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Abstract

Modern machine learning based object detection methods have high accuracy; however, at the
same time, they require the increased computing power of processing units. Thus, widespread
low-performance IoT devices generating a substantial amount of data cannot apply corresponding
machine learning algorithms for real-time data processing due to a lack of local computational
resources. The Dimensional Based Object Detection (DBOD) algorithm for low-performance
single-board computers is developed and evaluated in the course of this dissertation. The proposed
algorithm exploits geometrical features of objects in an image and real-world scene parameters
(e.g. camera’s focal length, height and angle of installation) as classification features. Extraction
and classification of these features are computationally simple procedures that single-board com-
puters can execute in real-time. The algorithm is focused on detecting and classifying objects
that are the most expected in urban environments: pedestrians, bicyclists, and vehicles. The
algorithm can be applied for processing video sequences captured by a CCTV camera. A method
for fast generating synthetic training features for the DBOD has been proposed. The algorithm
DBOD has been tested on real and synthetically generated datasets. The results have shown that
low-performance systems, such as popular Raspberry Pi, are capable of object classification with

the required frame rate and accuracy for smart city applications.






Zusammenfassung

Moderne, maschinenlernen-basierte Objekterkennungsmethoden weisen eine hohe Genauigkeit
auf, erfordern jedoch gleichzeitig eine hohe Rechenleistung der Verarbeitungseinheiten. Da-
her kénnen weit verbreitete IoT-Geréte mit geringer Leistung, die eine betrdchtliche Menge
an Daten erzeugen, aufgrund fehlender lokaler Rechenressourcen keine entsprechenden Algorith-
men flir maschinelles Lernen zur Datenverarbeitung in Echtzeit anwenden. Der Algorithmus
Dimensional Based Object Detection (DBOD) fiir leistungsschwache Einplatinencomputer wird
im Rahmen dieser Dissertation entwickelt und evaluiert. Der vorgeschlagene Algorithmus nutzt
geometrische Merkmale von Objekten in einem Bild und reale Szenenparameter (z.B. Brennweite,
Hohe und Installationswinkel der Kamera) als Klassifikationsmerkmale. Die Extraktion und Klas-
sifizierung dieser Merkmale sind rechnerisch einfache Verfahren, die von Einplatinencomputern
in Echtzeit ausgefithrt werden kénnen. Der Algorithmus konzentriert sich auf die Erkennung und
Klassifizierung von Objekten, die in stddtischen Umgebungen am haufigsten erwartet werden:
Fufgénger, Radfahrer und Fahrzeuge. Der Algorithmus kann fiir die Verarbeitung von video se-
quences eingesetzt werden, die von einer CCTV-Kamera aufgenommen wurden. Dariiber hinaus
wurde eine Methode zur schnellen Erzeugung synthetischer Trainingsmerkmalen fiir den DBOD
vorgeschlagen. Der Algorithmus DBOD wurde an realen und synthetisch erzeugten Datenséitzen
getestet. Die Ergebnisse zeigen, dass Systeme mit geringer Leistung, wie der beliebte Raspberry
Pi, in der Lage sind, Objekte mit der erforderlichen Bildrate und Genauigkeit fiir Smart-City-

Anwendungen zu erkennen und zu klassifizieren.
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Introduction

Relevance of the topic. Conventional lighting systems provide illumination permanently during
the nighttime; however, pedestrian and vehicle traffic intensity in peripheral urban areas at this
time of the day is not significant. The proposed method has been developed in the context of
Smart Lighting (SL) systems, particularly the SmartLighting project [1], [2]. The project aims at
energy saving by applying an intelligent management approach for street lighting systems. The
SL system turns on illumination depending on the presence of pedestrians, bicyclists, and cars
in the lighting area. Lamps of such a system are connected via a decentralized mesh wireless
network that predicts the most probable object’s movement vector based on information from
the multiple lights. Street lighting optimization via such an intelligent approach improves the
environmental situation and reduces expenses on street illumination. The detection subsystem is

a vital component affecting the workability and efficiency of the lighting system.

A variety of detection methods considers the task of outdoor object detection. Conventional
methods exploit objects’ physical phenomena and properties, such as Infrared (IR) radiation, the
reflection of waves, the Doppler effect, etc., to detect moving objects. However, conventional
moving object detection methods have a number of disadvantages, in particular, short detection
range, high error rate, and high cost. Moreover, such methods have limitations regarding the
type and speed of the detecting object. The detection accuracy of such methods often depends
on operating conditions.

Recently, Computer Vision (CV) methods have achieved high accuracy in the field of detection
and object classification. At the same time, such methods require the significant computing
power of devices, making it impossible to process video data in real-time autonomously on low-
performance single-board computers [3], even with the external hardware acceleration units [4].
Thus, developing a new, efficient algorithm of low computational complexity for object detection
is an essential task for intelligent city systems.

The smart city concept is based on data collection by the Internet of Things (IoT') sensors. The
typical sensors are cameras used in intelligent city services, such as video surveillance and traffic
monitoring. Cameras produce a significant amount of video data, usually centrally processed by
high-performance computers equipped with Graphical Processing Units (GPUs) [5]. Some services
that use a camera as a sensor may require decentralized data processing performed directly on IoT
devices, primarily due to the lack of a stable Internet connection. Transferring video data from
multiple IoT devices over wireless networks for processing in a cloud can be inappropriate due to

latency, loss, and poor connection stability. These factors affect the performance of services that
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18 INTRODUCTION

require immediate reaction to events in the real world. At the same time, single-board computers

are becoming more powerful and less expensive; however, video processing in the real-time mode

remains challenging due to the limited computational resources of single-board computers.
Existing detection methods do not meet all the SmartLighting requirements simultaneously,

the main of which are:

e the ability to detect and classify moving objects which are the most expected on a pedestrian

or roadway and in need of lighting: pedestrians, cyclists, and vehicles;

e low computational requirements of the detection algorithm due to the use of budgetary and

low-performance computers (Raspberry Pi, Orange Pi, etc.) as data processing devices;

e the ability to detect objects moving at speeds up to 60 km/h, at distances up to 25 m from
the base of a street light.

The goal of this work is aimed at solving the problem of efficient moving object detection
and classification in an urban environment, using low-performance computers as data processing

devices. The following tasks have to be answered to achieve the goal:

1. To analyze the existing detection approaches and methods in order to identify the limitations

and disadvantages considering the established requirements.

2. To develop a detection algorithm that provides the required accuracy and computational

complexity, running on devices with low computing power.

3. To develop an algorithm for feature extraction, which provides the extraction of unique
characteristics of an object in the real world based on its geometric parameters in the image

and the camera parameters used for shooting.

4. To develop a methodology for collecting synthetic data that will generate plausible features

of objects for training the classifier based on logistic regression.

5. To evaluate the effectiveness of the developed method on data sets collected in scenarios

close to exploitation.

6. To compare the effectiveness of the developed method with existing alternatives in terms

of average accuracy and performance.
Novelty:

1. For the first time, an original analytical study summarizes existing conventional sensor-

based and Computer Vision methods in the context of the assigned detection problem.

2. A proposed algorithm allows objects to be detected in single-channel low-resolution frames
(from 320 % 240 px) at 128 frames per second on a low-performance computer. The algorithm
provides the required accuracy (no more than 30 % false positive and 15 % false negative
error rates), which is unattainable by existing CV algorithms. The above-mentioned accu-

racy and performance are achieved by a proposed method for computationally inexpensive
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extraction of object features. The feature extraction method uses information from images
and camera installation parameters, while existing methods extract information from pic-
tures only. In particular, formulas for calculating an object’s geometric characteristics and

coordinates in the real world are proposed.

3. A proposed method for generating synthetic scenarios of object movement replaces gathering
the real data; simplifies and speeds up the process of collecting and preparing data for
training a classifier. In contrast to existing simulation methods, the proposed one does
not require manual 3D reconstruction of the expected environments in detail and generates

training features out of given numerical ranges.

Practical relevance. The developed detection method can be used to detect moving objects
by IoT devices in traffic counting or alarm systems. The detection method has been integrated
into a street lighting system as part of the SmartLighting project, replacing conventional passive
infrared sensors, which do not provide the required detection range. For the first time, the
detection method allows producing different actions depending on the class of moving objects.

Research methodology and methods. Experiments have been carried out on real and
synthetic datasets. Measurements and statistical analysis were used to obtain accuracy and
performance metrics for the developed detection algorithm on the target computing platform:
True Positive (TP), False Positive (FP), False Negative (FN), and True Negative (TN) error
rates, Average Precision (AP), mean Average Precision (mAP), Fl-measure (F1) and average
Frames per Second (FPS) rate. Based on the above metrics, compliance with the requirements
of the SL systems was assessed. Also, a comparison with modern detection algorithms based on

Convolutional Neural Networks (CNNs) is performed.
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Chapter 1

The problem statement. Existing

detection methods

The chapter introduces the concept of an intelligent lighting system and its requirements for the
object detection method. Topical research related to the problem of object detection has been
completed that includes an analytical study of conventional methods and CV algorithms. The
detection methods are analyzed, taking into account the specifics of the detection task. As a
result of the analysis, a selected theory is justified, considering the system’s requirements. The
required vertical (VAOV,,i), horizontal (HAOV,,;,) camera angles of view, and the required
output frame rate of the algorithm (FPS,.q) have been calculated. Performance comparison
of existing CV algorithms on devices with limited computational resources is performed in the
frame of the analytical study. Background Subtraction (BS) studies are performed to find the
most appropriate approach for fast segmenting nighttime datasets. The materials presented in

the first chapter were published in [6]-[10].

1.1 A smart lighting concept

One of the developing areas in an intelligent city concept is smart lighting systems. Such systems
aim to solve the problem of efficient energy consumption, light pollution reduction, and remote
monitoring and control via integrating information and communication technologies.

Innovative lighting systems have several advantages over conventional ones. While conven-
tional systems illuminate an area with a constant brightness level regardless of traffic or weather
conditions, smart lighting allows dynamic configuration of the illuminating area size and related
parameters depending on external events.

The proposed detection method has been developed in the context of the SmartLighting
project [1], [2], Koethen, Germany. Each lamp of such a system is a node equipped with a
single-board computer, a detection module, and an interface for wireless data transmission. After
detecting an object, a group of neighboring lamps is switched on in the direction of the object’s
movement. The speed and vector of the object are determined due to the data exchange between

nodes, and the necessary dynamic lighting zone is provided (Figure 1.1). This approach saves up

21
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to 80 to 90 % of electricity on street lighting.

s A AL
o - 7{' T

Figure 1.1: The scheme of the SmartLighting system

Several companies are currently developing and producing intelligent lighting systems, in-

cluding Twilight, Trilux, Leipziger Leuchten, and eSave. Available on the market solutions for

event-based lighting have limitations regarding possible operating scenarios, mainly due to their

object detection method (typically, passive infrared). The constraints to effective detection range

make it problematic to detect an object in advance that is relevant for streets and crossroads,

where the size of a control area is 15 to 25m. Moreover, restrictions concern the type (only

pedestrians and cyclists) and the speed of the object being detected.

1.2 The smart lighting system requirements for the detec-

tion method

The detection method used in the SL system must meet several requirements to ensure that the

lighting system performs at its stated efficiency:

. Detection of objects most expected on a pedestrian or roadway and in need of illumination.

Target objects are pedestrians, cyclists, and vehicles. The SL can use the information
about the object type to calculate the required light area, for example, provide a larger

light area or specific light intensity for vehicles.

. Detection of objects moving at speeds up to 60km/h, at distances up to 25m. Speed

objects are limited based on the maximum allowed speed within the city limits [11], while the
distance is determined by the expected size of road infrastructure elements in the suburban

area: 2 to 4 vehicle traffic lines and 2 pedestrian sidewalks [12], [13].

. Detection accuracy is comparable to state-of-the-art detection methods. The SL is more

tolerant of false negative errors because they can be compensated by true positive detection
in subsequent frames. The false positive errors lead to excessive energy spending on lighting,

while reducing false negative errors improves the timeliness of illumination.

. Low computational requirements of the detection algorithm due to using low-cost and

low-power computers (Raspberry Pi, Orange Pi, etc.) as processing devices.

. Spatial object coordinate determination is required for zoning lighting areas, partic-

ularly for lighting objects moving at a given range of distances.
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6. Sensor position on the lighting pole in the height range of 2.5 to 12m. The value of the
lower limit of the range is due to anti-vandal measures in urban environments, while the

upper limit is limited to the height of streetlight poles.

7. Modifiability in case of additional functionality. Possible modifications include subsystems
for tracking an object and estimating its speed, as well as counting the number of objects

to collect information about the intensity of traffic.

1.3 Conventional methods

In this paper, conventional methods refer to methods used to detect objects long before the
computer vision era. In conventional approaches, the detection decision is made by an electronic
circuit or microprocessor logic based on signals from a primary transducer. These methods
found wide application due to the reliability and ease of operation of such devices. Conventional
technologies for detecting moving objects are typically based on infrared, ultrasonic, and radio
wave methods [14].

Ultrasonic (US) methods can be divided into active and passive detection approaches.
Active ultrasonic methods use two detection principles. US sensors based on the application of
the Doppler effect evaluate the frequency shift between the sent and reflected signals that occurs
when an object moves, allowing inferring the size and speed of an object. Another type of US
sensors is based on recording the amplitude and propagation time of the signal reflected from the
object. Amplitude is used to identify the received signal by comparing the original and received
values, while the propagation time allows calculating the distance to the object. Sensors of this
principle have found wide application in robotics [15], where the robot’s orientation in space can
be done by ranging.

Active US sensors are non-contact, have a short response time (1 to 100ps), and are very
sensitive and reliable [16]. The detection logic is implemented by an electronic circuit, for example,
based on a comparator, and therefore, object detection does not require high computational costs.
Using an array of networked US rangefinders can detect the presence and track the trajectory of
objects in the room [17].

The US method is applicable for object classification. The most apparent approach is esti-
mating a passing object’s height by US ranging. In the work of R. Stiawan et al.[18], vehicle
detection and classification are performed by measuring the unoccupied height of the vehicle in
the room. In a study by T. Damarla et al. [19], the classification between humans and horses
is done by analyzing the micro-Doppler effect [20] observed in the reflected signal. The different
radial velocities of human and animal limbs allow the classification of these objects using machine
learning. Classification can also be done by a neural network using the shape of the reflected
signal in the time domain as features for classification [21].

A disadvantage of US sensors is the influence of environmental conditions, such as temperature
change and air turbulence, on the detection accuracy [22], [23]. Distance error correction mecha-

nisms have been proposed to minimize this factor; for example, in the work of M. Paulet et al. [24],
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the error is corrected depending on the current temperature. The detection range of commercial
and widely available US sensors remains limited [17], [24], resulting in their indoor usage, where
the control area does not exceed 10m [25]. That includes security and alarm systems, where
ultrasonic sensors can register even small movements of objects [26]. Another disadvantage is
the influence of rotation/tilting angles of reflecting object surface on the detection accuracy; in
particular, an undesirable signal reflection angle can lead to FN detection errors. Additionally,
some materials can disturb detection accuracy [27].

In contrast to active US detection methods, passive methods involve analyzing the pattern
of vibrations in the US range, which occur when the object moves. Periodic vibrations corre-
sponding to a particular gait allow us to identify and classify a moving pedestrian. A study by
A. Ekimov et al. [28], [29] proposed recognizing a pedestrian’s gait by analyzing the ultrasonic
signature in the frequency domain, providing a detection range of up to 17m. However, passive
US methods are poorly applicable outdoors, where the chaotic movement of multiple objects at
different distances is assumed, leading to a low signal-to-noise ratio.

Infrared (IR) detection methods include passive and active detection approaches. Devices
based on the passive-infrared method use the pyroelectric effect to detect the IR radiation of an
object in the far spectral range (8 to 14 pm). In the most common implementation of such sensors,
the IR radiation of a moving object is alternately (due to the motion of the object) focused by the
Fresnel lens segments, which creates voltage changes at the output of the pyroelectric cell. The
use of Fresnel lenses is also determined by the necessity of pulse focusing of infrared radiation on
the pyroelectric element because the output level of the element decreases when the emission is
constant. Passive IR sensors are widely used for indoor and outdoor object detection due to their
cheapness, unpretentiousness, ease of use, and low power consumption [30].

The main limitations of such sensors are the short detection range up to 10 to 12m [31]-
[35], high FP error rate due to changing environmental conditions (due to temperature drift on
the pyroelectric cell), and high FN error rate when objects move too slowly/rapidly. Slowly
moving objects cause minor voltage disturbances that are difficult to distinguish from ambient
temperature variations [26]. Besides, applying the passive IR sensors with the aim of object
classification is problematic due to their operation principles.

To solve the problems of existing sensors, M. Kastek et al. [36] propose a particular structure
of a passive IR sensor equipped with two pyroelectric elements. Appropriate sensors [37] compen-
sate for errors arising from varying illumination and temperature. The proposed signal analysis
method [38] allows the signal of interest to be distinguished at low signal-to-noise ratio values,
making it possible to detect pedestrians indoors at distances up to 140 m.

In addition to pyroelectric elements, an array of thermobatteries, each consisting of series-
connected thermocouples (for example, Panasonic’s GRID-EYE implementation [39]), can be
used to convert thermal radiation. The averaged thermal image of the room background obtained
by such a sensor allows segmentation of a moving person by subtracting the following thermal
images from the background [40]. Bicubic interpolation is used to locate and track objects more
accurately on low-resolution frames (8 x 8 cells in the case of GRID-EYE). Thermal imaging,

combined with computer vision techniques, also offers several ways to detect pedestrians. Object
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areas can be extracted from a thermal image, depending on the object’s temperature, or by
applying a fusion of camera and thermal imager data. Such methods have relatively high accuracy,
but they are sensitive to changes in ambient light and require an expensive thermal imager

(compared to a camera) [41]-[44].

A typical implementation of the active IR, method is based on interrupting the IR beam
between emitter and receiver by an object. This method requires the source and receiver to be
installed at opposite points of the control zone. In this configuration, the detection range of

commercial active infrared sensors can be up to 80 to 100 m.

In a study by D. Noyce et al. [45], the active IR method is used for rangefinding to classify
pedestrians, bicyclists, and vehicles. Several IR emitters and receivers are mounted perpendic-
ularly above the control zone plane. When an object moves in the control zone, the reflection
distance of the infrared radiation changes. Measuring the distance to the reflection surface allows
for building a map of the object’s height, length, and width. The object’s speed is calculated
given the time difference between the successive intersection of the first and i-th beams. This
method’s true positive detection probability was 92 % for pedestrians and cyclists [45]. It is worth
noting that this method requires the device’s calibration depending on its installation’s angle and

height.

Radio-wave (RW) detection methods use the same signal properties and physical effects as
ultrasonic methods. However, the signals of the RW methods are in the ultra-wideband (UWB)
range and represented by short pulses. Due to the relative technical complexity of generating
and processing radio signals, such sensors are mainly used in high-performance systems such as

drones, game industry devices, autonomous vehicles, and alarm systems [30], [46].

The automotive applications gather spatial frequency and amplitude maps to detect moving
objects. Each cell of the map corresponds to a segment of the control area, assigned to a value
of frequency and intensity of the reflected UWB pulses. These maps are used to extract the
characteristic features of a pedestrian in the work of A. Bartsch et al. [47], in particular, the
object’s size, shape, and frequency histogram (Doppler spectrum), which allow the classification
of objects based on the weight function without machine learning appliance. As a result, the
detection accuracy was 95.3 % for pedestrians at distances up to 35 m [47]. However, this detection

system has a high cost because the radar must have a high spatial and frequency resolution.

1.4 Computer vision methods

Computer Vision (CV) methods aim at extracting information from an image and interpreting
it. The image contains real-world data converted into some form: an n-dimensional image from
one or multiple cameras, a video sequence, a thermal image, etc. Data interpretation may consist
of the detection, classification, and tracking of objects in order to make an automated decision.
Today, computer vision systems are widely used practically, for example, in automotive, robotics,

or video surveillance.
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1.4.1 The early era of computer vision

At the beginning of the CV era (from 2000 to 2010), the model’s computational complexity
significantly impacted detection speed due to the low performance of computers. Classical object
detection methods include two-stage Machine Learning (ML)-based classifiers. In the first stage,
different features are extracted from the image. After that, the features are classified by a
predefined classifier. The classification quality depends on the type of extracted features and the
used classification approach.

Viola-Jones method is one of the earliest face detectors based on extracting features from an
image area using Haar features [48]. Haar features are adjacent rectangular areas (Haar primitives,
Figure 1.2) superimposed on an image segment at multiple positions and scales. Where an image
segment — is the area of the image bounded by the scanning window. The feature is a difference
between pixels’ intensities covered by the white areas and the intensities under the black areas.
Each primitive reflects possible characteristics of the object: the presence of corners and lines
between dark and light areas of the image. For example, the areas around the eyes are the darkest

for a human face, while the cheeks and forehead are relatively light.

el ILIN §

Figure 1.2: Haar features used in the Viola-Jones method [49]

The image is converted into an intermediate integral form to speed up the calculation of
features in the Viola-Jones method. Each point of the integral image is calculated as the sum of

pixels to the left and above the considered point [50]:

ZZ(CC,y) = Z ’L'(.Z‘/,y/), (11)

@' <ay' <y
where ii(z,y) — integral image;

i(z’,y’) — the original image;

The selection of the most informative features and training of classifiers is performed using
the AdaBoost adaptive boosting algorithm. AdaBoost builds a strong classifier from a linear
combination of weak weighted classifiers. Individually, each weak classifier has a low classification
accuracy, slightly higher (>0.5) than the random decision. The weak classifier is a function

comparing the Haar feature value to some threshold value that separates the training samples [51]:

if 0
W fpoy = 40 TPIE <P (1.2)

0, otherwise
where f is— the value of the Haar feature in the considered image region x;
0 — threshold value;

p — polarity indicating the direction of the inequality sign.
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During the iterations of the boosting training, the best threshold and polarity minimizing the
error are chosen for the weak classifier. The best feature-threshold pair is then selected, leading
to a significant reduction in the number of features considered. At the end of each iteration, the
weights of the weak classifiers are updated.

Classification of the image region is performed using a cascade of strong classifiers, where each
strong classifier handles a group of features. Thus, the area classified as a not targeted object is
not considered by the subsequent strong classifiers of the cascade, which increases the detection
speed. Each subsequent classifier is more complex than the previous because it processes more
features, while increasing detection accuracy by minimizing FP errors.

A distinctive feature of this method is the ability to operate on low-performance devices in
real-time, with a processing rate equal to 15 FPS [48]. The typical problems for this method are
the sensitivity to the illumination of the image scene and the noise component. Also, a complex
background texture significantly reduces the method’s accuracy [52].

This method showed high accuracy for frontal face detection of 77.8 %, with 5 FP errors (out of
149 faces) on the MIT [51]| dataset. However, the algorithm’s accuracy decreases significantly when
the faces are rotated relative to the camera. There is a problem of feature dispersion when objects
of the same class appear under different object angles and illumination. In the case of applying
this method for multi-class classification, the problem of feature similarity between objects of
different classes, aggravated by varying scene parameters and textures of object material, may
appear. Attempts to use this type of pedestrian detection result in a significant error rate, making
its use for such tasks impractical. For example, in pedestrian detection on the CALTECH dataset,
the error rate was 94.7 % [53].

Integral Channel Features (ICF) detector proposed by P. Dollar et al. in 2009 [54] with the
improvement in [55], [56] presents an extension of a Viola—Jones detector. In addition to the
Haar features, ICF can use gradients, filtered channel features [57], and convolutional channel
features [58]. J. Sochman proposed an ICF-like solution using Wald’s sequential probability ratio
test and AdaBoost algorithm for decision-making [59]. R. Juranek et al. adapted an ICF detector
for video steaming tasks [60], [61]. ICF-based detectors are still improving nowadays [62].

Histograms of Oriented Gradients (HOG) was considered by N. Dalal and B. Triggs,
who in their work [63] studied the parameters of HOG features for pedestrian detection. In this
method, gradient directional histograms of an image segment act as object features. The gradient
vector for each image pixel shows the change in pixel intensity along the horizontal and vertical
axes.

The gradient of the image function is a vector of its partial derivatives [64]:

of
S 1 B bt B FLCE S R (CERY L9
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where f(z,y) is a pixel intensity function of the image;

of o
l, —f — derivatives of x and y.
dx’ dy
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The sliding window bounding the image segment is divided into n cells. For each cell, g values
and 6 gradient directions are calculated (expression 1.4). For the pedestrian detection problem,
the proposed sliding window size is 64 x 128 px [63], which corresponds to an elongated geometric
shape of the pedestrian along the vertical axis.

9=1/9:+9;

0= arctan(g—y) 4
P

In discrete form, the gradient is calculated by convolving the image segment and kernel of the
form [—1 0 1] — when convolving the kernel and image along the z-axis and [~10 1]7 — along
the y-axis. When plotting the n; cell histogram, each pixel contributes a weighted gradient value
to the histogram of directions from 0 to 180°. Normalization of the gradient value on a sliding
window region of n cells is performed to minimize the effect of image contrast and brightness on
the feature. The HOG feature is the concatenated histograms of all n cells in the sliding window
region. Machine learning methods classify the resulting vector of histograms. The Support Vector
Machine (SVM) was used to classify the feature vector in the original work [63].

N. Dalal and B. Triggs showed that HOG features could reduce the FP error rate by more
than one order of magnitude compared to existing Haar features [63]. Although HOG can be used
to detect many classes of objects, the method was developed to solve the problem of pedestrian
detection, being one of the most accurate approaches for this purpose for a long time [65].

Using a sliding window in this method requires high computational cost, making it poorly
applicable for low-performance real-time computers. The predefined shape of the sliding win-
dow corresponding to the expected object complicates the multi-class classification task, as it
requires multiple scanning of the image with windows of different shapes, significantly affecting
the system’s performance. In addition, HOG features are sensitive to the object’s rotation in the

image [66].

1.4.2 Methods based on artificial neural networks

The development of GPU-based computing contributed to the widespread usage of Deep Learn-
ing (DL) algorithms for object detection. In practice, they outperform conventional ML-based
solutions in terms of detection accuracy; however, they require substantial resources for learning
and are usually slower in recognition.

Convolutional Neural Networks (CNNs). CNNs are the most suitable solution for object
detection among all existing neural network structures. Various CNN modifications have been
developed during the last two decades [67]. In contrast to conventional methods of computer
vision, a distinctive feature of the methods based on artificial neural networks is the principle of
feature formation. Considered Haar and HOG features are determined in advance by a human
at the design stage of the detection method, which limits the amount of information extracted
from the image. The CNNs build features during training independently by selecting the neuron
weights (convolutional kernel values) by minimizing the loss function. CNN detection, in general,

involves two steps: extraction of object features by CNN and subsequent classification of features
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by machine learning (e.g., SVM or neural network).

The CNN architecture typically includes the following layers:
e input layer — source image;

e convolutional layer — a set of feature maps (filters) obtained by convolution of the input
layer and kernels with different weight coefficients. The shape of the kernel is determined
depending on the structure of the input layer. For a single-channel image, the shape is a
2D array, whereas, for an RGB image, the kernel has a cubic shape. The convolutional
layer includes an activation layer that transforms the result of each convolution through a

non-linear activation function, such as ReLU [68];

e subsampling layer — feature maps compacted by finding the maximum, average, or L2-norm

in a cell combining neighboring pixels;

e fully-connected layer is a classifier associating the previous convolutional layer (feature
set) with the output classes. Thus, the filter weighting factor of the convolutional layer

determines the class of the object.
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Figure 1.3: Example of an elementary convolutional neural network architecture

The first convolutional layer of the network contains primitive image features, such as angles,
lines, circles, etc. As moving deeper into the network, more generalized characteristics of the
image are formed by convolving the feature maps and kernels. In a real CNN, the convolutional
and subsampling layers are repeatedly alternated to decrease the dimensionality and increase
the level of abstraction of feature maps. For example, the AlexNet [69] network consists of 3
convolutional layers, 2 subsampling layers, and 3 fully-connected layers. The fully-connected
layer determines which high-level feature maps correlate with a specific type of object.

The training algorithm for the CNN can be the gradient descent algorithm [70]. When training
the network, the convolutional kernel weights are set randomly, leading to high loss function

values. The loss function can be expressed as the root mean square error:

7= -, (15)

where z — the predicted network value;

y — the reference value.
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Backpropagation is performed using the derivative of the loss function. The weighting coef-
ficients most affecting the value of the loss function are determined. The weight coefficients are
then updated in the direction of the gradient.

In contrast to classical neural networks, where a neuron processes each pixel with an indi-
vidual weighting coefficient, the convolution method allows using uniform kernel weights for the
whole image (regardless of position). Feature extraction and classification by CNNs allow for
achieving high accuracy compared to conventional approaches. AlexNet CNN achieved an error
rate of 0.37 (with 0.1 FP detection per image) on the Caltech Pedestrian Dataset [71], whereas
the conventional Viola-Jones and HOG methods have this rate on the same dataset equal to 0.95
and 0.68 [72].

The disadvantage of CNN is the need for empirical configuration of the network architecture
and its parameters (number of layers, kernels, subsampling function, etc.), which significantly
affects the performance and efficiency of the network. In addition, a classical CNN with AlexNet-
like architecture requires a fixed resolution of the input image since the final classifier takes a
fixed-length feature vector [73| as input. The result of CNN detection is the degree of confidence
(probability) of object presence in the image; thus, CNN solves the problem of classifying images,
but not the localization of the object in the image. The sliding window technique can detect
multiple objects of different classes in the same image, allowing for localizing the object [74];
however, this approach is characterized by redundant calculations (extraction of features in all
possible sliding window positions), which reduce the detection speed.

The main disadvantage of CNN is its high computational complexity. There are implemen-
tations of detection systems where a CNN has been combined with the background subtraction
techniques to speed up segmentation [5]. However such approaches require a GPU to operate in
real-time. An increase of the CNN detection frame rate is possible by applying a hardware accel-
eration unit (e.g., Neural Compute Stick [75]): for a single-board computer Raspberry Pi 3 B+,
the AlexNet video processing speed was 4 FPS [76].

Currently, networks such as GoogleNet [77], VGG [78], ResNet [79], and MobileNet [80] are
widely used, which provide a lower error rate [81] than AlexNet; however, AlexNet outperforms
them in the detection speed [82].

Region-based Convolutional Neural Network (R-CNN). Unlike conventional convo-
lutional neural networks, where a sliding window defines the Regions of Interests (ROIs), the
main difference of this network type is the algorithm for finding regions of interest. The region-
search algorithm pre-segments the image into regions containing the object of interest with the
highest probability, reducing the number of regions compared to the sliding window technique.
R. Girshick et al.[83] used Selective Search [84] as a search algorithm for R-CNN, which performs
segmentation by finding similar features of regions in different color spaces (color, texture, size,
and degree of homogeneity). This search algorithm has a high segmentation recall of (99 % on
the Pascal 2007 TEST dataset [84]).

In the next stage, the segmented regions are scaled to the same size, regardless of the initial
size and aspect ratio. The result of CNN processing is a feature vector with the same length for

all regions of interest. The resulting vectors are independently processed by the linear regression
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blocks of the bounding rectangle and SVM classification. The linear regression model produces
the numerical coordinates of the bounding rectangle in the image, whereas the classification is
performed by n binary SVMs, where n is the number of classes.

The R-CNN algorithm showed a 30 % increase in mAP on the PASCAL VOC dataset in 2012,
compared to the best previous algorithm [83], [85]. One disadvantage of the method is the com-
plexity of training because it requires training the algorithm components independently: convolu-
tional network for feature extraction, linear regression for refining the coordinates of the bounding
rectangle, and SVM classifiers. The Selective Search algorithm segments 2000 potential regions
of interest per image, which is redundant. Thus, processing one image using GPU requires about
145 [65], making it impossible to apply the method in real-time.

Subsequent modifications of the method — Fast R-CNN [86] and Faster R-CNN [87] aim
to speed up processing by optimizing the method of ROIs finding. Unlike R-CNN, where features
are extracted from each ROI independently, Fast R-CNN builds a feature map for the entire
image once, into which potential ROI is projected. The network layer (ROI pooling) converts the
regions of interest into fixed-size regions fed into the fully-connected network layer. The ROIs are
searched by the Selective Search algorithm, similar to the R-CNN. Fast R-CNN performs feature
extraction, classification, and refinement of the bounding box coordinates by a single network:
the SVM classifier is replaced by a Softmax layer (multidimensional logistic function), and the
linear regression block is located parallel to the classification block. With a slight improvement in
detection accuracy (66 % vs. 62 % mAP compared to the original R-CNN), Fast R-CNN enabled
GPU-based image processing at 3 FPS [86].

In Faster R-CNN, in order to increase the performance, the Selective Search algorithm is
replaced by a separate neural network (Region Proposal Network) following the last convolutional
layer of CNN. The Region Proposal Network "slides" the window over the feature map, suggesting
rectangular regions for each window position, where the rectangular regions contain objects of
interest with the highest probability. The selected regions of interest are scaled by the ROI
pooling network layer, which then performs classification and refinement of the coordinates of the
bounding rectangle. While maintaining the detection accuracy of Fast R-CNN, Faster R-CNN
has increased the processing speed to 5 FPS using GPU [87].

Single Stage Detectors (SSDs) are represented by algorithms such as You Only Look Once
(YOLO), SSD, RetinaNet, etc. A distinctive feature of such algorithms is that the extraction of
YOLO features is performed once per image [88]. The algorithm divides the image into a grid of
rectangular cells. The probabilities and coordinates of the bounding rectangle are computed for
each cell simultaneously. The cell is assigned to the object and contains its parameters when the
center of the object matches that cell. Independent logistic classifiers perform multi-label clas-
sification. This approach enables the algorithm to make predictions faster and computationally
lighter than the two-stage detectors.

A distinctive feature of algorithms based on single-stage detectors is high speed: the YOLO al-
gorithm achieved a processing speed equal to 45 FPS, using GPU, with an accuracy of 63 % mAP
on the PASCAL VOC data set 2007 [88]. As a consequence of analyzing the entire image rather

than independent regions as in R-CNN, single-stage detectors take contextual information such



32 CHAPTER 1. THE PROBLEM STATEMENT. EXISTING DETECTION METHODS

as background objects into account.

However, a grid structure limits the density and size of objects in the frame since each cell
can only correlate with a single object. Subsequent improvements to the YOLOv2 [89] and
YOLOv3 [90] algorithms partially solve this problem by improving accuracy and maintaining
high detection rates.

Despite the wide variety of proposed neural network configurations, achieving the highest
accuracy and detection speed is still challenging. Two-stage detectors usually have higher accu-
racy, while one-stage are typically faster. The trade-off can be found using the optimal strategy

proposed in [91].

1.5 Requirements for camera parameters and algorithm per-

formance

Requirements for camera parameters such as Vertical Angle of View (VAOV) and Horizontal Angle
of View (HAOV) are imposed to ensure that the sensor covers the entire control area. Also, the
required performance of the algorithm depends on these camera parameters. The vertical camera
angle of view limits the size of the monitoring area along the Z axis and the maximum detection
range (Figure 1.4a).

In Figure 1.4a, the two objects, o and o, are located at the minimum and maximum distances
of the monitoring area from the AC' lighting pole. Calculating the required VAOV,,,;, considers
the outer vertical points of the object o’ in the camera’s field of view at the maximum distance
ADs from the camera. The value of AD5 depends on the blind spot size AD;, which is determined
by the angle o between the pole AC and the lower boundary of the camera field of view C'D;.

Thus, the value of minimal vertical angle of view VAOV,,;, is defined as:

AD,
A - et B
VAOV,,i,, = arctan (AC — DQHL/)>
ADy = ADy + DDy ) (1.6)
sin a
AD, =AC ———
1=40- (90° — o)

where Dj D5 is the length of the control area defined by SL system requirements;

AC — the minimal possible height of camera installation;

Dy H! — maximal height of the object o'.

The minimal horizontal camera angle of view HAOV,,;, is estimated from V AOV,,;, and the

aspect ratio:

HAOV,i, = VAOVW%, (1.7)
mg

where Wimg, Rimg — frame width and height.
The minimum acceptable frame rate F'PS,, is determined from the time for a point moving
at constant speed v, to pass the distance Dy; D1, (Figure 1.4b) in the camera field of view, at the

minimum distance from the camera CH, (Figure 1.4a). Thus, FPS,. is expressed as:
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Figure 1.4: 3D scene parameter projections
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The following scene parameters are used to calculate F'PS,., in the worst-case scenario:

e D1Ds = 25m, based on SL system requirements for maximum detection range;

e AC = 2.5m, based on SL system requirements for the minimum height of the detection

device;

e D1H, = DyH! = 2m, selected as the maximum height of the detection object. The

geometric parameters of detecting objects are discussed in Section 2.2;

e o = 0°, due to the possible adjacency of the control area to a street lighting pole: in some

configurations, the pedestrian/traffic zone starts directly from the lighting pole;
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, 4 4 16 16
o Vimg _ =, chosen from a range of aspect ratios used by modern cameras (=, —, —, e
as the worst case scenario where HAOV has the lowest value;

te.)

e v, = 16.6 m/s, based on the SL system requirements for maximum object speed;

Given the scene parameters in the above-mentioned extreme case, the following requirements

are imposed on a camera and processing performance:
e The required frame rate should be not less than F'PS,.., =~ 10;
e The vertical camera angle of view should be not less than VAOV,,,;, ~ 90 deg;
e The horizontal camera angle of view should be not less than HAOV,,;, ~ 120 deg.

Applying wide-angle camera lenses allows for achieving the calculated VAOV,,;, and
HAOV,,;,. An appropriate correcting algorithm may be required to compensate for distortions

caused by the wide-angle lenses.

1.6 Metrics for accuracy and performance evaluation

Determination of Basic Characteristics is based on a comparison of the reference data and
results of model classification. The preparation of the data for classification involves the selection
of regions of interest by a bounding rectangle.

The Jaccard index, better known in computer vision as Intersection over Union (IOU), is used
to determine the similarity between the detection result and the reference. This coefficient is

defined as the ratio of overlap between the reference and detected areas to their total area [92]:

_|AnB|
- |AuB|’

where A, B — reference and detected rectangular areas.

IOU(A, B) (1.9)

The Confidence Score is a probabilistic prediction of the classifier, used to determine the
basic characteristics of a classifier. The confidence score is the probability that a detected region
characterized by a set of features corresponds to a particular object class.

The basic characteristics of the model are defined as:

e True Positive (TP) decisions — objects classified as target objects while being target objects.

A solution is marked as TP when the following set of conditions are satisfied:

TP(A,B) = 1, if (IoU(A, B) > Trou) A (Pa(B) >Tpc)’ (1.10)

0, otherwise

where T,y — the threshold value of area similarity, chosen depending on the detection
algorithm used and optimized a posteriori based on the obtained precision and recall of the

model. In general, the value of T,y varies in the range from 0.25 to 0.8 [93];

P, — confidence score predicted by a classifier;
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Table 1.1: Binary confusion matrix

Predicted value

Class 0 Class 1
True value Class0 TN FP
Class1 FN TP

Tp. — confidence threshold, generally equal to 0.5, optimized depending on the obtained
model accuracy metrics and datasets peculiarities. The standard threshold value, taken
as 0.5, may not be optimal in case of a class imbalance (significant quantitative difference

between instances of different classes).

e True Negative (TN) decisions — objects assigned to any other class, at that, these objects

are actually objects of another class;

e False Positive (FP) decisions — type 1 errors. Objects of a non-target class classified as a

target class;

e False Negative (FN) decisions — type 2 errors. Ignored objects, which are the target objects.

A Confusion Matrix can be used for a visual representation, combining the model’s basic
characteristics. An example of the confusion matrix structure for the case of binary classification
is presented in Table 1.1.

A confusion matrix can be constructed for the multi-class classification problem, where the
diagonal elements correspond to the TP decisions for each class. Precision, Recall, and F1-measure
can be calculated based on the basic characteristics.

Precision of a model is the proportion of correct predictions out of the total number of

positive predictions [94]:

TP

_— 1.11
TP +FP ( )

Precision =

Recall or sensitivity, in general, is the fraction of true predictions out of real positive deci-

sions [94]:

TP

= ——
Recall = 75711

(1.12)
Fl-measure (F1) is used for the weighted evaluation of precision and recall. The F1 is
calculated as a harmonic mean between precision and recall [95]:

Precision - Recall

Fl1=2 (1.13)

" Precision + Recall

Accuracy of a binary classifier is calculated using the basic characteristics of the model [95]:

TP + TN
TP + TN + FP + FN

Accuracy = (1.14)
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The Precision-Recall curves are used to explore the model given a set of possible classifier
thresholds and evaluate the trade-off between precision and recall. The confidence score is com-
pared with some threshold value to convert the value of the confidence score into a binary form.
If the resulting confidence score for a class exceeds this threshold value, the object is classified as
that class. Thus, iterating the threshold value from 0 to 1, the resulting precision and recall pairs
are plotted. The precision-recall curves show adequate classifier performance on an imbalanced
dataset compared to ROC curves. An example of the precision-recall curves for the perfect and

real classifiers is shown in Figure 1.5.
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Figure 1.5: Example of precision-recall curves

Average Precision (AP) is a metric that numerically characterizes the precision-recall curve.
Average precision summarizes the precision-recall curve as the average of the precision values
obtained at each threshold, using the difference between recalls calculated on previous and current
thresholds as a weighting factor. The value of this metric is equivalent to the area under the
precision-recall curve and, unlike F1l-measure, the average precision considers the characteristics
of the classifier at different thresholds. The average precision of the classifier is calculated through

the following expression [96]:

n—1

AP = (rig1 —71i)pria

i=1

p(r) = maxp(r')

>
where 7 — the calculated values of recall;
p — interpolated precision over recall values. Interpolation allows smoothing the curve in the
presence of variations of precision.
Mean Average Precision (mAP) allows for estimating average precision when multiple
classes are present. The following methods of averaging are distinguished for calculating the

mAP:

e micro mAP — AP is calculated based on the total number of characteristics (TP, FP, FN)

for all classes;
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e macro mAP — AP is determined for each class individually; after that, the average value

is found,;

e weighted mAP— AP is determined for each class individually; after that, a weighted average
is found, where the weight of the class is determined by the number of TP for it, so the

dominant class has the most significant influence.

The choice between micro mAP, macro mAP, or weighted mAP depends on the specific task
and the properties of the data sets. For example, weighted mAP or micro mAP can hide the
accuracy of classes presented with low frequency [97], which is often the subject of consideration.
In recent years, mAP has become a standard accuracy evaluation metric for classifiers on open

data sets PASCAL VOC [98], ImageNet [99], COCO [100], etc.

1.7 Performance comparison of the computer vision meth-

ods

Based on the SL system (Section 1.5) requirements for using low-cost single-board computers as
processing devices, the Raspberry Pi platform was chosen to represent low-performance embedded
microcomputers to compare FPS rates (Tables 1.2 and 1.3). Precision metrics allow estimating
the relative accuracy between methods only within a particular source because different authors
use unequal metrics to estimate algorithm accuracy and datasets of varying nature and complexity.
Section 1.6 presents a detailed discussion of the accuracy metrics of the detection algorithms (FP
coefficient, Accuracy, and mAP).

According to Tables 1.2 and 1.3, the highest FPS is achieved on Raspberry Pi 3B+ by a
lightweight version of the YOLO algorithm — YOLOv3-tiny, using hardware acceleration of
neural network calculations by NCS device (YOLOv3-tiny and NCS). This frame rate does not
meet the SL system requirements for algorithm speed (required frame rate — 10 FPS). In
addition, the cost of the accelerator device is several times higher than the Raspberry Pi 3B+,
which makes this approach uneconomical for the SL system.

A possible way to increase the speed of detection algorithms is to reduce the number of
regions of interest and their size through pre-segmentation. Pre-segmentation can be performed
through signal measurement and comparison in the time domain in order to distinguish moving
objects from the background signal. Methods for such segmentation based on BS are discussed
in Section 1.8. This acceleration approach has been applied to Deep Learning methods (SSD-
MobileNet and BS) and conventional computer vision methods (HOG and BS). The achieved
frame rate of the combined approaches is significantly higher than that of the original methods
(HOG and SSD-MobileNet); however, the obtained values also do not meet the SL requirements.

Also, it is worth noting that the methods based on DL have high accuracy. In work [3],
algorithms based on YOLO (SSD-GoogleNet and L-CNN) have several times lower FP error

rates compared to the conventional methods (Viola-Jones and HOG).
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Table 1.2: Characteristics of the detection algorithms running on a Raspberry Pi 3B+

Accuracy
Method FPS Dataset Resolution, px
metrics, %

Viola—Jones 1.82 26.3
HOG 0.30 14.5  ImageNet,

3] FP 924 x 224
SSD-GoogleNet 0.39 5.3  VOCo7
L-CNN 1.79 6.6

[101] Viola—Jones 1.88 Acc. 99.0 Faces 320 x 240
SSD-MobileNet 0.50 72.3 300 x 300

[4] YOLOv3-tiny 1.17 mAP 52.7  People 416 x 416
YOLOv3-tiny and NCS 5.55 52.7 416 x 416
SSD-MobileNet 0.50

[102] — — —
SSD-MobileNet and NCS 3.50

[103] SSD-MobileNet and BS 290 Acc. 91.2  People 128 x 128
SSD-MobileNet 1.55 93.0

[104] Acc. People 224 x 224
Tiny YOLO 1.05 67.0

[105] SSD-MobileNet 0.55 Acc. 85.0 — 300 x 300

FP — False Positive coefficient;
mAP — mean Average Precision;

Acc. — Accuracy

Table 1.3: Characteristics of the detection algorithms running on a Raspberry Pi 1B

Accuracy
Method FPS Dataset Resolution, px
metrics, %
HOG 0.39 65.0
[106] Acc. CAVIAR 384 x 288
HOG and BS 1.94 49.1

[107] HOG and BS  0.40 Acc. 83.5  Pedestrians —

YOLO 1.89 Acc. 99.5 Faces 46 x 46

[108]
Viola—Jones 236 — — _

Acc. — Accuracy
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1.8 Image segmentation methods

The choice of the most suitable image/video segmentation method should be based on analytical
and experimental studies of existing segmentation methods used to solve the problem of locating

moving objects in the frame with the highest accuracy and speed.

Image segmentation groups pixels related to the object of interest by a set of features. Seg-
mentation errors are expressed in excessive or insufficient clustering of the object pixels. The
result of segmenting a single object (not partially obscured by obstacles in the original image) in
the form of several areas is considered insufficient segmentation. A case of excessive segmentation
is merging several different areas into a single ROI.

The segmentation task is an essential pre-processing step in many computer vision methods
for object detection and classification [109] or used separately to group pixels by color, intensity,
texture, etc. [110]. The choice of segmentation technique depends on the type, properties,
quality, or nature of the input data in the time domain (static image or video stream), so the
specific technique is chosen based on the requirements of the final application [111].

Static image segmentation techniques cluster image regions based on pixel properties without
considering the information about the image changes in the time domain, while video stream
segmentation techniques allow efficient detection of moving objects through a technique called
Background Subtraction (BS). Counsidering that the lighting system requires the detection of
moving objects, the object detection applying CV methods can be accelerated using BS algo-
rithms. BS methods are more suitable for detecting moving objects because they do not require
the high computing power of devices to work in real-time. Besides, applying BS methods mini-
mizes the probability of segmentation of undesirable static objects of a scene that can lead to FP

errors.

According to the given detection task, the selected BS method must satisfy the following

requirements:

e detection speed of the method and low computational performance requirements for the
processing device — given the requirements for the algorithm to operate in real-time on
low-performance devices, the selected BS method must provide minimum computational

costs. The performance can be evaluated by the FPS metric;

e high coefficient of algorithm accuracy and segmentation quality — can be evaluated with

the metrics F'1-measure, precision, and recall;

e stability of the algorithm to oscillatory changes of scene areas — the influence of cyclic
motions, such as leaf fluctuations, water fluctuations, etc., should be taken into account by

the background model and have the most negligible impact on the segmentation quality,

e the ability of the method to handle night scenes captured by a camera with a near-IR

emitter.
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1.8.1 Analysis of background subtraction methods

Based on the analysis of existing analytical papers [112]-[122], four BS methods were selected
according to the criterion of the highest performance: Frame Difference, Adaptive Background
Learning, Single Gaussian, and Mizture of Gaussians-based methods.

BS methods based on neural networks, such as simplified SOBS [123] or DSTEI [124], can
achieve high-quality segmentation but, at the same time, are computationally expensive [121].
Therefore, the chosen method must compromise the accuracy requirements and the mathematical
complexity affecting the processing speed.

BS methods generally include initializing the background, detecting areas belonging to the
foreground, and updating the background model [112]. Background initialization — forming the
background model based on a limited number of input frames. Initialization can be performed
by numerous approaches, such as statistical or neural network-based approaches. Detecting areas
belonging to the foreground — new frames are compared to the background model. Finding the
difference by subtraction allows for selecting foreground areas. Updating the background model
— the shooting scene in the real world changes over time. Thus, the background model must
adapt to changing environmental conditions given the updating rate of the background model.
Appeared objects that do not subsequently move must be gradually integrated into the averaged
background model.

The mathematical description of the methods presented below is considered for single-channel
images, as the images obtained from the camera at night are taken in grayscale. The considered
BS methods use the same assumption that the observed video sequence is taken against a sta-
tionary background with a moving object in front of it. The assumption that the pixel intensity
distribution of the moving object is different from the background is described by the following

expression:

1, if d(Ki(u,v), Bi(u,v)) > T

Fy(u,v) = , (1.15)

0, otherwise

where d is a function of the distance (difference) between the pixel intensity of the current
frame and the background model;

u,v — coordinates of the pixel in the image;

T — threshold value is more important for dynamic scenes than static ones. It is chosen
empirically, depending on the method used;

Fi(u,v) — a function of the pixel intensity of the binary mask containing the moving object.
At time t the values of this function are 255 and 0 otherwise;

K;(u,v) — the pixel intensity function of the frame from the video sequence at a particular
point in time ¢;

Bi(u,v) — a function of the intensity of the background pixels at a particular time t.

Frame difference is the simplest background subtraction method. To construct a binary

mask, the distance function dy is defined as:
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dy = |K¢(u,v) — Bi(u,v)| (1.16)

In the case of frame difference, the background model is formed from the previous image as
Bi(u,v) = Ki—1(u,v).

This method is robust to rapid changes in the background scene, while remaining simple to
implement. The ease of implementation makes this method particularly applicable to real-time
systems [125].

Adaptive Background Learning involves using the arithmetic mean of the pixels of the
preceding m frames to form the initial B background model (although a median can also be

used) [126]:

Bi(u,v) = % Z K (u,v) (1.17)
n=1

The foreground objects are defined using this background model according to the expres-
sion 1.16. In order to adapt to the changed scene conditions, the background model is updated

as follows:

Bi(u,v) = (1 — a)Bi_1(u,v) + aK¢(u,v), (1.18)

where o — is a constant update coefficient of the background model, which takes values from
0to 1.

The relatively low computational complexity of the method allows using it on low-performance
devices with a high frame rate. The ability of the method to modify the background model
according to the current frame allows it to be used in scenes with dynamic backgrounds. The
main disadvantage of this method is the need to select the coefficient of updating the background
model according to the moving object’s speed, size, and distance [121]. In addition, with large
values of the updating coefficient, a "tail" behind the moving object may occur [127].

The method using one Gaussian (Gaussian probability distribution) involves building a
background model for each pixel using a probability density function that is updated with the
arrival of new frames [128]. In this case, the pixel with a low probability of being in the background
model is treated as belonging to a moving foreground object.

The distribution density function of each pixel is described by the mean x and the variance o>
for the pixel p over m previous frames. At the first moment, ;1 and o2 are equal to some standard
values: the value of 11 is equated to the pixel value of the first frame, while o2 is calculated using
nearby pixels.

The following expressions are used to update the background model:

pp = Phep + (1= pP)pi—1p
O’tz"p = l?)p +(1- p)of_m, ; (1.19)
lp = |kt p — piepl
where k; ;, is the pixel intensity value p at a particular time ¢;

p — a constant determining the window size for filling the probability density function;
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| — the distance between the average pixel value and its actual value.
Thus, the distance function between the background model and the new frame checks whether

the pixel belongs to the confidence interval of its distribution:

([ Ke(u,v) = pe—1(u,v))]
o¢(u,v)

dy = (1.20)

The value of the deviation threshold 7T, when using this distance function in the expres-
sion 1.16, is usually chosen as 2.5 [121].

The method has a high computational speed and low memory consumption. Using a single
Gaussian often leads to faulty segmentation in scenes with complex background textures. In
addition, this method is characterized by the experimental selection of threshold and learning
coefficient values.

The Mixture of Gaussians (MOG) is a statistical recursive background subtraction method
that handles fluctuations of background elements (e.g., leaves of trees) using a mixture of several
probability density functions. Independent distribution models simulate local pixel intensity
variations, allowing us to account for the oscillatory nature of changes in background texture.
The pixel intensity is compared to the background probability models. If the probability of a
pixel being in one of the distributions is low, the object is treated as foreground. The most
common algorithms of this type are GMG, KNN, MOG, and MOG2 [129]-[133]. These methods
are suitable for motion detection, including near-infrared images, that satisfy the requirements of
an intelligent lighting system.

The probability of a pixel appearing with a certain intensity is expressed as:

M
P(kep) = ZWi,t,pN(kt,pv/‘i,t,pvai,t,p% (1.21)
i=1

where M — number of Gaussians to simulate intensity variations;

k:p, — intensity value of a pixel p at a specific time ¢;

w;+,p — the weight of the Gaussian ¢ in the total mixture at time ¢ for pixel p;

N(ktp, tit,ps 0it,p) — a Gaussian distribution model given by the following probability density

function:

_l(it,p _ ,ui,t,p)2

1 2 }
N (ki p, it py 0i = ex Tit,p 1.22
(Kt.ps 1it,ps Tt p) _— o P ( )

As in the single Gaussian case, checking a pixel k, for falling into existing Gaussians ¢ is done
through the expression 1.20. The result is compared to the rejection threshold. When a pixel hits
an existing Gaussian, it is treated as background. After that, the parameters (i + p, 04+ of the
background pixel model are updated according to the expression 1.19 and the weighting factor

Wi,t,p as:

witp = (1 — Q)wii—1p + (1.23)

where o — the update coefficient.
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When a pixel is not in the distribution, the values pi; ¢, 04+ are not updated, while the
weight coefficient of the Gaussians decreases w; ¢, = (1 —a)w; ¢—1,, and all the weight coefficients

are normalized. A new Gaussian replaces the Gaussian with the lowest pixel weight k;,. All

s
the Gaussians are sorted by the criterion LUP - and only the most likely ones are considered as
Oit,p
background.
h
H= argmin(z w; > J), (1.24)
i=1

where J — threshold value.

The pixels with intensities distanced by more than 2.5 standard deviations from the most
probable background distributions are segmented as foreground objects.

This method can handle complex background textures consisting of several intensity compo-
nents and is robust to gradual changes in scene illumination. The disadvantage of this method
is its high computational complexity and the need to select thresholds and model update coef-
ficients. In addition, when the noise component of the image is high, pre and post-filtering are

required using this method.

1.8.2 Experimental studies of background subtraction methods

Experimental studies of BS methods were conducted to identify the most appropriate method on
datasets collected at night, which are close to the expected operational scenarios. The datasets
contain low-resolution image sequences (up to 320 x 240px) captured at night by a camera
equipped with an IR light. The Fl-measure (F1) was used as an accuracy metric, while the
performance was evaluated by the Frames per Second (FPS) metric. A comparison of the obtained
metrics with the works of other authors is presented in Table 1.4.

A comparison of the characteristics of the methods is made based on four works:

1. Experiments are conducted on custom datasets described in Section 3.1.1 using a Rasp-
berry Pi 3 B+ single board computer. The data were partitioned using OpenCV CVAT [134]
software. The methods used to perform the experiments are implemented in the open C++
library of background subtraction methods bgslibrary [135]. The BS method parameters

used are presented in Table 1.5.

2. A. Sobral et al. [112] tested the algorithms on the BCM [136] dataset, which contains real
and synthetically generated videos of urban environments from a static camera. The data
includes challenging environmental scenarios for segmentation: fog, cloud cover, wind (af-

fecting the fluctuations of background objects), and scenes with sudden changes in lightness.

3. K. Sehairi et al. [121] measured algorithm accuracy using the CDnet 2014 [137] dataset,

which includes video sequences during nighttime, inclemency, dynamic backgrounds, etc.

4. S. Tommesani [138] compared the performance of the presented algorithms on an In-

tel I3 2370 processor using images with a resolution of 320 x 190 px.
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Table 1.4: Comparison of BS methods

) Frame Adapt. back. Single
Metric MOG
difference  learning Gaussian
Exp.* 0.56 0.63 0.66 0.73
F1 [112] 0.80 0.84 0.85 0.85
[121] 0.19 0.28 0.37 0.25
Exp.* 0.65 0.73 0.73 0.81
Precision  [112] 0.93 0.88 0.92 0.91
[121] 0.47 0.44 0.49 0.61
Exp.* 0.50 0.56 0.61 0.68
Recall [112] 0.70 0.81 0.80 0.79
[121] 0.28 0.36 0.30 0.21
Exp.*  267.00 87.00 77.00 60.00
FPS [121] 36.00 33.35 0.11 0.02
[138]  2468.00 336.00 379.00 290.00

*Experiments on owned datasets

Table 1.5: Used BS parameters

Method Parameters
Frame difference T=10

Adapt. back. learning T = 10

Single Gaussian T =2.5; a=0.05

Mixture of Gaussians M =5; a« = 0.01; J =0.03; T = 2.5

Despite the different nature of the data sets, all the studies have similar gradations of F1 and
FPS metrics. The complexity of the dataset explains the low F1 values from [121] relative to the

other sources.

According to the experimental results, the highest F1 value (0.73) was achieved by the MOG
method providing 60 FPS. The frame difference method provides the highest performance
(267 FPS) due to computational simplicity; however, its application is problematic in scenes
with fluctuating background elements, reflected in the lowest F1 values (0.56). It should be noted
that none of the considered methods are stable to sudden changes in illumination, which can be

partially compensated by filtering in the subsequent stages of the algorithm [117].
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1.9 Section summary

Devices based on IR, US, or RW methods can operate in limited visibility conditions. They
are characterized by high energy efficiency, low cost, and ease of use. Applying the passive IR
sensors with the aim of object classification is problematic due to their operation principles. A
disadvantage of active US sensors is the influence of the environmental conditions, materials, and
installation parameters on detection accuracy. RW sensors have high sensitivity [14], which often
causes false positive responses due to vibrations or minor movements in a monitoring area [7].
Existing passive US and hybrid systems based on a combination of RW-IR [139] or US-IR [140]
are designed to detect objects indoors, and their application in the urban street environment
is problematic. One of the critical limitations of passive IR, US, or RW is the relatively short
detection range, which does not exceed 12 m [7], [8], [25], [31]-[35], [141]-[143], that does not meet
the requirements of the SL system for the detection range. Solving the classification problem by
active IR or active US rangefinding requires a specific location of sensors relative to the monitoring
zone (for example, perpendicularly over the area [18], [45]), which is challenging to implement in

a city street environment and contradicts the SL system requirements for the sensor’s location.

Computer vision methods can detect objects in images or videos. The classical Viola-Jones
and HOG algorithms require training the classifier with data closest to the expected operat-
ing conditions. These methods are not universal with regard to shooting parameters and scene
configuration: the position and rotation of objects in space, lighting, and frame resolution signifi-
cantly affect the detection accuracy. Appeared at the beginning of the CV era, these methods are
based on the exhaustive search technique, which requires high computational costs and, therefore,
cannot be applied to modern low-performance System on Chips (SoCs) [3], [101], [106]-[108].

In recent years, DL, models have gained popularity due to the increase in GPUs’ processing
power. In the field of object classification and detection, the most famous methods are based on
CNNs and their modifications, such as R-CNN, YOLO, SSD, etc. DL models have high accuracy,
however, they remain too slow for real-time operation on single-board computers [3], [104], [105],
[108].

The necessary camera parameters and the algorithm performance were calculated. The size
of the observing area in the image depends on the camera installation height and distance to the
lighting area. In the worst scenario of physical camera installation, the required frame rate should
be FPS;.q = 10 , while VAOV,,;r, = 90 deg and HAOV,p;,, = 120deg. The calculated VAOV,,;,,
and HAOV,,;, angles can be achieved by wide-angle lenses. Such lenses introduce significant

distortions in the image, which may require correcting them using an appropriate method.

Based on the given requirements, the Raspberry Pi 3 platform was chosen as a representative
of low-performance embedded microcomputers for comparing the FPS performance of the CV
algorithms in a frame of the analytical study. The study showed that the conventional CV al-
gorithms (F PS4, = 1.82) and algorithms based on CNNs (FPS,,q, = 1.55) could not achieve
the required detection speed on the target platform (F PS40 < FPSpeq) and, therefore, do not
meet the requirements. The considered speeding-up techniques of CNNs by hardware accelera-

tion of calculations (FPS,,q; = 5.55) or preliminary segmentation by background subtraction
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(FPS 4z = 2.9) cannot provide the required frame rate [4], [102], [103], [106], [107].
Comparing conventional detection approaches to CV methods, the later are preferable for

solving the problem of object detection in the frame of the SL system:

e CV methods allow for detecting objects at a greater range than existing commercial sensors
can provide. However, the detection range is limited by the camera’s viewing angle, image

resolution, and IR illumination power;

e CV methods are more versatile since the detection parameters can be changed without

modifying the hardware;
e wide variety of camera installation locations relative to the monitoring area is possible;

e the cost of CMOS matrices, especially for low-resolution cameras, is comparable to most

budget representatives of conventional methods.

The main disadvantage of the existing CV methods is the high requirements for the computing
power of devices. Thus, the developed method should fill the gap between computationally com-
plex CV algorithms and low-performance computers. Nevertheless, the task of object detection

applying CV methods in this scenario has a number of challenges:

e the images are grayscale and have poor contrast since they are captured in the near-infrared

spectrum (during nighttime).

e making a switching decision in real-time is necessary because objects can move with high
velocity. The detection speed of single-board IoT devices is slow because their processing

units do not include additional instructions existing in "big" non-embedded processors.

e the image resolution is lowered to 320 x 240 px in order to reduce the amount of processing

data.

e synthetic data can compensate for the deficiency of labeled training data from real street

environments [144].

Several background subtraction methods have been analyzed. Applying such methods can
speed up detection by computationally inexpensive image segmentation and, as a result, improve
the performance of a computer vision algorithm. All the considered background subtraction
methods can operate on low-performance computers in real-time and provide a sufficient frame
rate. The method based on a Mixture of Gaussians has shown the highest Fl-measure on the

nighttime dataset.



Chapter 2

Proposed detection method

The chapter describes the structure and main stages of the developed algorithm. The proposed
feature extraction method is presented. Characteristics of the expected urban objects and their
features are considered. The method for generating synthetic data for training the classifier is

described. The results presented in the second chapter were published in [8], [145]-[147].

2.1 Structure of the detection method

A scheme of the detection method proposed in the course of this Ph.D. includes six stages and is

shown in Figure 2.1.

captured image
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transformation
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2 | pre-processing ROI<
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Figure 2.1: Proposed detection algorithm scheme

1. As a result of camera calibration, the intrinsic and extrinsic parameters of the camera, as
well as the lens distortion coefficients, are determined. Calibration can be performed by

well-known methods, for example, by algorithms Tsai R. [148|, Zhang Z. [149], etc.
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2. The pre-processing unit receives images taken by a camera, fixed on a static object, and

directed to the monitoring area. Adaptive histogram equalization is applied to a sequence of
input images to improve the results of subsequent background subtraction in night scenes.
The contrast stabilization technique and its parameters can be changed depending on the
specific operational case. Camera lens distortions can be corrected at the current stage by
applying the correction to all pixels of the image, or at the feature extraction stage, only to
the ROI to reduce the number of redundant calculations. The image correction is performed

using the lens distortion coefficients obtained in the calibration step.

. The resulting image is processed by a Background Subtraction (BS) algorithm to segment

the image and obtain a binary foreground mask containing moving objects. The choice of the
BS method for video stream segmentation is justified by low computational costs relative to
segmentation methods based on statistical clustering or neural networks [150]. BS methods
generate an averaged background model, adapting to gradual changes in illumination and
fluctuating scene parameters [151]. These methods have some limitations, including the
inability to distinguish static objects, which does not contradict the requirements of the
smart lighting system. The BS method based on MOG was used in the proposed detection

algorithm. The rationale for choosing the segmentation method is discussed in Section 1.8.

. At the stage of filtering and transformation, a morphological opening is applied to a binary

image, which includes subsequent erosion and dilation operations performed with the same
kernel. The erosion removes noise caused by minor fluctuations and changes in lighting,
while the dilation increases the ROI that has been cut off by erosion [152]. An additional
dilation is performed to merge the subareas of interest broken up incorrectly during the seg-
mentation process, primarily due to insufficient scene illumination. The primary parameters
of objects, such as the contour area, the bounding rectangle, and the object’s coordinates in
an image, are determined using the OpenCV computer vision library, which, in turn, uses
Green’s theorem to calculate. Small objects are removed by comparing the contour area
to a statistically defined threshold. The filtering and transformation techniques used are

described in more detail in Section 2.1.4.

. The camera intrinsic parameters, obtained during the calibration process, allow converting

the primary parameters of objects into several features (distance, estimated width, height,
and contour area) that describe the geometric shape and coordinates of the object in the

real world. A detailed description of this stage is given in Section 2.1.5.

. A trained classifier, based on logistic regression, decides whether the candidate’s attributes

belong to a particular class (for example, a pedestrian, a cyclist, or a car). The classification

stage is described in Section 2.1.6.

2.1.1 Camera calibration

A matrix of internal camera parameters and lens distortion coefficients are determined during the

calibration. The resulting camera calibration parameters are used in the feature extraction stage
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of the developed detection method.

A widely used calibration approach is the Zhang [149] algorithm, which uses a checkerboard
as the calibration object. The use of the checkerboard is motivated by the ease of detecting the
coordinates of the rectangles’ corners. On a number of chessboard images, projective transforma-
tions between chessboard points in the real world and the image are determined from different
angles. The resulting projective transformations are used to estimate the internal camera pa-
rameters by applying a closed-form linear solution [153]. The camera calibration also determines
lens distortion coefficients used in lens distortion modeling. The distortion components are radial
and tangential. Radial distortion is axisymmetric and can be described by a radial function, as
proposed in the classical Brown-Conrady [154] lens distortion model. Tangential distortion occurs
when the camera matrix and lens are not parallel. The radial components of distortion are more
than an order of magnitude greater than the tangential components, so in practice, tangential

distortion is often ignored [155].

2.1.2 Pre-processing

The problem of insufficient image contrast getting especially relevant in low-light conditions when
using a camera with an IR emitter. The pixel intensities are distributed in a narrow range in
such cases, which makes their differentiation problematic, in particular, in the next segmentation
stage. An adaptive contrast stabilization technique is applied to improve the contrast component
of the input image. This technique redistributes the pixel intensities through a transformation
function determined by neighboring pixels. The adaptive contrast stabilization algorithm for a

single-channel image includes the following steps:

e An image is split into regions. For each region, the transform function is calculated —
Cumulative distribution function (CDF) (cumulative histogram containing pixel intensities

and their number in the image);

e new values of pixel intensities are calculated for each region according to the following

histogram stabilization expression:

CDF(v) — CDF,s1,
(M- N)

h(v) = round( — CDF,in) - (L — 1), (2.1)

where round — is a rounding function to the nearest integer;
CDF,,;» — a minimum nonzero value of the cumulative probability function;
M, N — width and height of the region, px;

L — number of pixel intensity levels.

The Contrast Limited Adaptive Histogram Equalization (CLAHE) [156] is used to minimize
the noise component of the area that can be amplified during stabilization. The pixel histograms
exceeding a threshold value are clipped by evenly redistributing them across the rest of the

histogram cells.
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2.1.3 Background subtraction method

According to the comparative analysis (Section 1.8.2), the BS method based on a Mixture of
Gaussians has shown acceptable performance and the highest accuracy during trial on the near-
IR nighttime dataset. In the following work, the Mixture of Gaussians is used as a method of video
stream segmentation. The proposed detection algorithm, however, is not focused on a particular
segmentation method, which can be chosen depending on a particular task and expected operating

conditions.

2.1.4 Filtering and transformation

The primary filtering is performed at the filtering and transformation stage, and the binary mask
and segmented objects of interest are prepared for the next feature extraction stage. The basic

geometric parameters are extracted from the objects of interest.

Morphological filtering

The binary mask obtained as a result of segmentation, containing the objects of interest, is
subjected to preliminary filtering from noises to exclude them from the subsequent processing.
Noises on the binary mask often arise due to reflections of a light beam (produced by headlights
or flashlights) from the surfaces.

Morphological opening (opening) [64] is used to filter the binary image. The morphological
opening involves sequential erosion and dilation operations performed with the same structural

element:

AoB=(AeB)®B, (2.2)

where A — binary image;

B — a structural element, which is a binary geometric shape (e.g., a rectangle);

O, @ — erosion and dilation operations, respectively.

During the opening operation, noises (points, lines) with a smaller diameter than the structural
element are removed. While this operation introduces distortions to the geometric shape of the
object of interest, smoothing the contours, these distortions can be neglected when the size of the

structural element is much smaller than the size of the expected objects of interest.

Finding basic geometric parameters of an object

The filtered binary foreground mask is used as input data to find the basic geometric parameters
of the object. The following geometric parameters of the object in an image with resolution

Umaz X Umaez are determined if the object is present in the image:

e area of the object in pixels (capy). The area is found through standard methods of the

OpenCV computer vision library, which subsequently uses Green’s theorem for computing;

e bounding rectangle of the object, represented by the coordinates of one of the corners and

lengths of the sides (u,, vo, w, h), and its area in pixels (carps);
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Filtering by minimum contour area

The large noises are not eliminated during the morphological opening. The obtained contour areas
are filtered by another method to reduce the number of candidates processed in the subsequent
stages of the algorithm. Undesirable candidates are filtered out by comparing the contour area

ratio of the object to an experimentally defined threshold:

17 if fca < tca
Sea = (2.3)

0, otherwise

Clpg

fca = 100 - (24)

Umaz * Umaz
where f., — contour area ratio defined as the ratio of an object area to the total area of the
image;
teq — threshold value.
Finding the threshold value is based on a statistical analysis of experimental data. Three

datasets have been formed using self-gathered and publicly available data:

e Non-informative objects (normal) are noises and artifacts remaining after the morphological

opening in a binary mask in normal weather conditions.

e Informative objects (normal) - objects of interest (pedestrians, bicyclists, and cars) captured

in normal weather conditions.

e Non-informative objects (rain) are noises and artifacts remaining after the morphological
opening in a binary mask. The noises are mainly caused by rainfalls of different intensities
and oscillation of grass or bushes due to gusts. The dataset is built using self-collected and
publicly available data, which includes scenarios during day and night. The dataset details

are shown in Table 2.1.

e Non-informative objects (snow) are noises and artifacts remaining after the morphological
opening in a binary mask. The noises are mainly caused by snowfalls of different intensities.
Swaying branches of the trees are present in the dataset. The dataset is formed from public

data and includes only daytime scenes. The dataset details are given in Table 2.2.

The datasets with non-informative objects (normal) and informative objects (normal) include
day and night scenes that have been gathered in normal weather conditions without precipitations.
An experimental setup, scenarios, and description of the dataset are presented in Sections 3.1
and 3.2. The contour area ratio (f.,) is calculated for each dataset according to Formula 2.4.
Dispersion of the contour area ratio for four datasets is shown in Figure 2.2.

The interquartile range (IQR) is used to find the boundaries for outliers. An upper whisker

defines the contour area threshold for the non-informative data:

tea=Q3+15 IQR (2.5)
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Table 2.1: Properties of the dataset containing noises in rainy weather

. Time of Moving . Wind
Scenario Source Precipitations
day objects speed
Light rain *self day grass, raindrops 0.2mm 24km /h
Moderate rain  [157] night raindrops - -
[158] night raindrops - -
*self night trees, raindrops 0.8 mm 15km/h
*self day trees, raindrops 1.2mm 15km/h
Heavy rain [159] night reflections, raindrops - -
[160] day bushes, raindrops - -

*self — data gathered by the author

Table 2.2: Properties of the dataset containing noises during snowfall

Scenario Source Time of day Moving objects
Light snowfall [161] day snowflakes
Moderate snowfall  [162] day snowflakes, branches
Heavy snowfall [163] day snowflakes, branches

Among the datasets containing non-informative data in different weather conditions (non-
informative objects (normal/rain/snow)), the maximal value at the upper whisker (0.271%) is
obtained for the dataset gathered under normal weather conditions - non-informative objects
(normal). The more considerable variation of the contour area ratio for non-informative data in
normal weather scenario compared to scenarios with precipitations is explained by the presence
of moving lighting sources in the normal dataset. The moving lighting sources produce more
significant artifacts in the foreground mask than rain or snowfall. Thus, the chosen threshold
value for the normal dataset filters out noises appearing during rain or snowfall.

The chosen threshold filters most non-informative data and minimizes interference with infor-
mative objects (lower whisker is 0.333 %) since the outlier boundaries for both distributions are
not overlapping. The proposed filtering approach reduces the number of undesired objects on the

order of magnitude.

2.1.5 Proposed feature extraction method

A projection of a 3D object in the image is determined by a camera’s extrinsic and intrinsic
parameters. Extrinsic parameters of the camera are coordinates in space relative to the object
and rotation angles around the axes. Intrinsic parameters are focal length, the sensor’s physical
dimensions, and the image’s optical center. The feature extraction method uses these parameters

to roughly estimate the geometric dimensions of an object in the real world. It is important to
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Figure 2.2: Box-and-whisker plots for contour area ratio for different weather conditions
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note that the proposed method is not aimed at accurately measuring the geometric dimensions

of an object; however, it allows identifying unique features that make it possible to differentiate

the types of objects at the classification stage. The obtained geometric parameters are referred

to as estimated since the calculated values may differ from the actual dimensions of the object.

Calculation of the distance to the object.

The distance between the camera and the object is determined to estimate an object’s size in the

real world. The method transforms the coordinates of the image into real-world coordinates. For

that, several pre-requirements must be met:

e an object intersects a ground surface in the real world at least at one point;

the sensor, and image resolution;

the lowest object point in the image lies on a ground surface in the real world;

known intrinsic camera parameters such as equivalent focal length, physical dimensions of

e known extrinsic parameters, which include tilt angle and real-world coordinates of the cam-

era relative to the horizontal surface;

known distortion coefficients of the camera lenses.
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Camera lens distortion is corrected for radial and tangential factors using the Brown-Conrady

optical distortion model [154]:

7= \/(u’ —ue)? + (v — v.)?
u = u' (14 k1?4 kor® + ksr%) 4+ 2p1u/v’ + po(r? + 20/?), (2.6)
v =0 (14 kir? + kor) 4 p1 (12 + 20"%) + 2pou’o’

where u, v — coordinates of the corrected pixel along the abscissa and ordinate axes, px;

u’, v — coordinates of the distorted pixel, px;

r — a function of the coordinates u’, v/, depending on the distance to the optical center of

the lens (the central pixel of the image with coordinates u., v.);
ki1, ko, ks — radial distortion coefficients;

p1,p2 — tangential distortion coefficients.

CCD h; m Len%’/ Umax
’ : : u, px
Sr _____lll _________________________________ q C o o e oo - ,'C _______ ’
/8 PUI Uu - - - Pu 1
f " o l !
v he :
OV B
. A v Py, Abr = 4b
max
do d,m v,px U Urle

Figure 2.3: Object distance estimation scheme: real-world (left) and image plane (right) scenes

According to Figure 2.3 (right), one of the bottom pixels of object O is the point Py(u,,vp)
in the image with a resolution of w4z X Umas. The image principal point C(u., v.) corresponds
to the camera’s optical center, which for an ideal camera is equivalent to the center pixel of the
image.

Given the distance | = v, —v,, as the distance along the v axis between the lowest point of the
object and the principal point of the image in pixels, it is possible to find the equivalent distance
I7 in units of the 3D scene (mm):

St _ Umax — = Sl _ St (’Ub —UC) (27)

l/ l vmax 'Umaa:

where vy is the lower coordinate of the object in the image, px;

S! - camera sensor height, mm;

Umaa - image resolution along the v axis (image height), px.

The angle « is calculated using the segment [/ from Expression 2.7 as the first cathetus and

the focal length f as the second one:

a = arctan (%) = arctan (fvi(vb - vc)), (2.8)

where f is the focal length of the camera, mm.
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The distance to the object is calculated based on the height h. and the camera angle p, in
the same way, as the angle o between the bottom point of the object O and the camera’s optical

center had been found. Distance is found using the following expression:

he
~ tan (a + (90° — p))’

o

(2.9)

where (90° — p) is a tilt of the camera with respect to the ground, deg.

Object height estimation

The estimated object height is found using the calculated distance and known intrinsic camera
parameters. According to Figure 2.3, pixels P, and P, correspond to the image plane’s lowest
and highest points of the object O. The angle between these points is found using Expression 2.8.
The angle  ~ v (shown in Figure 2.4) is calculated using Formula 2.10.

S

v =« — = arctan ( (vp — 'Uc)) — arctan ( (Vu — vc)), (2.10)

Umaw vmax

where v, and v,, are the lowest and highest coordinates of the object along the v axis, pzx.

h, m

~

Figure 2.4: Object height estimation scheme

o

d
The angle § = arctan (fT)’ therefore, e = 180° —  — 6. Given all the angles and one side of

the triangle, the estimated height of the object is calculated as follows:

sinn

he = ho + hepr = hy - (2.11)

sine
The result of Expression 2.11 is the height of the actual object and the non-negative estimation

error due to the geometric shape of the object and the camera setup parameters.

Object width estimation

The estimated width of an object is calculated via an inverse projective transformation to recon-
struct real-world coordinates from image points. The inverse projective transformation can be
expressed in the Pinhole Camera Model [164]. The following expression describes the Pinhole
Camera Model:
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X
u fr 0w 1 0 01t v
v | =K-[Rt] W=1] 0 f, vo| |0 cos —sinf |t 7| (2.12)
1 0 0 1 0 sin@ cosf | t3 .

where u, v — coordinates of the projected point on the image plane, px;

K is a matrix of intrinsic camera parameters which describes the relationship between a point
in the camera coordinate system and a point in the image coordinate system; the matrix includes
the focal lengths f,, f, in pixels and the central coordinates of the image c, ¢y, px;

[R|t] is a matrix of extrinsic camera parameters that describes the position and direction of
the camera in the real world. It includes the rotation matrix R, in which rotation is expected only
around the X axis by 6 degrees; and the matrix of extrinsic parameters also contains a transition
vector t1—t3, whose values can be set to zero if the shift is included in real world coordinates
X, Y, Z;

W — the matrix of coordinates of a real-world point, expressed through the representation of
the coordinates of the point (X,Y, Z) in the homogeneous system.

The inverse perspective transformation can be found based on the forward transformation 2.12

as:

X
v u
= [R‘t]_l : K_l : v * Zcam (213)
A
. 1

where X,Y, Z - coordinates of a point in the real world, m;

[R|t]™! - inverse matrix of extrinsic camera parameters;

K~ is the inverse matrix of the camera’s intrinsic parameters;

u, v - coordinates of the projected point on the image plane, pz;

Zeam - scaling factor equal to the distance to the object in the camera coordinate system, m.

The image point with coordinates u v is pre-corrected to eliminate lens distortion. Being
interested only in the 2.4, parameter and considering rotation around the X axis, zcq, is derived

through the simplification of [R|t] - W and has the following form:

Zeam =Y -sin@ + Z - cos (2.14)

According to Figure 2.3, the terms of the expression are the height of the camera Y = h,
the distance to the object Z = d,, and camera rotation angle # = 90° — p. Thus, the inverse
transformation (Expression 2.13) allows estimating the X coordinate of an object point in 3D
space, which corresponds to the projection of this point into the image with coordinates u, v.
The estimation is based on the assumption that the lowest point of the object lies on the ground
surface.

To estimate the width of an object in the real world, the left-most Py (u;, vp) and right-most

Py, (ur, vp) bottom points of the object’s bounding box in the image are reconstructed in the 3D
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scene. The reconstructed points Py; and P, have X;, Y], Z; and X,.,Y,., Z, coordinates in the real
world. The estimated width of the object is found as the distance between these points. When
calculating this distance, only the X coordinates are taken into account since the values of the Y

and Z coordinates for all points on the lower side of the bounding box are the same:

We = Wy + Werr = /(X — X))? (2.15)

Contour area estimation

The estimated contour area of an object (ca.), expressed in real-world units, is calculated by the
ratio of the bounding box area to the object’s contour area in the image and the real world.
hpe - Wpy Lo w Clpg * e - We

Jletwe 3 (2.16)
Capg CQe hpx * Wpg

where hp,, wp, - height and width of object’s bounding rectangle in image, pz;

cape - a contour area of the object, pz.

2.1.6 Object classification

Reaction to a motion is made only for specific objects, depending on their geometric parameters.
The object type is determined using a trained logistic regression classifier. The classifier is trained
using real and synthesized features of objects. The type of object is described by a number of
features that characterize its geometric parameters, in particular, the estimated width, height, area,
distance to the object, and the parameters of the 3D scene - the angle of the camera relative to
the ground surface and the height of the camera. The parameters of the 3D scene compensate for
estimation errors (le,r, Werr) appearing at the feature extraction stage. The logistic regression
method was used as a statistical model for multi-class classification since this model does not
require significant computational resources, providing the ability to adjust the parameters of the
target function and easy regularization [165].

Logistic regression uses a logistic function (sigmoid) as a hypothesis to model a probabilistic
output in which a range of values lies in the interval [0, 1]. The logistic function is represented

as [166]:

1
hg(z;) = T .
1+e7* (2.17)
z = 5T93¢

z — a regression equation in vector form, the polynomial order of which is chosen depending
on the specific dataset;

B — vector of model parameters;

x; — vector of input features of point .

The choice of parameters § determines the probability that the input features x belong to a

particular class y:

hg(zi) = P(y = 1]z 8) =1 — P(y = 0lzy; B) (2.18)
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The 8 adjustment is performed by minimizing the loss function on the training dataset, for
example, through the gradient descent algorithm. The training sample is marked so that the
feature set for each point ¢ corresponds to a binary label of y belonging to a specific class. The

loss function for logistic regression can be expressed as [167]:

T) = =23 yiog(haln)) + (1 — i) log(1 — h(), (219)

where n — the number of elements in the training sample;
y; — a binary label of class affiliation.

The updating of model parameters via gradient descent is done simultaneously:

n
[

0
Bi = Bj — Oéaiﬁjt](ﬁ) =B6i- ;(hﬁ(%‘) = Yi)Tij, (2.20)

where « is the learning rate coefficient of the model.

The multi-class classification problem is minimized to binary if several classes y € {0, 1...k}
are present.. For each class, hypotheses hg ;(z;) are constructed, transforming the binary labels
of the data set so that for the class in question y = 1, while for all others y = 0. As a result, the

hypothesis of the class with the highest probability for the input feature set x; is chosen.

2.2 Classes and characteristics of detecting objects.

The following object classes are expected in the SL street environment: pedestrian, cyclist, and
vehicle. These classes can also be combined into a common metaclass - the target group. Any other
object that does not belong to the target group’s classes is considered a noise class. The noises are
the ROIs appearing due to rapid changes in scene illumination or oscillation of background objects
(e.g., trees). The class noise is not the target class but the supporting one. The target group class
is introduced for a binary classification between the target group and noise. The misclassification
problem between classes within the target group is considered less significant than the target group
/ noise classification since all classes require lighting at night. As a result of the analytical study,

the most probable parameters of objects in the real world were distinguished (Table 2.3).

Table 2.3: Selected boundaries of geometrical parameters for the target group [168]-[175]

Target group
Class
Pedestrian Bicyclist Vehicle

min max min max min max

Width, m 030 064 030 064 140 1.80
Height, m 1.15  2.00 150 190 1.40 2.00
Depth, m* 030 079 150 170 3.70 6.50
Speed, m/s  1.10 450 1.50 9.00 4.00 20.00

*Maximal step size for a pedestrian
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Environmental conditions, properties of 3D scenes, and properties of objects, such as lighting
and object material, can distort the geometric parameters of objects. These distortions lead
to insufficient or incorrect segmentation of objects. Moreover, each class introduces its specific
distortions. The pedestrian class is subject to non-expected moving behavior. The pedestrian
changes its geometric parameters while walking because of the non-rigid nature of the human
body. Several distortions are common to the cyclist and vehicle classes. For example, in some
night scenes, the object and the light produced by its headlights (reflections from asphalt, etc.)
can merge into one object. Motion Blur can occur due to slow shutter speeds, especially when
capturing fast-moving objects. Large-sized vehicles moving at certain angles can cause significant

estimation errors during feature extraction.

2.3 Synthetic data generation methods

The purpose of the synthetic data generation is to collect plausible geometric features of the
classes for training the classifier. Using synthetic data speeds up the process of collecting and
preparing data for training, unlike empirical data collection via a real camera. Given the lack
of real data for training the classifier in the public domain (nighttime IR datasets with known
intrinsic and extrinsic camera parameters), the method for generating synthetic data can be
especially important (Table 2.4). The synthetic generators provide detailed parameters about
the scene configuration, which are required by the Dimensional Based Object Detection (DBOD)

algorithm, e.g., cameras’ focal length, height, incline, and sensor dimensions.

Table 2.4: Properties comparison of synthetic datasets to publicly available ones [176]

Real (open access) Synthetic
Nighttime scenes very limited any
Camera parameters usually not provided any
Tlumination daytime/street lights/IR daytime/street lights/IR
Camera position arbitrary smart-lighting specific

The synthetic data has been generated by two methods to find the most accurate solution for

the DBOD algorithm: perspective projection and full scene reconstruction.

2.3.1 Perspective projection method (method 1 - proposed in the
course of the Ph.D.)

The essence of the technique is to project the prepared 3D models of objects into the image
plane to generate a foreground binary mask. During the projective transformation, the object is
proportionally scaled within the specified range of geometric dimensions in the real world. The
coordinates are shifted within the boundaries of the control area (35 x 35 x 12 m). Rotation of
the object around the Y axis in the range of 0 — 360 deg is performed to simulate the object’s

movement direction. The object’s rotation around the X axis in the range of 0—90 deg relative to
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the ground is performed to simulate the camera tilt angle. The convolution of the original image
and the point spread function introduces the linear motion blur effect. The function arguments
(the pixel movement length during exposure and the angle with respect to the horizontal axis)
are determined through the projective transformation of an object point moving at a constant
speed in the real world into the image plane. Morphological erosion is applied to the image to
emulate insufficient scene illumination, which is typical for the real dataset. The distorted image
is filtered and transformed as described in Section 2.1.4. The feature extraction method uses
the distorted binary image with a segmented object to calculate the features of the object. The
feature extraction step is identical to the one described in Section 2.1.5. The resulting object
features are associated with the parameters used to generate the scene and used for training the
classifier. The noises are generated numerically as vectors of features out of known ranges. A

schematic of the synthetic data generation method is shown in Figure 2.5.
- o= e\
1 ! 3D object
I preparation
[}

""" 1?5 object
binary mask .
2 generation filtering 4
binary distorted
lmask binary_mask Rols
i i feature
3 distortion feature 5
loop: )
iteration over matrix P
feature 1
feature 2
feature n

Figure 2.5: Scheme of synthetic feature generation

The parameters for generating the scene and the synthetic object in it are defined in the P
matrix. Each row of the matrix contains a set of parameters for the current iteration of the
algorithm. The matrix P is an array corresponding to specific object models.

3D object preparation. The 3D models are prepared for each class (described in Sec-
tion 2.2). Preparation of 3D models consists of modifying the motion poses of the original 3D
model templates available publicly [177]. 3D models of the pedestrian class are represented by the
most likely poses of its movement — walking, running, and standing still poses. The models of
the cyclist class are expressed in different positions of a person on a bicycle and types of bicycles.
The models of the transport class are represented by different types of vehicles. In addition, in
order to speed up the subsequent data collection process, the number of vertices and polygons
of the models is reduced to no more than 500 triangular polygon vertices per object. Exam-
ples of prepared 3D objects are shown in Figure 2.6. Manipulations for 3D model preparation
were performed using Blender 2.81a software. Prepared 3D models are saved in files of format
"Wavefront.obj" containing coordinates of vertices and corresponding polygons to simplify the
file reading by the data collection algorithm. Each object is an array of coordinates of object

vertices, where each object vertex is a vector of coordinates (ps,py,p-) in homogeneous form.
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Figure 2.6: Examples of 3D objects used for method 1

Binary mask generation involves a series of linear transformations with the specified scene
and 3D model parameters.

The object’s scaling is done proportionally, according to the expected dimensions in Table 2.3.
The total scaling factor vy is defined as vs = Z—t, where v; is— the table size along the desired axis;
v, is the initial size of the object, defined as ‘(c)he distance between the maximum and minimum
coordinate along the desired axis. Thus, minimum (Vi) and maximum (vgmes) scaling factors

considering the height, width, and depth of the object (along axes z, y, and z in the 3D scene)

are defined as:

. VUt Uty Vtz Vtx /Uty Utz
Vsmin = Min(——, — (—— —

) 5 )7 VUsmaz = Maxl ) )
Vox Voy Voz Vox Voy UVoz

(2.21)

Scaling of object points is performed using the following linear transformation in the homo-

geneous coordinate system:

Vg 0 0 0 Pz VyPx
0 v 0 0 v
Sup= y Puf | WPy (2.22)
0 0 v, O Dz VP2
0 0 01 1 1

where S, is the scaling matrix;

p — object point coordinate matrix;

Vg, Vy, U, — scaling vector, where v, = v, = v, = v, in case of proportional scaling of the
object;

Dz, Dy, P> — coordinates of the 3D vertex.

The object is rotated around the Y-axis from 0 to 360° to simulate the movement direction.

The rotation is the product of the rotation matrix and the coordinates of the object vertices:

—sinf cosf 0 O Dx
0 0 1 0
Ryp= Pl (2.23)
cosf sinf 0 O D2
0 0 0 1 1

where R, is the rotation matrix;

6 — rotation angle.

The object coordinates are translated into a range of 3D coordinates of the modeled control
area to generate scenarios with different objects’ locations. In the 3D scene, the object has
coordinates t, t,, and t. in the ranges from t;min t0 tzmax, Which corresponds to the lateral

displacement; from tymin t0 tymaee — corresponding to the camera location height; from ¢.,min
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to t.mar — the object distance from the camera. The dimensions of the control area used for
modeling were 35 x 35 x 12m, where 12 m is the maximum expected height of the camera location.

The coordinates of the object in 3D space are iterated through the coordinate array C', where
C; = (tz,ty, t.), which includes all possible combinations of object coordinates in the control area.

The coordinates translation is performed through the following transformation:

1 0 0 ¢ Dz te + Do
01 0 ¢t t, +
T,p = N A (2.24)
0 0 1 ¢, Pz t, +p.
00 0 1 1 1

where T,, — translation matrix;

tz, ty, t. — translation vector.

The object is rotated around the X-axis from 0 to 90° to simulate the camera tilt angle. The
rotation matrix is presented earlier in the expression 2.12.

The projective transformation projects the object points in 3D space onto the 2D plane, given
the camera parameters (expression 2.12).

Thus, all the transformation steps of the object vertex into an image point can be represented

by the following matrix product:

Dz
U
Py
v | =K -Ry-T,-Ry-S,- , (2.25)
Y2
1
1

where u, v — the desired projection of a 3D object vertex in an image;
K — a matrix of intrinsic camera parameters;

R;, Ry — rotation matrices around X and Y axes;

T, — a translation matrix;

S, — a scaling matrix;

Dz, Dy, D= — coordinates of an object vertex in the 3D space.

Thus, the complete transformation matrix has the following form:

u UV €08 0y cos by — frv, sin b, favy cos 0y + ucvy cos 0, sin b,
v | = |vevg cos by cos by — fyv,sinby cosfy, v.vy cos,sind, — f,v,sinb, sin,
1 Vg €S O, cos 0, vy cos 0, sin 0,
UV, Sin O, fote + uc(tysind, +t, cosby) Pe
fyvzcosby + vev, sindy,  fy(t, cosl, —t,sinb,) + vo(t, sinf, +t, cosby) | - Py (2.26)
v, sin 6, tysinf, +1t, cos O, be

1

Distortion of the binary mask is performed to approximate synthetic data to the real datasets.

One of the most influential distortion components is the motion blur effect, which occurs when
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relative motion between a camera and subject is present during capturing [178]. Simulation of
the motion blur effect allows taking into account the imperfection of a capturing device. The
real-world scene parameters affecting the motion blur are exposure time, object velocity, object
coordinates, and motion angle. The proposed distortion method iterates the exposure time and
the object’s velocity in the expected ranges, introducing the blurring effect depending on the
coordinates and angle of the object. A distorted binary mask is formed at each iteration, which
is subsequently processed by the feature extraction algorithm.

The distorted image with the blurring effect i(u,v) is obtained as a result of the convolution

between the original image f(u,v) and the point spread function d(u,v) [179]:

i(u,v) = f(u,v) *d(u,v) (2.27)

The point spread function for the homogeneous linear motion blur is expressed as [180]:

Ly,
, if\/u2+v2<i/\gz—tan¢>
d(u,v; Ly, ¢) = { Loe 2w , (2.28)

0, otherwise

where u, v — coordinates of the pixel;

Ly, — length of pixel motion during exposure, px;

¢ — the angle of motion relative to the horizontal axis, rad.

The arguments of function 2.28 are the angle ¢ and the length of pixel motion L,,. The
determination of these arguments is based on point motion modeling with the given parameters
of the 3D scene and the subsequent projective transformation.

As a base point, the central-frontal point of the object p,, lying at its base on the ground plane
(the X Z plane), is chosen. The base point p, has coordinates X,, Y,, and Z,, which are set at
the stage of coordinates translation. The motion length L,, of point p, during the exposure time
is calculated in the 3D scene as L,, = v - t., where v is the constant velocity of a point, which is
selected from the range of velocities [Upin, Vymaz] corresponding to the object class, according to
Table 2.3; t. — exposure time, chosen from the range [temin, temaz] determined experimentally,

where tep,n corresponds to the minimum exposure time at which the blur effect is not noticeable.

(a) 3D scene (b) Image plane

Figure 2.7: Moving point parameters

The projective transformation of points p, and p, allows estimating the arguments of the
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blurring function for the moving object in the image plane. These points are defined in the image
plane as po/ and p,/ with coordinates (Upos, Vpor) and (Upss, Vpsr). The angle 0, is set at the rotation
stage around the Y -azis to simulate object movement direction. Coordinates of a new point p,/

in the image plane are calculated given the angle 6, and the length of motion L,,:

Xpo + Ly, cos(6y)
Upsr

Yys
Upsr | =K Ry Tps =K Ry P : (2.29)
. Zpo + L, sin(6y)
1

where the coordinate Y, is assumed to be equal to the coordinate of the source point since
the motion of objects is expected only in the X Z plane.
Then, the length of motion Ly, and the angle ¢ with respect to the horizontal axis u in the

image plane are defined as:

Lpz = \/(Upo/ + upsl)2 + (Upol + Ups/)2

arcsin(y/(Vpor — Vpsr)?)

Ly

The resulting object contours are processed by the proposed feature extraction method to

(2.30)

¢ =

collect data for training the classifier. The features of the class noise are generated numerically

as a uniform distribution, with the feature values lying outside the intervals of the target group.

2.3.2 Full scene reconstruction method (method 2 - proposed by Kar-
pov et al.)

The method for synthetic data generation proposed by Karpov et al. [144] was used as a second
synthesizing method for accuracy comparison. The 3D scene is modeled using the Unity 3D engine
to emulate a dark urban environment. During the modeling, 3D objects of the target group are
moving at typical speeds along predefined trajectories. Compared to the perspective projection
method, the current approach allows synthesizing realistic illumination conditions (camera’s IR
light, lamps of vehicles and bicyclists, streetlights). In addition, the distribution of noise features
is more realistic (corresponds to a real dataset). Examples of generated scenes by this method

are shown in Figure 2.8.

Figure 2.8: Synthetically generated scenes by method 2



Chapter 3

Evaluation of the detection method

The third chapter presents the testing results of the proposed detection system. The chapter
describes the experimental setup, an evaluation of the detection algorithm accuracy, and a com-
parison of the accuracy to existing algorithms. The performance of the algorithm is estimated.

The results presented in the third chapter were published in [146], [181].

3.1 Experimental setup

3.1.1 Real installation

Real data collection was carried out using several installations with various extrinsic and intrin-
sic parameters of the cameras. Four different cameras are used to confirm that the proposed
feature extraction method can take the camera’s intrinsic parameters into account. Real data
was collected in six scenarios during the dark time of the day: two parking zones and three city
streets (Figure 3.1). The daytime scenarios are arranged additionally to test the workability of
the algorithm in daylight scenes. All the objects move at distances of up to 50 m. The camera
installation height varies in the range of 3 to 5m. All the images are grayscale and scaled to
a resolution of 320 x 240 px. The low image resolution positively impacts the processing speed
of low-performance computers. Examples of images are shown in Figure 3.1. Static objects are
excluded from the dataset since the DBOD is an algorithm based on background subtraction that

makes it possible to segment only objects which change location between successive frames.

A The nighttime parking area includes moving objects at distances up to 25 m. The scene
contains pedestrians and cyclists with and without a flashlight. The web camera’s IR-cut

filter has been removed. The camera is equipped with an external IR emitter.

B Another nighttime parking area with pedestrians, cyclists with and without a flashlight,
and vehicles with enabled car lights are present at distances up to 25m. The camera with

the removed IR-cut filter is equipped with an external IR emitter.

C Nighttime city street (1) includes pedestrians and cyclists with flashlights and vehi-
cles with enabled car lights on distances up to 50m. The camera has an embedded IR

illumination.

65
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D Daytime city street (1) includes moving objects at distances up to 50 m, particularly

pedestrians, cyclists, and cars.

E Nighttime city street (2) contains moving objects at distances up to 30 m. Images are

captured using a camera with a near-IR emitter. Pedestrians, bicyclists, and vehicles are

present in this scene.

F Daytime city street (2) contains pedestrians, bicyclists, and vehicles moving at distances

up to 30 m.
Table 3.1: Datasets parameters

Scene A C D E F
Times of day Night Night Day Night Day
Description Parking 1 City street 1 City street 2
Camera Logitech C920 HD  Microsoft HD-3000 Gadinan CCTV  RPi Camera v2
Height 3m 5m 4m
Angle 13 deg 17deg 25deg
Focal length 3.67mm 3.6 mm 2.8mm
Sensor dim 4.8 X 3.6 mm 0.7 x 0.52mm 3.45 x 1.94mm  3.68 x 2.76 mm

Objects distance up to 25m

up to 50m up to 30m

()

Figure 3.1: Images from the real dataset

3.1.2 Synthetic installation (method 1)

The synthetic setup contains scenes generated by the proposed perspective projection method.

A camera is installed on heights from 2 to 12m. The focal length of the camera varies from 2.8

to 3.6mm. The target objects move at distances up to 35m from the camera. The urban

environment in scenes is not modeled.
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3.1.3 Synthetic installation (method 2)

The synthetic setup contains eleven scenes in a city environment (buildings, streets, crossroads,
street lights, sidewalks) obtained using Unity3D based smart-light urban simulator [144]. The
simulated light sources are an infra-red camera spotlight, street lights, and vehicle/bicyclist lamps.
A camera is set on street lights (height 3 to 5 m above the ground level) and directed to a modeled
carriageway with sidewalks. Moving objects are located at distances up to 30 m from the camera.
The camera’s focal length varies from 2.8 to 3.6 mm. Such scene configuration is expected in the

scenario of future smart lighting and smart city systems.

3.2 Datasets

Real foreground masks (Figure 3.2a) were used to validate synthetically generated images. The

resulting contours of objects (Figure 3.2) are processed by the proposed feature extraction method

to collect data for training the classifier.

RQI‘@"MM&- 1;1’;,

(a) Foreground masks from real (b) Result of masks generation (c¢) Result of masks generation

dataset by method 1 by method 2

Figure 3.2: Binary masks of objects of different classes

Four datasets have been built for algorithm performance evaluation:
e Real nighttime dataset

e Real daytime dataset

e Synthetic nighttime dataset (method 1)

e Synthetic nighttime dataset (method 2)

Two real datasets have been gathered using the experimental setup described in Section 3.1.
Two synthetic datasets have been generated by the described in Section 2.3 methods (method 1
and method 2). The datasets do not include images captured during rainy, snowy, or windy
weather. A proportion of a test split relative to a training split is 0.3 for all the scenarios.
Characteristics of the datasets used for training and testing are shown in Table 3.2.

The distribution of the real features is shown in Figures 3.3 and 3.4, while synthetic features
generated by different methods are shown in Figures 3.5 and 3.6.

During the day scenario, the amount of noise is significantly less than at night. Such difference

is explained by the absence of moving light sources causing noises during the day. Due to the
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Table 3.2: Characteristics of the dataset used for evaluating the DBOD algorithm
Dataset Noise Pedestrian Bicyclist Vehicle
Real night 3713 1929 1129 550
Real day 232 1709 682 287
Synth 1 night 1358 1169 1189 1249
Synth 2 night 5939 1783 1783 1793
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Figure 3.3: An example of real features distribution (night)
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Figure 3.4: An example of real features distribution (day)
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Figure 3.5: An example of synthetic features distribution generated by method 1 (night)
chosen generation technique, the noises are distributed uniformly in the dataset generated by

method 1 (Figure 3.5). Pedestrian and cyclist class features are located close to each other,

complicating their differentiation at certain angles of movement that can lead to classification
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Figure 3.6: An example of synthetic features distribution generated by method 2 (night)

errors. The geometrical features of the vehicle class make it possible to draw the decision-making
boundary. The wvehicle’s features are distanced from the other classes in all the scenarios, as
shown in the graphs. The spread of features for all the scenarios is in Appendix A. The number
of features was increased by the polynomial combinations of the second degree to separate the

target class from the surrounding noise.

3.3 Accuracy evaluation

The accuracy of the proposed DBOD algorithm has been experimentally evaluated on the real
day- and nighttime datasets. The accuracy of the algorithm trained on real and synthetic data
has been compared. A comparison of accuracy between the DBOD and several state-of-the-art

algorithms is also presented in this section.

3.3.1 Real scenarios during day and night

Annotated scenes have been divided into nighttime and daytime and, afterward, were classi-
fied by the trained logistic regression model. The result of classification can be summarized in

corresponding confusion matrices.

Binary classification

According to Figures 3.7a and 3.7b (the darker color, the greater probability), the FN rate for the
target group is higher at nighttime than at daytime (0.04 vs. 0). Such error rates can be explained
by poorer segmentation of the target group on long distances due to insufficient IR illumination.
The FP errors for the target group at night (0.15) are mainly caused by the interpretation of the
object’s lights as a target object, especially by reflections of the vehicle’s lights from the ground
and some vertical surfaces (i.e., windows). The same parameter for daytime scenes is 0.17. These
errors are frequently caused by wrong BS segmentation and object shadows interpreted as a target
object. The amount of noises occurring in the nighttime scenario is noticeably larger than in the
daytime scenario; however, their geometrical features allow distinguishing the noise class with
a higher probability. The daylight scene illumination provides a better BS segmentation, which
resulted in a high TP rate of 1 for the target group.
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True label
True label

N T
Predicted label Predicted label
(a) Real nighttime (b) Real daytime

Figure 3.7: Binary confusion matrices (N - noises, T - target group)

Evaluation of the classifiers utilizing Average Precision has shown values of 0.93 for nighttime

and 0.98 for daytime classifiers.

Multi-class classification

The problem of misclassification inside the target group, particularly for pedestrians and cyclists,
remains relevant for both nighttime and daytime scenes, as shown in Figures 3.8a and 3.8b.
Obtained FP rates for pedestrians toward cyclists are 0.24 for a night and 0.27 for day scenes.
In these scenarios, the FP decisions appear when objects move under certain angles, which do not
allow obtaining distinguishable features. A high FP rate is also related to intersecting parameters
of classes, which are shown in Table 2.3.

The wvehicle has the lowest FP rates towards any other class due to the infrequency of 2D
projection, wherein features of the vehicle and any other class of the target group are overlapped.
The wvehicle is interpreted as moise in some projections, resulting in a FN rate of 0.11 for night
and 0.04 for day scenes. This rate can be reduced by extending the geometrical parameters of
the vehicle from Table 2.3. However, this leads to precision reduction of the system in general.

Considering the precision-recall curves (Figure 3.8), the cyclist class shows the smallest area
under the curve in both scenarios. The resulting macro average curve is similar in night and day
datasets showing that the accuracy of the classifier is comparable in both scenarios.

Accuracy metrics are also summarized in Table 3.3. Obtained macro F1 and mAP scores show
that the classifiers detect objects with high accuracy. The similar general accuracy of daytime
and nighttime classifiers allows us to conclude that the proposed algorithm can operate in day

and night scenarios with comparable performance.

3.3.2 Real vs. synthetic scenarios during night

Intelligent lighting systems are applied in streets with various environmental conditions like illu-
mination level, traffic distribution, camera position, etc. It is often difficult to train a classification
model on the data obtained from several real scenes. Instead, the model has to be trained using

a substantial amount of generic urban scenes. However, obtaining the data containing various
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Figure 3.8: Multi-class confusion matrices (N - noises, P - pedestrian, C - cyclist, V - vehicle)

Table 3.3: Accuracy metrics for the DBOD algorithm in night and day scenarios

Class Metric Real night Real day
F1 0.90 0.88
Precision 0.85 0.83
Noise
Recall 0.96 0.94
AP 0.96 0.91
F1 0.84 0.93
Precision 0.94 0.97
Pedestrian
Recall 0.77 0.89
AP 0.88 0.92
F1 0.75 0.79
Precision 0.75 0.72
Bicyclist
Recall 0.75 0.87
AP 0.73 0.82
F1 0.90 0.91
Precision 0.84 0.89
Vehicle
Recall 0.87 0.94
AP 0.91 0.97
macro mAP 0.87 0.91
All
macro F1 0.84 0.88

scenes of an actual city is challenging. Complete reconstruction of several scenes identically, re-

flecting the real ones in a virtual environment, is ineffective since it restricts the training dataset.

Therefore, the synthetic dataset represents a generic urban environment under various conditions.

To evaluate the accuracy performance of the algorithm being trained on synthetic datasets, the

following scenarios have been used:



72

Precision

CHAPTER 3. EVALUATION OF THE DETECTION METHOD

1.0 1.07
0.8 1 . 0.8 F1=08
2
0.6 k%) 0.6
(8] F1=0.6
0.4 1 D 0.4]
. Ay Fi=04
| = noise = vehicle | = noise = vehicle \IIL
0.21- pedestrian = macro average F1=0.2 0.2 pedestrian = macro average F1=02
cyclist cyclist
0.0 T T i i 1 0.0 ; ; t !
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Recall Recall
(a) Real nighttime (b) Real daytime

Figure 3.9: Precision-recall curves for real scenarios

e Real - real - the model is trained and tested using a real nighttime dataset only (Sec-

tion 3.3.1).

e Synth 1 - real - training is performed on a synthetic nighttime dataset generated by method

1, while real images are used for testing.

e Synth 2 - real - the classifier is trained using synthetic nighttime data generated by method

2 and tested on real images.

The Synth 1 - real and Synth 2 - real scenarios are used to prove the validity of the syn-

thetic dataset relative to the real dataset. The classification result of the logistic regression is

summarized in the corresponding confusion matrices (Figure 3.10).
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Figure 3.10: Multi-class confusion matrices

In all the test scenarios, there is a problem of misclassification between the pedestrian and

cyclist classes. This problem is explained by the similar geometric parameters of these objects in

the image plane at some angles of movement and can be seen in Figures 3.3, 3.5, and 3.6. The

class vehicle has the lowest FP error rate relative to any other class of the target group due to

the rare occurrence of such a 2D projection in which features of the vehicle and any other class

intersect. However, in some projections, the vehicle can be interpreted as noise, leading to high

values of the FN coefficient (Figure 3.10a and 3.10c).
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Figure 3.11: Real vs. synthetic precision-recall curves

From the obtained macro accuracy metrics (Table 3.4), it can be seen that the accuracy of the
classifier trained using synthetic data is lower than in the direct scenario (Real - real). Comparing
the methods for generating synthetic data, method 2 showed the highest accuracy values, which

is explained by the richer scene detailing during modeling.

3.3.3 Comparison to the existing algorithms

The state-of-the-art DL models have been compared to the proposed DBOD algorithm [176].
The selected models include one-stage (YOLOw3 tiny, ssdlite_ mobilenet_v2, ssd_mobilenet vl,
ssd_mobilenet_v2 quantized) and two-stage (faster rcnn_inception_v2) detectors.

YOLO has a special, "tiny" implementation for constrained environments such as single-board
computers. Since the task requires real-time image processing on the IoT devices, the tiny version
has been tested. The used YOLOwS tiny model is implemented within a Darknet framework.

Sdlite_mobilenet _v2 is a light modification of the SSD model, providing slightly better de-
tection performance than the original SSD model. It is based on MobileNetV2 neural network
architecture.

Ssd_mobilenet vl is a classic SSD model based on MobileNetV1 neural network architecture.
It provides better accuracy compared to SSDLite; however, the object detection speed might be
less efficient.

Faster _rcnn_inception_v2 implements the Faster R-CNN model, providing even better accu-

racy than SSD models. However, a particular disadvantage of this model can be the considerably
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Table 3.4: Accuracy of the DBOD algorithm in different test scenarios

Class Metric Real-real Synth 1-real Synth 2-Real
F1 0.90 0.80 0.85
Precision 0.85 0.99 0.86
Noise
Recall 0.96 0.66 0.84
AP 0.96 0.94 0.94
F1 0.84 0.74 0.77
Precision 0.94 0.63 0.70
Pedestrian
Recall 0.77 0.91 0.87
AP 0.88 0.56 0.78
F1 0.75 0.64 0.53
Precision 0.75 0.60 0.74
Bicyclist
Recall 0.75 0.70 0.41
AP 0.73 0.63 0.63
F1 0.90 0.78 0.75
Precision 0.84 0.67 0.69
Vehicle
Recall 0.87 0.91 0.83
AP 0.91 0.80 0.76
Al macro mAP 0.87 0.73 0.78
macro F1 0.84 0.74 0.73

higher amount of computational resources required during the detection process compared to the
rest of the models. This drawback might negatively impact its deployment on the embedded
devices.

Ssd_mobilenet _v2_quantized is an 8-bit quantized SSD model, which provides worse accuracy
but much higher detection speeds, which is essential on the embedded platforms. The model was
trained using the TensorFlow framework and then was converted to a TFLite (TensorFlow Lite)
format, primarily used on low-performance machines.

The above 4 DL models are part of a TensorFlow-v1 framework. The TensorFlow framework
presents an open-source library for machine learning and Al, presenting a flexible set of tools to
train and evaluate deep-learning models on given pre-labeled datasets. These machine learning
models for object classification were selected from the official TensorFlow 1 Detection Model Zoo
for further training and evaluation.

The models have been tested on real and synthesized (by method 2) test datasets. The
obtained accuracy metrics for all the testing scenarios are represented in Table 3.5. The mAP is
calculated at an IOU of 0.5. To evaluate the accuracy and performance of the algorithms being

trained on real and synthetic datasets, the following four scenarios have been used:

e Real-real - the model is trained and tested using a real dataset.
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e Synth-synth - the model is trained and tested using a synthetic dataset only.
e Real-synth - the classifier is trained using real data and tested on synthetic images.

e Synth-real - training is performed on a synthetic dataset, while real images are used for

testing.
Table 3.5: Experimental quality metrics
mAP; IOU = 0.5
Real-real Synth-synth Real-synth Synth-real
DBOD 0.87 0.85 0.79 0.78
YOLOV3 tiny 0.97 0.96 0.03 0.07
ssdlite mobilenet v2 0.93 0.89 0.10 0.02
ssd_mobilenet vl 0.88 0.85 0.17 0.01
faster rcnn inception v2 0.98 0.95 0.10 0.36
ssd mobilenet v2 quantized 0.95 0.52 0.03 0.10

As shown in Table 3.5, the CNN-based models were trained well enough to recognize the
objects of three classes on real and synthesized data (scenarios Real-real and Synth-synth) with
high precision. However, these models struggle to be tested in cross scenarios (Real-synth and
Synth-real), demonstrating very low precision. This result is caused by the difference between
real and synthesized datasets in terms of scene parameters: illumination, image contrast, camera
parameters, etc.

The R-CNN-based detector shows slightly better results in the Synth-real scenario; however,
the achieved prediction accuracy is still not appropriate. In addition, this is the slowest and the

most complicated model, as shown in Table 3.6.

Table 3.6: Average performance metrics of the models deployed on Raspberry Pi 4

Model Name FPS CPU, % Memory, MB
DBOD 128.00 247 112
YOLOvV3 tiny 0.46 373 122
ssdlite_mobilenet v2 2.34 247 380
ssd__mobilenet vl 2.21 257 395
faster rcnn  inception v2 0.19 377 767
ssd_mobilenet v2 quantized 3.47 287 197

CPU and memory usage have been measured using top utility

All the models were deployed on a Raspberry Pi 4 platform to collect real-time performance
metrics for each tested model. The performance metrics are associated with how fast a given

model handles the object detection, measured in an average number of processed frames per
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second (FPS). Additional metrics included the consumed CPU and memory resources during the
operation. CPU usage is related to the computational complexity of the model, memory usage
depends on the framework optimization, and average FPS shows the algorithm’s performance on
the platform.

Tables 3.5 and 3.6 show that the DBOD algorithm is the fastest solution that can operate
adequately in all the testing scenarios. In contrast to the DL models, which consider object
appearance in an image, the algorithm shows appropriate accuracy in cross-testing (Real-synth,
Synth-real) since the detection is performed based on rough geometrical measures of an object.
Nevertheless, the accuracy in cross-testing is lower than in direct scenarios due to imperfections
of the proposed simulation. Similar average accuracy metrics were obtained when testing the

algorithm in direct scenarios (Real-real or Synth-synth).

3.3.4 Chapter conclusion

The experiments were carried out using urban environment datasets containing objects of the
target group moving at speeds up to 60km/h and distances at least 25m. According to the
results of the experiments on real daytime and nighttime datasets, the FP coefficient for the
target group class did not exceed 0.17 in the case of binary noise/target group classification. The
value of the Average Precision for the daytime classifier is 0.98, while the same metric for the
nighttime classifier is 0.93.

Considering the multi-class classification, the daytime classifier showed a slightly higher ac-
curacy (mAP = 0.87 vs. mAP = 0.91). The similar values of obtained mean Average Precision
make it possible to detect objects by the proposed algorithm during day and night scenarios with
comparable accuracy. The values of FP coefficients (0.24 — 0.27) in the case of the multi-class
classification show that the algorithm frequently misclassifies cyclists as pedestrians.

It is preferable to use real data for training; however, in case of a lack of real data, the
dataset can be substituted by the synthetic one, accompanied by detection accuracy reduction.
In the case of training the model using synthetic data, the best results are achieved by the
full scene reconstruction method (method 2), providing mAP = 0.78. The classifier trained on
the data generated by the proposed method 1 showed a lower accuracy of mAP = 0.73. The
main advantage of the perspective projection method (method 1) for data synthesizing is the
possibility to generate features from numerically given ranges of parameters (only initial object
model formation is required to be done manually), avoiding detailed and time-consuming urban
3D scene design.

Comparison to modern DL models is performed using real and synthetic data (generated by
method 2). In the testing Synth-synth and Real-real scenarios, the DL solutions mostly provide
a more accurate detection than DBOD. The highest accuracy has been achieved by the Faster
R-~-CNN model providing mAP = 0.98 in the Real-real scenario. The DBOD algorithm has the
lowest accuracy in these scenarios (mAP = 0.87 in the Real-real scenario) compared to the CNNs.

In contrast, the DL models show extremely low accuracy in the cross-testing scenarios (Real-

synth and Synth-real). Such results are explained by the peculiarities of synthetic and real
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datasets (scenes have different physical parameters), described in Section 2.3. In most cases, it
turned out that the training and test datasets have no common features, which do not allow
training neural networks on the proposed synthetic data. The DBOD algorithm is more robust
in these scenarios that is confirmed by the detection accuracy of mAP = 78 (Synth-real) and
mAP =79 (Real-synth).

Some studies show [182] that neural networks can be trained on synthetic data and have higher
accuracy than DBOD, when the real environment is reconstructed identically. Nevertheless, with
the absence of a sufficient amount of real data and the lack of accurate information about the
environment characteristics, training the DBOD algorithm on generic synthetic data provides
relatively high precision. At the same time, neural networks are ineffective in these conditions.
It makes the DBOD algorithm the most suitable approach for intelligent lighting systems.

The one-stage detectors show the highest detection speed among the CNNs (0.46 <=
FPSgsp <= 2.34) on Raspberry Pi 4. Being a two-stage detector, Faster R-CNN is slower
( FPS = 0.2). Thus, CNN-based methods can hardly detect fast-moving objects such as cars on
the considered embedded computing platforms. The DBOD algorithm has the highest detection
speed ( FPS = 128). The achieved FPS indicates the high applicability of the proposed algorithm

structure and the feature extraction method on devices with low computing power.



78 CHAPTER 3. EVALUATION OF THE DETECTION METHOD
Conclusion

The main task of this dissertation was to develop a method for detecting objects in an urban
environment that meets the requirements of intelligent lighting systems. The analysis of existing
methods and algorithms, taking into account their compliance with the requirements for light-
ing systems, has shown that computer vision methods and techniques are the most appropriate

approach for solving the problem.

The background subtraction method used for segmentation allows limiting the regions of
interest to moving objects, reducing the redundant computations critical for real-time operation
on low-performance computing devices. In addition, foreground segmentation by background
subtraction reduces the likelihood of False Positive errors in the system due to the reduced
number of regions of interest to be processed. As a result of empirical studies on nighttime
datasets, the most suitable background subtraction method for use in the detection method,
according to Fl-measure and Frames per Second metrics, is the method based on the Mixture of

Gaussians.

The proposed algorithm includes an original feature extraction method that uses intrinsic and
extrinsic camera parameters for the calculation. The feature extraction method allows extracting
unique geometric characteristics of objects from the image for classification by a statistical model
based on logistic regression. Also, the method estimates the spatial coordinates of the object in
the real world, which makes it possible to configure the size of the illumination area. A synthetic
data generation technique was proposed to generate the required scenarios and extract training
features from them in order to train the classifier. This technique minimizes the time spent

collecting real reference data and the subsequent process of manual data annotation.

The algorithm’s efficiency was confirmed by the accuracy and performance metrics obtained
in experimental studies on real nighttime and daytime datasets, which include low-resolution
single-channel images. The obtained accuracy on the nighttime dataset is slightly lower than on
the daytime dataset. The obtained False Negative and False Positive error rates show a problem
of misclassification inside the target group, particularly between a cyclist and pedestrian classes.
In the case of binary classification, there is a noticeable False Positive error rate (0.17) for the
target group toward the noise class.

The possibility of training the proposed Dimensional Based Object Detection algorithm by
synthesized data has been studied. For that, two approaches for synthetic data generation were
compared. The proposed approach provides more straightforward and faster feature generation
based on numerically given scene parameters. In contrast, the classifier trained using the alterna-
tive approach provides higher accuracy. The accuracy of the classifier trained on synthetic data
is lower than the accuracy of the classifier trained on real data. The synthetic features can still
be used for training, when the amount of the real data is not sufficient.

The effectiveness of the developed method is also confirmed by the mean Average Precision
metric, which has a value comparable to the modern detection methods based on convolutional
neural networks. The developed method significantly outperforms existing CNN-based approaches

in terms of Frames per Second on low-performance devices, making the detection of fast-moving
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vehicles possible.

Despite the achieved efficiency, the Dimensional Based Object Detection algorithm has several
peculiarities, requiring preliminary calibration of the camera, a specific position of the object in
the frame relative to the ground surface, and known extrinsic camera parameters. In addition,
the method cannot be applied to detect objects in scenes with a highly dynamic background or
moving camera. The classification is based on the geometric characteristics of the object, which

can lead to classification errors when the geometric shapes of the objects are similar.
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Appendix A

Distribution of features
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Figure A.1: Spread of features generated by different methods — noises
2.00 T 24
1.75 14 T 2.2
g 1.50 12
= 2.0
S < =
5 g =
2125 1.0 2
5 9 518
(5] 8 8
5 1.00 g 5
2 £08 E
© g 2 1.6
2075 = A
& 0.6 1
14
0.50
0.4 -
0.25 1 1.2 1
Real Synfh 1 Syn‘th 2 Real Synfh 1 Syn‘th 2 Real Synfh 1 Synih 2

Figure A.2: Spread of features generated by different methods — pedestrian
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Figure A.4: Spread of features generated by different methods — vehicle



Appendix B

Detection examples

Figure B.1: Correct detection of three pedestrians
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Figure B.2: Correct detection of a bicyclist
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Figure B.3: Correct detection of a vehicle
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Figure B.4: False negative pedestrian detection

Only one (object 6) out three pedestrians was detected due to insufficient segmentation at a

distance of more than 30 m.
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Figure B.5: False positive detection

Object 8 - FP detection caused by the movement of a cloud of smoke. Object 1 - true positive

detection of a cyclist.
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Figure B.6: False positive and false negative detection examples

The object 13 is a FP detection. Pedestrians present in the frame are not detected. Detection

errors are caused by the reflection of light coming from a moving vehicle.
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