proposed to perform pedestrian 

detection. Some of these detectors process the raw images to perform pedestrian detection 

where other detectors process the raw images using additional convolutional layers to 

extract additional feature channels such as the HyperLearner [18, 63]. This step of 

extracting additional feature channels enhanced the proposed CNNs performance while its 

processing speed decreased. However, in this work, the aim is to avoid using these 

additional convolutional layers and use a motion flow algorithm to enhance the 

performance while having minimal impact on the processing speed. Therefore, the Faster 

R-CNN architecture is used in this work to perform pedestrian detection since it is the 

current state-of-the-art in object detection and it is one of the fastest CNNs [49]. 

To be able to use the Faster R-CNN as a pedestrian detector, it is required to build 

the network and finetune it. First, to create the Faster R-CNN, it is required to have a 

classification network that is used to extract convolutional features from the raw image. 

These features then are used by the RPN to generate the proposals. At the end, the classifier 

of the Faster R-CNN classifies the proposed regions by the RPN network to generate the 

final detections of the pedestrians. 

To build the Faster R-CNN, first the VGG-16 classification network pretrained on 

IMAGENET is used since it is utilized in almost all the reported pedestrian detectors in the 

literature. However, with the current hardware and software setup, there was no enough 

memory to perform the finetuning for the Faster R-CNN despite the use of 12 GB eGPU 

and very small mini-batch size of 8. The reason behind this is not clear but one of the 
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reasons might be due to the way MATLAB utilize the memory of the GPU during the 

training process since other frameworks such as Caffe requires a 12 GB GPU memory to 

train a Faster R-CNN network based on VGG-16 [55]. Therefore, the next shallower 

classification network pretrained on IMAGENET and available on MATLAB was used to 

create the Faster R-CNN pedestrian detector. AlexNet was used and the training process 

was not interrupted this time. The use of AlexNet should not affect the objectives of this 

work since all the CNNs work in a similar fashion and the outcomes found using any of 

them shall have similar impact on the others. Yet, the results of this work might not be 

competing with the state-of-the-art solutions since a shallow network is used to extract the 

features. 

3.4.1 Training the Faster R-CNN Pedestrian Detector 

To create a Faster R-CNN network in MALTAB using a pretrained classification 

CNN, transfer learning was used. Transfer learning allows the user to reuse the required 

part of the CNN without the need to retrain the whole network. In this work, the aim is to 

take the AlexNet CNN shown in Table 3.1 and use transfer learning to reuse the pretrained 

convolutional layers while removing the FC layers to create a Faster R-CNN pedestrian 

detector. The reason is that the convolutional layers are trained to extract convolutional 

features, visual features in this case, where the FC layers work as a classifier. However, 

the pretrained AlexNet FC layers are designed to classify the images into 1000 objects 

where in this work the aim is to perform classification into two objects only (pedestrian, 

not a pedestrian). Therefore, Layers 17 to 25 have been removed. 
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Afterwards, new layers have been added to the network instead of the layers that 

have been removed. Therefore, a new modified AlexNet has been created to perform 

pedestrian detection. The modified AlexNet architecture is shown in Table 3.2. As shown 

in the table, the output size of the FC layers ‘fc7’ (layer no. 20) and ‘fc8’ (layer no. 23) 

have been adjusted to 3072 instead of 4096. The reason behind this is to reduce the size of 

the minimum anchor box of the RPN. In case the size has been reduced further (e.g. 2024), 

the performance of the detector was affected. However, in case the 4096 was used, several 

pedestrians were missed and not detected. Thus, the use of 3072 was the sweet spot. 

Furthermore, an additional FC layer was added ‘fc9’ (layer no. 26). In any classification 

network, the size of the last FC layer should be equal to the number of classes. Since, the 

purpose of this network is to detect pedestrians, then, there are two classes ‘Pedestrian’, 

and ‘Background’. However, instead of jumping from a 3072 FC layer ‘fc7’ (layer no. 20) 

to a 2 FC layer (layer no. 26), an intermediate 1000 FC layer (layer no. 23) was introduced. 

Therefore, the total number of Layers in the modified AlexNet is 28. 

As the architecture of the classification network is prepared, the MATLAB function 

trainFasterRCNNObjectDetector [67] was used to train the Faster R-CNN pedestrian 

detector. The training parameters reported in [55] were used when applicable. The RPN 

anchor boxes have been set to a single aspect ratio since the network performs single class 

detection. The scale and the number of the anchor boxes, and the size of the minimum 

anchor box were [55]selected by MATLAB after statistically analyzing the ground truth 

labels of the training dataset. This improved the detection performance on the Caltech 

dataset when compared to the case where these parameters have been selected manually. 

Yet, the size of the minimum anchor box was larger in this case when compared with [55] 
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due to the different network architecture. To finetune the network and modify the 

architecture as stated earlier, the Caltech pedestrian dataset has been used. The dataset 

consists of around 250,000 images divided into 11 sets. In the training process, the images 

of the first 6 sets are used as suggested by [20]. The images are resized so that the shorter 

edge has 720 pixels and the number of strongest regions is set to 1000 proposals similar to 

the work in [55]. It is worth noting that the learning rate of the new FC layers ‘fc6’ to ‘fc9’ 

has been increased when compared to the rest of the layers. The main reason is that the rest 

of the layers were pretrained on IMAGENET where the new layers were not trained. 

Therefore, their learning rate has been increased as suggested by MATLAB to be 20 times 

the pretrained layers [67]. Afterwards, the training of the Faster R-CNN pedestrian detector 

started and it took around 28 hours to complete where the eGPU was used during the 

training process. 
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Table 3.1 The Architecture of MATLAB’s AlexNet Classification Network Pretrained on 

IMAGENET 

Layer 

No. 

Layer Name Layer Type Comments 

1 'data' Image Input                  Input Layer 227x227x3 images with 'zerocenter' normalization 

2 'conv1' Convolution 96 11x11x3 convolutions with stride [4  4] and padding [0  0] 

3    'relu1' ReLU                           ReLU                           

4 'norm1' Cross Channel 

Normalization    

cross channel normalization with 5 channels per element 

5 'pool1' Max Pooling                    3x3 max pooling with stride [2  2] and padding [0  0] 

6 'conv2' Convolution   256 5x5x48 convolutions with stride [1  1] and padding [2  2] 

7 'relu2' ReLU                           ReLU                           

8 'norm2' Cross Channel 

Normalization    

cross channel normalization with 5 channels per element 

9 'pool2' Max Pooling            3x3 max pooling with stride [2  2] and padding [0  0] 

10 'conv3' Convolution 384 3x3x256 convolutions with stride [1  1] and padding [1  1] 

11 'relu2' ReLU                           ReLU                           

12 'conv4' Convolution 384 3x3x192 convolutions with stride [1  1] and padding [1  1] 

13 'relu4' ReLU                           ReLU                           

14 'conv5' Convolution 256 3x3x192 convolutions with stride [1  1] and padding [1  1] 

15 'relu5' ReLU                           ReLU                           

16 'pool5' Max Pooling                    3x3 max pooling with stride [2  2] and padding [0  0] 

17 'fc6' Fully Connected 4096 fully connected layer 

18 'relu6' ReLU                           ReLU                           

19 'drop6' Dropout 50% dropout 

20 'fc7' Fully Connected 4096 fully connected layer 

21 'relu7' ReLU                           ReLU                           

22 'drop7' Dropout 50% dropout 

23 'fc8' Fully Connected 1000 fully connected layer 

24 'prob' Softmax Softmax 

25 'output' Classification 

Output 

Cossentropyex with 'tench', 'goldfish', and 998 other classes 
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Table 3.2 The Architecture of the Modified AlexNet Classification Network to Perform 

Pedestrian Detection 

Layer 

No. 

Layer Name Layer Type Comments 

1 'data' Image Input                  Input Layer 227x227x3 images with 'zerocenter' normalization 

2 'conv1' Convolution 96 11x11x3 convolutions with stride [4  4] and padding [0  0] 

3    'relu1' ReLU                           ReLU                           

4 'norm1' Cross Channel 

Normalization    

cross channel normalization with 5 channels per element 

5 'pool1' Max Pooling                    3x3 max pooling with stride [2  2] and padding [0  0] 

6 'conv2' Convolution   256 5x5x48 convolutions with stride [1  1] and padding [2  2] 

7 'relu2' ReLU                           ReLU                           

8 'norm2' Cross Channel 

Normalization    

cross channel normalization with 5 channels per element 

9 'pool2' Max Pooling            3x3 max pooling with stride [2  2] and padding [0  0] 

10 'conv3' Convolution 384 3x3x256 convolutions with stride [1  1] and padding [1  1] 

11 'relu2' ReLU                           ReLU                           

12 'conv4' Convolution 384 3x3x192 convolutions with stride [1  1] and padding [1  1] 

13 'relu4' ReLU                           ReLU                           

14 'conv5' Convolution 256 3x3x192 convolutions with stride [1  1] and padding [1  1] 

15 'relu5' ReLU                           ReLU                           

16 'pool5' Max Pooling                    3x3 max pooling with stride [2  2] and padding [0  0] 

17 'fc6' Fully Connected 3072 fully connected layer 

18 'relu6' ReLU                           ReLU                           

19 'drop6' Dropout 50% dropout 

20 'fc7' Fully Connected 3072 fully connected layer 

21 'relu7' ReLU                           ReLU                           

22 'drop7' Dropout 50% dropout 

23 'fc8' Fully Connected 1000 fully connected layer 

24 'relu8' ReLU                           ReLU                           

25 'drop8' Dropout 50% dropout 

26 'fc9' Fully Connected 2 fully connected layer 

27 'prob' Softmax Softmax 

28 'output' Classification 

Output 

Cossentropyex 
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CHAPTER 4: RESULTS AND DISCUSSION 

In this chapter, the findings and results acquired are discussed and reported. Section 

4.1 reports the reflections on the setup used during the development and implementation 

of this work. Section 4.2 reports the results of this work in terms of processing time and 

performance metrics where Sections 4.3 discusses the reported results and the conclusions 

of this work. 

 Reflections on the Hardware and Software Setup 

In this work, the setup shown in Figure 3.3 has been used where there are some 

reflections to be noted based on the implementation of the proposed model. 

4.1.1 Reflections on the Use of MATLAB 

In this work, MATLAB was used to design the motion flow algorithm, train the 

Faster R-CNN pedestrian detector, and integrate them to implement the two motion 

integrated detectors. Despite that MATLAB has the following two toolboxes to create and 

train CNN using GPUs: Neural Network Toolbox [68] and Parallel Computing Toolbox 

[69], it is worth noting the following observations: 

• During the training process of CNN object detectors such as Faster R-CNN, the 

use of a validation set of images during the training process is not viable. Hence, 

to identify if the implemented CNN architecture is promising or overfitting, it 

is required to complete the training process which might take from several hours 

to several days depending on the architecture of the network, size of the training 

dataset, and the GPU used to execute the training process. 
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• During the training process on MATLAB, the program was using the Central 

Processing Unit (CPU) to perform some preparation steps in the training 

process despite selecting the GPU as an execution environment. These 

preparation steps include generating the proposals using the trained RPN before 

training the Fast R-CNN network. Subsequently, the training time increased by 

several days or weeks depending on the size of the training set. To train a Faster 

R-CNN based on AlexNet using 100 images, it took 2 hours to complete the 

training using the CPU to generate the proposals. This issue was noticed while 

using MATLAB R2018a. However, running the same code on MATLAB 

R2017a completed the training process in 10 minutes only using the GPU in all 

the stages. 

Thus, it is recommended to use a framework specialized in deep learning and CNN 

such as Caffe, TensorFlow, Torch; especially since they provide advanced tools to control 

the training process, the network and the work in general. In contrast, MATLAB would be 

easier to use than the other environments for initial testing and as a learning stage about 

CNNs. 

4.1.2 Reflections on the Use of eGPU 

To train the Faster R-CNN pedestrian detector, the Nvidia TITAN Xp was used as 

an eGPU. This was used since its specifications (e.g. memory, memory bandwidth, etc.) is 

better than the internal GPU of the Dell XPS laptop. Thus, it should perform training for 

larger network architectures and at a faster rate as well. Yet, the performance will not be 

identical to a regular desktop computer that utilizes the TITAN Xp as a GPU. The drop in 
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performance reported is in the range from 15% to 20% due to the use of Thunderbolt 3 as 

a connection [70]. In addition, an additional drop of 10% to 15% was noticed since the 

eGPU is connected through a 20 Gbps Thunderbolt 3 connection. However, the 

performance would still be better than the internal GPU since the TITAN Xp memory is 

12 GB. In addition, these numbers were reported when the eGPU is used for Gaming and 

not performing computations such as in this case. Thus, the exact performance drop might 

be slightly different. 

During the training process of the CNNs, it was noticed that the preparation stages 

take longer time when the training was executed on the eGPU. This is due to the data 

transfer through the Thunderbolt connection. However, the training process time was much 

shorter. Therefore, for large training datasets, it is recommended to perform the training 

process using the eGPU as the total time would be less. For testing, the internal GPU was 

used, since the number of frames used in testing is small. It was found that it takes 1.4 

seconds (~0.71 FPS) to process one frame using the eGPU where the internal GPU process 

the same frame in ~0.11 seconds (~9 FPS), which reflects that internal GPU is faster by a 

factor of ~12.7. 

 Results 

After preparing the proposed motion flow and CNN based pedestrian detectors, 

their implementations are integrated as illustrated in Figure 3.1 and Figure 3.2 to create the 

two proposed motion saliency aided Faster R-CNN based pedestrian detectors. To assess 

these algorithms, the metrics used in evaluation are precision, error rates and AP. The 
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precision, Equation 2.5, provides the percentage of the correct detections out of the total 

detections of the detector. The error rates, Equations 2.8 and 2.10, quantify the ability of 

the proposed detectors to reduce false detections where the AP quantifies how the detection 

ability of the original detector is affected. In other words, if the number of false positives 

has been reduced while reducing the detection ability, the proposed algorithms are said to 

have drawbacks. For example, having a detector with zero detections would have a zero 

error but its detection ability is still zero. Therefore, it is very essential to examine the 

detection ability after integrating the motion information. 

4.2.1 Processing Time 

After implementing the algorithms, the processing time has been analyzed and 

reported in Table 4.1 for a frame resolution of 960×720. The reported timings are based 

on implementing the algorithms on the Dell XPS 9560 without the use of the external GPU 

since it takes longer time as discussed in Section 4.1.2. The motion flow algorithm 

implementation was processed on the CPU. However, the CNN pedestrian detection 

performs the processing using the Nvidia GTX 1050. In addition, the table shows the 

processing time for some other algorithms from the literature where these timings are based 

on CPU implementations. The MATLAB implementations of the ACF and the LDCF 

detectors are provided by the authors in [71]. However, the implementation of the HOG 

features based pedestrian detector is provided by MATLAB [72]. 

From the table, proposed motion information integrated algorithms dropped the 

speed by approximately 1 FPS from the Faster R-CNN. The difference between the two 

motion based methods is how motion information is integrated. The MM Faster R-CNN 
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approach uses the motion to mask the image before processing it through the Faster R-

CNN detector. The MC Faster R-CNN approach uses the motion information after 

processing the image through the Faster R-CNN detector to correct the detections. Thus, it 

performs lower number of computations which made it faster. 

 

 

Table 4.1 Comparison Between the Processing Time for Different Pedestrian Detectors 

Pedestrian 

Detectors 

Algorithm 

(Execution 

Environment) 

Algorithm Average 

Processing Time 

[Sec.] 

Total Processing 

Time [Sec.] 

Processing 

Speed 

[FPS] 

Faster R-CNN 

[Proposed] 

Faster R-CNN 

(GPU) 

- 0.10865 9.2 

MM Faster R-CNN 

[Proposed] 

Motion Flow (CPU) 0.01512 0.12592 8.1 

Faster R-CNN 

(GPU) 

0.10865 

MC Faster R-CNN 

[Proposed] 

Motion Flow (CPU) 0.01329 0.12194 8.2 

Faster R-CNN 

(GPU) 

0.10865 

HOG [30] HOG (CPU) - 0.18616 5.3 

ACF [41] ACF (CPU) - 0.21859 4.5 

LDCF [44] LDCF (CPU) - 1.18296 0.8 

 

 

The reported processing time per frame for the pedestrian detectors in the table 

ranges from around 0.1 to 1.2 seconds. The slowest detector is the CPU implementation of 

the LDCF detector where the processing time reached 1.18 seconds due to the additional 

decorrelation filtering stage added on top of the ACF detector, which increased the 
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processing time of the original ACF detector by approximately 1 second. On the other 

hand, the processing speed of the HOG features and the ACF detectors is very similar 

where both process one frame in ~0.2 seconds on CPU. The implementation of the Faster 

R-CNN detector using the GPU caused the Faster R-CNN based pedestrian detector to be 

the fastest detector. By comparing these timings, the processing speed has been increased 

by up to 10 times from the processing time of the LDCF detector; which has the slowest 

implementation. 

4.2.2 Video 1 Testing Results 

The first video used to test the proposed algorithms is taken from the publicly 

available PETS2009 dataset. The video sequence is the S2_L1_12-34 view 1 which 

contains a low density sparse crowd with variability in crowd occlusions. The original 

video resolution is 768×576 where it is processed at the resized resolution of 960×720. In 

addition, the video was manually annotated to create the ground truth bounding boxes to 

compute the evaluation metrics. 

Figure 4.1 depicts the results of detecting the pedestrians using the three different 

algorithms: Faster R-CNN, MM Faster R-CNN, and MC Faster R-CNN. The green 

bounding boxes represent the detections of the algorithms, the red bounding boxes 

corresponds to discarded detections through motion correction, and blue rectangular 

regions represents motion detected regions. 
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Frame #6 

 
 

 
 

 
Frame #20 

 
 

 
 

 
Frame #270 

 
 

 
 

 
Frame #323 

 
 

(a) (b) (c) 

Figure 4.1. Video 1 detection samples using (a) Faster R-CNN pedestrian detector, (b) MM 

Faster R-CNN pedestrian detector, and (c) MC Faster R-CNN pedestrian detector 
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From the figure, frame #6 and frame #20 clearly demonstrate two examples of how 

the integrated motion information improved the detection in the two proposed approaches. 

However, frame #270 demonstrates an example where the MM Faster R-CNN detections 

degraded the performance while the MC Faster R-CNN maintained the same performance 

of the Faster R-CNN detector. On the contrary, frame #323 illustrates an example where 

the MM Faster R-CNN outperforms the Faster R-CNN and the MC Faster R-CNN 

detectors. 

In addition, Table 4.2 summarizes the evaluation metrics for the proposed 

algorithms and three algorithms from the literature. The AP metric reported in the table has 

been extracted from the precision/recall curves plotted in Figure 4.2 where the IoU 

threshold is 0.5. 

 

 

Table 4.2 Comparison on Video 1 (PETS2009 S2L1 View 1) Showing the Precision, 

Error Rates and AP for Different Pedestrian Detectors 

Pedestrian Detectors Precision [%] MRE [%] MSE AP [%] 

Faster R-CNN [Proposed] 74.13 25.09 3.52 69.84 

MM Faster R-CNN 

[Proposed] 

84.62 14.93 1.27 69.50 

MC Faster R-CNN 

[Proposed] 

81.25 18.63 1.89 70.74 

HOG [30] 66.38 32.70 7.03 74.83 

ACF [41] 88.85 9.83 1.09 91.30 

LDCF [44] 89.61 9.09 1.11 90.72 
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Figure 4.2. Comparison on Video 1 (PETS2009 S2L1 View 1) showing the AP for different 

pedestrian detectors using an IoU threshold of 0.5 to determine true positive 

 

 

4.2.3 Video 2 Testing Results 

Similar to the first video, the second video used to test the proposed algorithms is 

taken from the publicly available PETS2009 dataset. The video sequence is the S3_MF_12-

34 view 2 which contains a low density crowd with variability in occlusions. The original 

video resolution is 768×576 where it is processed at the resized resolution 960×720. 

Figure 4.3 depicts the results of detecting the pedestrians using the three different 

algorithms: Faster R-CNN, MM Faster R-CNN, and MC Faster R-CNN. The green 

bounding boxes represent the detections of the algorithms, the red bounding boxes 

corresponds to discarded detections through motion correction, and blue rectangular 

regions represents motion detected regions.  
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Frame #13 

 
 

 
 

 
Frame #31 

 
 

 
 

 
Frame #65 

 
 

 
 

 
Frame #87 

 

(a) (b) (c) 

Figure 4.3. Video 2 detection samples using (a) Faster R-CNN pedestrian detector, (b) MM 

Faster R-CNN pedestrian detector, and (c) MC Faster R-CNN pedestrian detector 
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From the figure, frame #13 and frame #31 clearly demonstrate two examples of 

how the integrated motion information improved the detection in the two proposed 

approaches. However, frame #65 demonstrates an example where the MM Faster R-CNN 

detections has been affected. One of the pedestrians that is detected by the Faster R-CNN 

and MC Faster R-CNN detectors has not been detected. Additionally, the MM Faster R-

CNN was able to correct one false detection in this frame. In contrast, frame #87 illustrates 

an example where the MM Faster R-CNN outperforms the Faster R-CNN and the MC 

Faster R-CNN detectors. 

Table 4.3 summarizes the evaluation metrics for the proposed algorithms and three 

algorithms from the literature. The AP metric reported in the table has been extracted from 

the precision/recall curves plotted in Figure 4.2. 

 

 

Table 4.3 Comparison on Video 2 (PETS2009 S3MF View 2) Showing the Precision, 

Error Rates and AP for Different Pedestrian Detectors 

Pedestrian Detectors Precision [%] MRE [%] MSE AP [%] 

Faster R-CNN [Proposed] 20.00 61.64 14.44 46.49 

MM Faster R-CNN 

[Proposed] 

50.00 27.22 1.31 49.76 

MC Faster R-CNN 

[Proposed] 

50.00 26.99 1.12 49.17 

HOG [30] 20.00 59.59 18.60 65.39 

ACF [41] 66.67 12.14 0.81 89.90 

LDCF [44] 60.00 10.87 0.85 85.60 
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Figure 4.4. Comparison on Video 2 (PETS2009 S3MF View 2) showing the AP for 

different pedestrian detectors using an IoU threshold of 0.5 to determine true positive 

 

 

 Discussion of Results 

The reported results for videos 1 and 2 in Table 4.2 and Table 4.3 clearly 

demonstrates that the motion saliency integration to the Faster R-CNN pedestrian detector 

improved the ability of the detector to identify false detections. Furthermore, this 

integration did not affect the ability of the Faster R-CNN detector to detect pedestrian as 

reflected by the values of the AP. On the contrary, the AP values has been improved slightly 

due to the reduction in the number of false positives. 

For the MM Faster R-CNN, the MRE has been reduced by approximately 10% and 

34% for the first and second videos, respectively. Meanwhile, the precision of the detector 

has been increased from 74% to 84% and from 20% to 50% demonstrating further 
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improvements for video 1 and 2, respectively. This shows that MM Faster R-CNN is now 

detecting more true positive detections out of the total number of detections; which means 

the number of false detections has been reduced since the AP values was close to the 

original detector’s AP. 

Similarly, the MC Faster R-CNN detector demonstrated similar performance where 

the MRE has been reduced by approximately 6% and 35% for the first and second videos, 

respectively. In this case, the precision and the AP on the two videos has been improved 

emphasizing on the fact that the MC Faster R-CNN detector results have been improved 

when compared with the original Faster R-CNN detector.  

Therefore, integrating the motion information with the Faster R-CNN detector 

either before or after detecting the pedestrians using the Faster R-CNN detector, improves 

the ability of the network to reduce false positives. However, the only drawback of this 

approach is the increase in the processing time due to the motion information extraction. 

Yet, implementing such an algorithm affects the speed of the detector slightly as the motion 

integration in this case increased the processing time by less than 20 ms. Therefore, it is 

recommended to integrate a CNN based pedestrian detector with motion flow algorithm to 

enhance the performance since the processing time of the network is larger than the motion 

flow algorithm. 

By comparing the proposed motion integrated pedestrian detectors with other 

detectors from the literature, it is noted that the main difference is related to the AP 

reported. The main reason for the AP of the Faster R-CNN, MM Faster R-CNN, and MC 

Faster R-CNN detectors to be the lowest is due to the selection of AlexNet. AlexNet is a 

shallow network which consists of 5 convolutional layers and 3 FC layers. When the 
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network is used in a Faster R-CNN architecture, it resulted in having anchor boxes of larger 

size when compared to the pedestrians in the surveillance videos used in testing. As a result, 

this led to the following two cases: First, the Faster R-CNN detector would be detecting 

the pedestrians with large bounding boxes that have low IoU with ground truth bounding 

boxes. Second, the network would miss the detection of the pedestrians in case the size of 

the anchors is way larger than the size of the pedestrians.  This could be verified by varying 

the IoU threshold to determine true positive detections and computing the AP at these 

different thresholds. In case the AP increased slightly, then the Faster R-CNN detector is 

not detecting the pedestrians; however, if the increase in AP was notable, then the Faster 

R-CNN is detecting pedestrians with large bounding boxes. Table 4.4 reports the AP of 

different algorithms while changing the IoU threshold to determine true positive detections. 

As demonstrated in the table, the AP of the three detectors that depends on the 

Faster R-CNN proposed in this work has been increased by approximately 5% - 10% when 

the IoU threshold is reduced by 5% every time for the two videos. Thus, this demonstrates 

that the size of the bounding boxes of the detections is quite large and when the AP is 

computed at an IoU threshold of 0.5, many of these detections are considered as false 

detections. Figure 4.5 shows examples of large bounding boxes while detecting the 

pedestrians. Similarly, the HOG features based pedestrian detector AP increases when the 

threshold of true positive detections decreases which leads to a similar conclusion. 

However, this is not the case for the ACF and LDCF detectors where their AP increased 

by approximately 1% for every reduction by 5% in the threshold. In fact, this is anticipated 

since both detectors depend on pyramid of features which causes their results to be more 

accurate when compared with the rest of the detectors. 
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Table 4.4 AP of the Different Algorithms While Varying the IoU Threshold to Determine 

True Positive Detections 

Pedestrian 

Detectors 

AP [%] on Video 1 (PETS2009 S2L1 

View 1) 

AP [%] on Video 2 (PETS2009 

S3MF View 2) 

@IoU=0.5 @IoU=0.45 @IoU=0.40 @IoU=0.5 @IoU=0.45 @IoU=0.40 

Faster R-CNN 

[Proposed] 

69.84 78.73 83.98 46.49 57.50 69.22 

MM Faster R-CNN 

[Proposed] 

69.50 77.40 81.67 49.76 61.84 71.59 

MC Faster R-CNN 

[Proposed] 

70.74 78.80 84.61 49.17 60.71 72.92 

HOG [30] 74.83 88.19 88.29 65.39 78.29 83.65 

ACF [41] 91.30 92.62 93.57 89.90 91.08 91.63 

LDCF [44] 90.72 92.12 92.93 85.60 87.16 87.98 

 

 

   

Figure 4.5. Examples of pedestrian detections using the proposed Faster R-CNN where the 

size of the bounding boxes is larger than the pedestrians 
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Therefore, based on the reported results and design, the following summarizes the 

constraints of the proposed motion saliency aided CNN pedestrian detectors: First, since 

the detectors are utilizing a motion flow algorithm that is based on background subtraction, 

the stationary camera became one of the constraints of the algorithm. Additionally, the 

proposed detectors are designed to detect pedestrians of low density crowds. The 

processing speed reported is slightly higher than 8 FPS; which means that the proposed 

detectors process videos in real time in case their frame rate dropped to lower than 8 FPS 

such as the PETS 2009 dataset scenarios used for testing. 
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CHAPTER 5: CONCLUSIONS AND FUTURE WORK 

 Conclusions 

Pedestrian and crowd analysis consists of three main stages: crowd modelling, 

crowd monitoring and crowd management. Each of these stages tackles specific properties 

of the crowd to ensure its safety and security. The scope of this work is related to the crowd 

modelling stage where it concentrates on pedestrian detection of low density crowds. This 

work proposes to integrate the motion saliency with the CNN based pedestrian detector to 

enhance the performance of the pedestrian detector used in surveillance applications 

through reducing the false detections. 

To develop the proposed model, background subtraction based on GMM has been 

implemented as a motion flow algorithm. It was selected due to its simplicity, reliable 

performance and being widely used in the literature in similar applications. Faster R-CNN 

has been selected as a CNN pedestrian detector since it resembles the state-of-the-are 

solution for object detection problems. Faster R-CNN pedestrian detector has been 

implemented based on a pretrained AlexNet CNN on IMAGENET dataset. 

The integration of the motion information was performed at two different stages 

resulting in two proposed detectors: MM Faster R-CNN and MC Faster R-CNN. MM 

Faster R-CNN detector masks the images based on the extracted motion information and 

then process the masked image using the Faster R-CNN detector. MC Faster R-CNN 

detector processes the image using the Faster R-CNN detector and then utilizes the motion 

information to correct the detections. Two videos from the PETS2009 dataset were used to 
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test the two proposed motion integrated pedestrian detectors. 

Results have demonstrated that the number of false positive detections have been 

reduced drastically. For MM Faster R-CNN, the MRE is reduced by 10% and 34% for the 

two videos while the precision has been increased to reach 84% and 50% compared to 74% 

and 20% for the Faster R-CNN detector without motion integration. MM Faster R-CNN 

maintained the AP of the Faster R-CNN detector without motion integration for the first 

video while it was increased by 3% for the second video. Similar performance was 

observed for MC Faster R-CNN detector where the MRE has been reduced by 6% and 35% 

for the first and second videos, respectively. The precision has been increased to reach 81% 

and 50% where the AP was improved by 1% and 3% for the first and second videos, 

respectively. The integration of the motion flow algorithm decreased the processing speed 

of the two proposed detectors reaching ~8 FPS instead of ~9 FPS for the original Faster R-

CNN detector when executed on Nvidia GTX 1050 GPU. 

 Future Work 

The research results of this thesis show a potential in improving the CNN pedestrian 

detector performance through integrating motion saliency. The use of a deeper network 

architecture instead of AlexNet would further improve the performance and allowing for 

smaller anchor boxes. Implementing a deeper network on a deep learning framework 

through using a high end GPU or cluster of GPUs is necessary to accurately perform crowd 

modelling and to compete with current state-of-the-art results in this area. In addition, this 

would allow the detector to better perform in higher density crowds. 
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The motion flow algorithm performance can be further improved through analyzing 

the detected motion regions through joining nearby small regions or ignoring the small 

regions if they were apart. 

Extending the scope of the work to include people tracking, counting and density 

estimation is the next phase of this work. 
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