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ABSTRACT 

SIF TRACKING: NOVEL ESTIMATION FILTER FOR OBJECT DETECTION AND 

TRACKING

Alexander Moksyakov 
University of Guelph, 2021

Advisor(s): 
Dr. Andrew Gadsden 
 

Object detection is currently one of the most heavily researched topics with its 

potential for object tracking. The research presented here will serve as an introduction 

to the novel Sliding and Extended Sliding Innovation filter for object tracking. The 

experiment successfully implements YOLOv4 into Keras to replicate the neural network 

while integrating the respective code for each filter to perform object tracking and 

detection on surveillance video. The experiment conducted provided a benchmark for 

comparing the different filters while introducing a method on integrating new ones for 

future work. The results demonstrate that the Sliding Innovation Filter had the lowest 

reported RMSE (root mean square error) out of the 4 filters compared. 
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1 Introduction 
1.1 Project Overview 

Artificial intelligence (AI) is a continuously growing field of research that can be 

implemented into many different disciplines due to its versatility[1],[2]. AI as an 

application can be used for tasks such as data acquisition, classification, trend 

prediction and many more, while the concept of AI can even branch into disciplines like 

philosophy and psychology [3]. Due to the vast number of applications that branch from 

AI, there are many different ways to define AI. In general, the main goal of AI is to 

understand and replicate the intelligent behavior of human beings such as reasoning 

and learning [1]. The more scientific and computational definition of AI is a machine or 

process that has the ability to develop complex programs by responding to the given 

environment to produce a model which is optimized to obtain maximum performance 

[4].  

The conceptual beginning of AI began in the mid to late 1940s where the main 

inspiration of AI-based methods spanned from the philosophy of neuroscience and the 

biological characteristics of intelligent beings [1],[5]. The amount of resources available 

for AI-based tasks or application have significantly increased mainly due to the 

technological advancements throughout the past years. With the transition to a more 

technologically dependent era, the increase of AI-related resources allowed for the 

production of highly reliant and complex algorithms [3],[4]. Not only does the availability 

of data allows for more innovations in AI technology, the use of AI can be also used to 

produce more information [6]. AI has been revolutionized in ways that no one expected 

back in the 1940s and expanded into regions originally thought were only obtainable for 

humans [5], [7]. Benefits of the dramatic advances in AI allows for increased productivity 

while providing more precision and accuracy [8]. Having these intelligent systems work 

in tandem with humans allows the allocation of human resources for more significant 

and less repetitive tasks [3]. This recent resurgence has benefited many different cases 



 

 

2 

 

around the world, but one in particular is the newly discovered capabilities of object 

detection and surveillance [9]. 

Object detection has been a diverse area of research within the world of machine 

learning and artificial intelligence, especially with recent technological innovations [10]–

[12]. In the instance of recognizing specific dynamics in video surveillance, there are 

many different algorithms and methods that all hold high accuracies. One such method 

involves the use of long short-term memory (LSTM) deep models to accurately identify 

dynamics of a group based on the individuals representing the activity [13]. Object 

detection is one of the main aspects in research for machine learning. It aims to find 

target objects with precise localization in a given image and assign each object instance 

a corresponding label. Currently, there are two main groupings of object detection 

frameworks: 1) two stage - Region-based CNN and 2) one-stage detectors [14]. R-CNN  

significantly improved the detection performance in 2014 compared to previous 

methods [15]. R-CNN’s are composed of three primary sections: proposal generation, 

feature extraction and region classification. For each image that is processed, the R-

CNN generates a set of proposals which is designed to reject regions which can be 

identified as background objects. The proposals are then flattened into a feature vector 

by a Deep-CNN. This led to the development of a real time detector called YOLO (You 

Only Look Once) by Redmon et al [16]. This algorithm spatially divides the whole image 

into a fixed number of cells and each cell now is considered a proposal to detect any 

objects of interest. Redmon et al [17] then developed YOLOv3 which significantly 

improved the detection performance and maintained real-time inference speed. This 

improvement saw a more powerful CNN which was trained on much higher resolution 

images from ImageNet.  
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1.2 Motivation and Objectives 

The research conducted in this thesis uses the YOLOv4 algorithm for initial object 

detection. The weights that were used in the model are the standard coco weights [16]. 

The weights were chosen and kept as-is to avoid any potential research bias for what 

was used as inputs. Image tracking on the other hand, sets its focus on not only 

detecting and classifying, but associating a unique number with the detected object and 

tracking it, frame-by-frame. Seen as an extension of detection, tracking uses other tools 

besides the neural network for predicting what the next state of the tracked object may 

be for the next frame. There have been previous frameworks that have used YOLO and 

their own tracking logic to successfully classify and detect humans, cars, scooters and 

other items via surveillance footage environments [18]. The work featured here attempts 

to create unique logic for every respective filter used in the comparison. Estimation 

Theory, with the usage of these filters can be seen as an extension of YOLO and are 

pivotal for the research of tracking. 

The focus of this study is to introduce a novel estimation theory filter that can 

leverage the capabilities of artificial intelligence for detection and tracking purposes. 

This study can also be seen as a benchmark to compare the primary four filters 

previously discussed (Kalman Filter, Extended Kalman Filter, Sliding Innovation Filter, 

Extended Sliding Innovation Filter). Currently, there have been multiple experiments 

that were conducted using the different filters, and the source-code of YoLo implements 

a Kalman Filter. However, since the Sliding Innovation Filter is novel, there has not 

been a comparison or even implementation of the filter within object detection and 

tracking. The research here is directed towards how the Sliding Innovation Filter may be 

a strong candidate to replace, or use along-side the Kalman filter, and hopefully open 

the doors for future research done with the SIF. Additionally, this project paves the way 

on how to implement future tracking techniques with a YoLo detection architecture. This 

will be open-source and freely available for others to use and branch, as they see fit. 
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1.3 Thesis Organization 

The thesis is organized with 5 chapters and a conclusion with future work. Chapter 

1 deals with an overall introduction of the subject, with the motivation behind it and 

some of the novelty introduced in this work. The goal of chapter one is to familiarize the 

reader to the current state of object detection and tracking within estimation theory. The 

second chapter deals with literature review of convolutional neural networks, estimation 

theory filters and the differences within YoLo and the different versions released through 

the years. This chapter focuses on what current research uses for implementing 

computer vision tracking and other pieces of work that have similar use cases with 

different estimation theory filters. Chapter 3 focused on the backbone of the research for 

object detection, YoLo v4. Chapter 4 focuses on the proposed method within the 

research presented, as well as the novelty of the entire source code repository. Lastly, 

chapter 5 presents the results of experimentation and discussion revolving the results.  
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2 Literature Review 
2.1 Overview 

Understanding the role and purpose of artificial intelligence within applications is 

key. But by understanding how the inner workings of how artificial intelligence works, it 

allows engineers and practitioners to fully utilize its capabilities within specific domains. 

Artificial intelligence may have seen a new resurgence in the last 5-6 years, however 

the core studies of neural networks and deep learning have been around for almost 30 

years [19]. There are number of different institutions that are releasing new studies and 

research with breakthrough technologies that the realm of artificial intelligence is 

accelerating at a rapid pace. In order to fully understand the complexities involved with 

object detection and then further, object tracking, detailed research must be done on the 

existing information surrounding different algorithms and approaches. Chapter two of 

this thesis will present specific research done around object detection within artificial 

intelligence, defined object detection algorithms, as well as the core framework used for 

this study and many others, YoLo.  

2.2 Estimation Theory Background Information 

Much like the interdisciplinary capabilities of AI, Estimation Theory can be 

integrated into multiple different fields by utilizing different estimation techniques such 

as the Kalman Filter (KF), Unscented Kalman Filter (UKF) and the Extended Kalman 

Filter (EKF) to optimize unknown parameters to predict numerical values. The Sliding 

Innovation Filter (SIF) and Extended Sliding Innovation Filter (ESIF) are newly 

introduced filters that create outputs based on bounding properties created in 

initialization. This bounding feature makes both of these filters great candidates for 

tracking the movement of people in a surveillance setting [20], [21]. 

The purpose of implementing estimation techniques is the predictive quality they 

can provide. The filters allow for object detection algorithms to predict the position of the 

detected bounding boxes by calculating the position and velocity of the traveling path 
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[22]–[25]. The predicted bounding box allows for easier calculations during the current 

step by correcting the estimation using the obtained measurements instead of fully 

locating the object [26].  Estimation strategies at their core, extract useful information 

from sensors with noisy measurements [139]. The most popular and well-studied 

estimation strategy is the Kalman filter. As the basis of modern estimation strategies, 

the Kalman filter is formulated as a predictor-corrector estimator. The initial states are 

first predicted using the knowledge of the system and inputs from the system. The initial 

states are values from the previous time step. Through an iterative process these 

estimates are then updated using a gain which is based on the state error covariance 

and observed measurement errors [139].  

There are many challenges with tracking objects through a live video feed. 

However, there has been previous research done using the EKF for the purpose of 

tracking [134]. Some of these problems are when the object of interest becomes 

occluded as the detection algorithm will not be able to locate the object as well as when 

the object splits or merges when occluded. Sensor noise such as Gaussian noise or salt 

and pepper noise will result in an inaccurate detection and cluttering of objects may 

result in the algorithm detecting the incorrect object once dispersed [11], [26]–[29]. 

Implementation of Estimation Theory allows for object detection algorithms to disregard 

most of these problems. There have been multiple experiments done with estimation 

techniques that have improved the tracking of the objects as concluded in [21]–[24], 

[28]–[31]. Another benefit with implementing the previously discussed estimation 

techniques is the ability to register separate identities to the detected object to allow for 

true tracking of objects [23], [27].  

The KF, UKF, EKF, SIF and ESIF all produce improvements to the system by 

estimating the trajectory of the tracked object, but each filter differs slightly due to 

certain computational properties. The Kalman Filter uses a set of predicted and update 

equations shown in [11], [25], [29] to minimize the mean of the squared error to estimate 

the potential outcome of the bounding box [23], [28]. The KF is one of the most used 

filters due to its simplicity and robustness towards linear systems but due to this 
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property, the KF tends to lose accuracy when induced to a nonlinear system [27], [29], 

[32]. The UKF produces sigma points that are calculated by the covariance of the 

estimated system, then applying linear regression on the sigma points to bypass the 

need of applying techniques introduced in the EKF [33]. The EKF is the nonlinear 

version of the KF and linearizes the nonlinear model by applying the Jacobian to the 

system. Though, it has been concluded by multiple sources that EKF is considered a 

difficult filter to implement and tune [27], [31], [32]. The equations to implement the EKF 

can be found in [30]. The SIF and ESIF use similar techniques from the linear KF and 

nonlinear EFK, respectively, but also uses boundary layer techniques from the Smooth 

Variable Sliding Function (SVSF) to control the range of the outputted prediction update 

estimator [20], [131]. There is an opportunity to combine the possibilities of different 

filters together as previously done with the Kalman and SVSF for robust nonlinear 

estimation strategies [135], [138]. 

2.2.1 Kalman Filter  

The Kalman Filter is the most basic out of the filters listed in sections III and IV 

[32]. Though it is a lot simpler, the bases of the EKF and even the SIF and ESIF are 

formulated from the computational natures of the Kalman Filter and built off it to provide 

more complex filtering techniques that introduce their own advantages and 

disadvantages given the problem. Specifically, the Kalman Filter works best for linear 

cases [27]. The linear properties present in the Kalman Filter allows for the filter to 

predict measurements of linear system to a high degree of success [27], [34], [35].  
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The main structure that all these filters follow is the prediction and update stage, 

shown in Figure 1. Once a detection is found, via the object detection algorithm used, in 

this case YOLO, a bounding box is created. The filters then take the information 

provided by the detection algorithm and computes the centroid of the box and estimates 

the new object's position in the next frame, this is the prediction stage. In the update 

stage, the predicted measurement is then corrected to fit the new measurements 

obtained. In general, the main purpose is to minimize the squared error between the 

prediction and the actual [21], [23], [24], [26], [36].  

The equations involved in the prediction stage of the Kalman Filter are as followed:  

𝑥"!"#|! =	𝐹!𝑥"!|! +	𝐺!𝑢! 2.1 

𝑃!"#|! =	𝐹!𝑃!|!𝐹!% +	𝑄! 

 

2.2 

Figure 1: General Structure of Kalman Filter [32] 
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Where 𝑥"!"#|! and	𝑃𝑘+1|𝑘 are the predicted mean and covariance of the system, 

respectively, in Equations 2.1 and 2.2. Additionally, Fk represents system matrix, Gk 

represents the input gain matrix, uk represents the input to the system, Pk represents 

the state error covariance matrix and lastly Qk represents the system noise of the 

system. 𝑥"!"#|! represents the next state of the system after a time period of k+1 (the 

next iteration in the system). The update stage then takes the 𝑥"!"#|! and	𝑃𝑘+1|𝑘	values 

and inputs them in the update equations shown below in equations 2.3, 2.4, 2.5 and 2.6 

 

𝑆!"# =	𝐻!"#𝑃!"#|!𝐻!"#% +	𝑅!"# 2.3 

𝐾!"# =	𝑃!"#|!𝐻!"#% 𝑆!"#&#  2.4 

𝑥"!"#|!"# =	𝑥"!"#|! + 𝐾!"#(𝑧!"# −𝐻!"#𝑥"!"#|!) 2.5 

𝑃"#$|"#$ = (𝐼 −	𝐾"#$𝐻"#$)𝑃"#$|"(𝐼 − 𝐾"#$𝐻"#$)& +	𝐾"#$𝑅"#$𝐾"#$&  2.6 

 

The innovation covariance, 𝑆!"# and Kalman gain, 𝐾!"# are used to create the 

updated mean and covariance that will be outputted by the Kalman Filter [25], [29], [36], 

[37]. Hk+1 is the system measurement matrix, R represents the measurement noise of 

the system, while zK+1 is the noisy measurements. Note that k refers to the time step of 

the system, k|k represents the updated values at the previous iteration and k+1 refers to 

the predicted values at time k+1.  

As stated before, due to the Kalman Filter's strong linear properties, the 

implementations of the Kalman Filter on a nonlinear system will result in poor results 

compared to the other filters listed in sections III and IV. The main cause of this is 

because the Kalman Filter ignores the higher order terms in the Taylor series expansion 

leading to instabilities in the system [38]. Due to most systems being nonlinear, it is 

required to test the capabilities of the implementation of nonlinear filtering techniques as 
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it should theoretically improve the predicted outcomes drastically [27], [36]. The use of 

the Kalman filter has been implemented in many different applications, such as dynamic 

modelling and motion control of a robotic manipulator, modelling the uncertainties of 

systems and state estimation [127],[128],[129],[130]. 

2.2.2 Extended Kalman Filter  

The Extended Kalman Filter is another filter with the ability to process information 

where the source is a nonlinear system. The Extended Kalman Filter makes use of the 

linearized form of the nonlinear system and measurement functions. By using the 

Jacobian of the nonlinear system, the linearized version of the system can be found 

[31], [32]. It has been reported that the implementation of the Extended Kalman Filter 

can be difficult to optimize. Though the benefit of using the Extended Kalman Filter 

compared to the KF is that the filter performs well against nearly linear systems as it is 

based on the first order Taylor series approximation [32], [38].  

The structure of the Extended Kalman Filter is very similar to the Kalman Filter 

with minor differences due to the linearization of the state equations by the use of the 

Jacobian. The following is the adjusted prediction stage for the Extended Kalman Filter: 

𝑥"!"#|! = 	𝑓(𝑥"!|!, 𝑢!) 2.7 

𝑃!"#|! =	𝐹!𝑃!|!𝐹!% +	𝑄! 2.8 

 

Just like the KF, the output for the prediction stage present in equation 2.8 are 

the predicted mean and covariance,	𝑥"!"#|! and	𝑃!"#|!, respectively. Additionally it is to 

be noted that f refers to the nonlinear system function, Fk refers to the linearized version 

of the system matrix F (Jacobian matrix or first-order Taylor series expansion. 
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The 𝑥"!"#|! was calculated using a function of 𝒇(). This variable represents the 

Jacobian which linearizes the system of motion. Represented as 'fx' in the python code, 

the function being called is shown in equation 2.9 below: 

def 𝑓𝑥(𝑥, 𝑑𝑡):	
																						𝐴 = <1.0 𝑑𝑡

0.0 1.0@	
                                             𝑟𝑒𝑡𝑢𝑟𝑛	𝑛𝑝. 𝑑𝑜𝑡(𝐴, 𝑥) 

2.9 

The function 𝑓𝑥  needs two variables, 𝑥 and 𝑑𝑡, where 𝑥 is the previous predicted 

mean and 𝑑𝑡  is delta time for the filter which is a user-defined variable. For this 

experiment, 𝑑𝑡 was set to 0.005 to produce a small time-step. Each iteration the 

Jacobian is called to adjust based on the new predicted mean. The predicted mean is 

multiplied by the state transition matrix using the numpy [39] function, np.dot(A, x) which 

conducts the dot product of a 2x2 matrix, 𝐴 and a 2x1 matrix,	𝑥 . This results in a 

linearized predicted mean that was calculated even if the system is nonlinear. For the 

case of this experiment, as the system is assumed to be linear, the Jacobian is just the 

linear system. 

The update stage equations for the Extended Kalman Filter are shown in 

equations 3.0, 3.1, 3.2, 3.3 below. When observed, the presented equations look very 

similar to the KF update stage. The difference is with the calculation of the new updated 

mean which uses a function of h instead of a value. 

𝑆!"#|! =	𝐻!"#𝑃!"#|!𝐻!"#% +	𝑅!"# 
3.0 

𝐾!"# =	𝑃!"#|!𝐻!"#% 𝑆!"#&#  3.1 
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𝑥"!"#|!"# =	𝑥"!"#|! + 𝐾!"#(𝑧!"# − ℎ(𝑥"!"#|!)) 
3.2 

𝑃"#$|"#$ = (𝐼 −	𝐾"#$𝐻"#$)𝑃"#$|"(𝐼 − 𝐾"#$𝐻"#$)& + 𝐾"#$𝑅"#$𝐾"#$&  3.3 

 

2.2.3 Sliding Innovation Filter 

The Sliding Innovation Filter is a unique filter compared to the KF and EKF as it 

uses a technique that involves the implementation of a boundary area around the object 

of interest's motion trajectory. This allows for the system to become more robust with 

the involvement of multiple techniques to improve tracking responses [20]. The SIF is 

the linear variant between the SIF and ESIF. Similarities in the formulation structure with 

the KF can be observed as this filter uses the same prediction update stage approach. 

The main difference between the SIF and the KF is the implementation of the SIF gain 

present in the update stage of the estimator. This SIF gain, represented as 𝐾!"# uses a 

δ term to bound the prediction to a fixed width with respect to the saturation term, 

resulting in a value between -1 and +1, shown in Equation. The representation of the 

characteristics of the SIF and ESIF can be observed in Figure 2. Once the initial 

trajectory is identified, the δ term produces a boundary limiting the estimator to a 

specific width. The saturation term then alternates to keep the prediction as close to the 

true state as possible. 
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The prediction stage equations for the Sliding Innovation Filter are shown in equations: 

𝑥"!"#|! =	𝐹!𝑥"!|! +	𝐺!𝑢! 3.4 

𝑃!"#|! =	𝐹!𝑃!|!𝐹!% +	𝑄! 3.5 

�̂�!"#|! =	𝑧!"# − 𝐶𝑥"!"#|! 3.6 

 

Identical to the prediction stage of the KF, the outputs in equation 3.4 and 3.5 

include the mean and covariance 𝑥"!"#|! and𝑃!"#|! with the addition of the measurement 

term, �̂�!"#|!, respectively.  

Figure 2: Representation of the Sliding Boundary Layer [20] 
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𝐾"#$ =	𝐶#𝑠𝑎𝑡0000(|�̃�"#$|"|/δ	) 3.7 

𝑥"!"#|!"# =	𝑥"!"#|! + 𝐾!"#�̂�!"#|! 
3.8 

𝑃"#$|"#$ = (𝐼 − 𝐾"#$𝐶"#$)𝑃"#$|"(𝐼 − 𝐾"#$𝐶"#$)& + 𝐾"#$𝑅"#$𝐾"#$&  3.9 

 

The output for the Sliding Innovation Filter includes the updated mean and 

covariance, as well as the SIF gain, previously explained above. Variables that need to 

be noted: C+ refers to the pseudoinverse of the measurement matrix, 𝑠𝑎𝑡3333 refers to the 

diagonal of the saturation term, sat refers to the saturation of a value (yielding either -1 

or +1), �̂�!"#|! refers to the absolute value of the innovation 𝛿 refers to the sliding 

boundary layer, and 𝐼 refers to the identity matrix (of dimension 𝑛-by-𝑛 where 𝑛 is the 

number of states). 

2.2.4 Extended Sliding Innovation Filter 

Unlike the SIF, the ESIF builds on the EKF structure, resulting in an estimator 

capable of providing accurate predictions when introduced to nonlinear systems. The 

ESIF requires the same techniques as the EKF, such as the implementation of the 

Jacobian to produce a linearized system of equations [20]. The update stage is where 

the ESIF differs slightly but is more like the SIF and KF. The introduction of the 

saturation term and the bounding layer term, δ allows for accurate predictions of a 

nonlinear system capable of reacting to uncertainties and disturbances.  
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The prediction stage equations for the Extended Sliding Innovation Filter are shown in 
equations 4.0, 4.1 and 4.2: 

𝑥"!"#|! = 	𝑓(𝑥"!|!, 𝑢!) 
4.0 

𝑃!"#|! =	𝐹!"#𝑃!|!𝐹!"#% + 𝑄!"# 4.1 

�̃�!"#|! =	𝑧!"# − ℎ(𝑥"!"#|!) 
4.2 

 

The output of the ESIF prediction stage are identical to those of the SIF prediction stage 

in equations 3.4, 3.5 and 3.6, but the method to calculate the mean and 

measurement,	𝑥"!"#|! and �̃�!"#|!		include the nonlinear system and measurement 

functions,	𝑓(𝑥%!|! , 𝑢!) and ℎ(𝑥%!#$|!), respectively.  

𝐾"#$ =	𝐻"#$# 𝑠𝑎𝑡0000(|𝑧6𝑘+1|𝑘|/δ	) 4.3 

𝑥"!"#|!"# =	𝑥"!"#|! + 𝐾!"#�̃�!"#|!	 
4.4 

𝑃"#$|"#$ = (𝐼 − 𝐾"#$𝐶"#$)𝑃"#$|"(𝐼 − 𝐾"#$𝐶"#$)& + 𝐾"#$𝑅"#$𝐾"#$&  4.5 

The update stage shown in equation 4.5 includes the same gain calculation with 
the involvement of the saturation and δ terms. The following 𝑥8"#$|"#$ and 𝑃"#$|"#$ 
terms are used for the next iterations of the prediction update estimator.  
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2.3 Machine Learning and Object Detection 

In recent years, artificial intelligence has seen an incredible technological 

advancement within different fields, particularly in the field of medicine and speech 

recognition [40], [41]. The concept of utilizing machine learning within computer vision 

has been around for a long time and has been the center of breakthrough research for 

years [42]. However, there needs to be a key distinction made between the capabilities 

of machine learning techniques and artificial intelligence. Machine learning can be 

defined as the use of statistical data analysis algorithms for medium-scale supervised 

and unsupervised problems [43]. It can be defined as a tool that is used to carry-out and 

automate tasks in an efficient manner, while reducing cost and optimizing results [4][44]. 

Artificial intelligence on the other hand involves a much deeper understanding and can 

ultimately be defined as mimicking the understanding of core neuron traits in intelligent 

beings to becoming the process of learning and reasoning [3], [45]. Artificial intelligence 

is capable of extending the reach of machine learning by developing a process that can 

dynamically respond to new information and generalize a reaction (output) [4], [45]. 

The history of artificial intelligence may have begun within the world of fantasies 

and imagination, however it is now becoming a very core part of our world [46]. With the 

use of open-source tools, a lot of novice engineers and software developers are 

capable of implement their own neural network within 100 lines of code [47]. 

TensorFlow is one of the frameworks developed by Google that is a machine learning 

system that can operate on large scale data. The robust architecture is able to provide 

flexibility to the developer by enabling them to experiment with novel optimizations, loss 

functions and training algorithms [48]. Another popular framework is PyTorch, which 

was developed by Facebook. PyTorch is a machine learning library that is designed to 

support the Pythonic programming style while remaining efficient in utilizing hardware 

accelerators [49]. Tools such as Tensorflow, PyTorch and Keras have made the 

possibility of utilizing neural networks for different use-cases extremely easy and even 

reducing heavy technological overhead [48], [50], [51].  
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In the past, artificial intelligence was studied and practiced by a small amount of 

practitioners due to such obstacles of creating robust neural networks, processing 

power and sheer data size [52]. However, now with open source the world has opened 

up and with the aid of previously mentioned frameworks. Exceptional research has been 

done within the studies of chatbots for android applications to interact with text and 

voice response to even small satellite applications to provide more intelligent computing 

on space development platforms, utilizing TensorFlow [53].  

The nature of open-source has allowed the complexity of artificial neural networks 

to expand and become further developed as more and more engineers and practitioners 

have access to tools and technologies [52]. This rapid change has been evident within 

different fields and research of AI. One particular breakthrough that has been witnessed 

within AI is the availability and quality of data that is used within model training [6]. 

O’Leary et al. explains that when a neural network has more data, and the data is of 

higher quality, the algorithm can generalize results more accurately. As the 

technological advances helped produce more and better data, the popularity of AI-

based systems also increased as the equipment to conduct such experiments become 

more accessible [43]. This opened the door for particular research to be done within the 

study of object detection. Some of the earliest research within object detection involved 

training a general framework based on wavelet representation of an object-class 

derived from a statistical analysis, utilizing a support vector machine classifier [54]. This 

earlier approach of object detection was also used within unconstrained, cluttered 

scenes and had success detecting face, people, and cars [55]. These earlier systems 

can now be classified as machine learning algorithms, as oppose to artificial intelligence 

networks as they do not involve the use of a deep neural network. One of the earliest 

cases of integrating a deep neural network within object detection was in 2013 when 

Szegedy et al [56] were able to present a powerful formulation of object detection as a 

regression to object masks. This breakthrough was taken even a step further, as the 

previously mentioned neural network proposed by Szegedy relied on labeled data to 

perform making it a supervised problem, Ramik et al [57] presented an intelligent 
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machine vision system that was able to learn autonomously individual objects present in 

real-world environments, embracing the ability to be self-learning. These systems relied 

on deep neural networks that were tuned to specific parameters depending on their 

interest domain. In 2017 Lin et al [58] introduced RetinaNet, a one-stage detector that 

demonstrates high degrees of detection and efficiency [59]. RetinaNet was one of the 

very first frameworks that provided incredibly high-quality results, while maintaining a 

lightweight build and complex network architecture [58], [60].  

The development within AI-based systems lead to more higher quality frameworks 

and technologies developed. As previously mentioned, every new study opens doors for 

improvements, even in sub-categories of AI, such as object detection. These 

improvements also lead to more research done with estimation theory within the realm 

of AI [132],[133].  

2.3.1 Common Strategies and Methods 

Within machine learning and artificial intelligence, there are multiple different sub-

categories where research is being done to improve the usability of different 

technologies. Object detection is on the forefront of being one of the most sought out 

fields within machine learning, as the possibilities of utilizing different computer vision 

technologies are endless [61]. Many different autonomous, robot-based applications 

depend on computer vision as it is the only current method to mimic eyes from a human 

being [62]. The purpose of computer vision and object detection is to successfully 

process information captured through a lens in real-time which can then be fed into a 

model for analysis and processing [63]. 

Within object detection itself, there are multiple sub-components which are 

necessary. First, the image has to be processed frame-by-frame from the recording 

channel [64]. Secondly, the object needs to be detected and lastly it needs to be 

classified [65]. The latter two steps work in sequence, as first an object within the image 

needs to be detected, via feature extraction of a particular method and/or algorithm, and 

then classified in to x amount of possible categories that those features best align with 
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[66]. Feature extraction is the fundamental process that makes object detection so 

interesting, difficult and rewarding. Feature extraction typically depends on a 

convolutional neural network as it plays a vital role in accurately determining what is a 

distinctive feature versus what is not [67]. A CNN typically gets fed values in the form of 

integer arrays, which represent vector inputs of pixelated images [68]. Depending on the 

required dimensional representation or what is an important feature, the output can vary 

significantly depending on what the system identifies as an object. As previously stated, 

object detection use cases such as video surveillance, there are many different 

methods and algorithms applied that hold high accuracies. One of the oldest methods is 

through the use of long short-term memory (LSTM) deep models to accurately identify 

dynamics of a group based on the individuals representing the activity [69]. For 

example, when analyzing a video of players playing volleyball, a naïve approach would 

be to use a dataset of volleyball videos, however the frames would be dominated by 

features of volleyball courts. Ibrahim et al [70] explored the idea of differentiating 

between different classes of activities by the spatio-temporal relations between the 

individuals. This methodology forces a deep model to focus on the relations between 

people. Thus, with a set of tracker people a temporal deep network (LSTM) can be run 

to analyze each person. These LSTM’s are then used over the people in a scene into 

the next layer of the deep temporal model [70]. 

Though, this approach may be used to explore different use-cases, it is still 

cumbersome, yet it did highlight one of the biggest challenges in video detection: 

background subtraction. With the sheer amount of data available in a video, it is 

important to be efficient processing relevant information. This is challenging as all 

videos contain redundant information (volleyball courts from earlier). Babaee et all [71] 

identified a Convolutional Neural Network (CNN) to perform segmentation on video 

frames for background subtraction. Their approach involved an image generating 

algorithm, a CNN for background subtraction and a post-processing median filter. In 

real-time video processing, it is difficult to perform pixel-wise temporal filtering as the 

background model will provide poor results due to rapidly moving objects in the video. 
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Thus, they relied on SuBSENSE [72] for a more solid pixel-level feedback loop to 

dynamically adjust the method’s parameters. Their model showed significant results by 

comparing them to the CDnet 2014 [73] metrics. The facility management (FM) score of 

this CNN was the best overall among considered background subtraction algorithms.  

As object detection continues to evolve, the challenge for gaining the most 

accurate and dependable feature extractions from a given frame remains an obstacle. 

Currently, there are two main groupings of object detection frameworks: 1) two stage - 

Region-based CNN and 2) one-stage detectors [14]. R-CNN [15] significantly improved 

the detection performance in 2014 compared to previous methods. R-CNN’s are 

composed of three primary sections: proposal generation, feature extraction and region 

classification [74]. For each image that is processed, the R-CNN generates a set of 

proposals which is designed to reject regions which can be identified as background 

objects. The proposals are then flattened into a feature vector by a Deep-CNN [74].  

Lastly, bounding box regressors are learned from the extracted features as inputs to 

increase accuracy in bounding objects. This second stage processing is used to learn 

the proposal generation. The second stage is used to classify the regions based on 

those inputs.  

One-stage detection on the other hand do not divide the detection pipeline into 

two parts [15]. Instead, they consider all positions of the image as a potential object and 

try to classify each region of interest as either background of a target object [75]. This 

detection led to the development of a real time detector called YOLO (You Only Look 

Once) by Redmon et al [16]. This algorithm spatially divides the whole image into a 

fixed number of cells and each cell now is considered a proposal to detect any objects 

of interest. Redmon et al [76] then developed YOLOv2 which significantly improved the 

detection performance and maintained real-time inference speed. This improvement 

saw a more powerful CNN which was trained on much higher resolution images from 

ImageNet.  
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Both one and two stage detectors are currently explored in production and 

research-based applications [77]. As with any methods, there are pros and cons to 

each. The one-stage detector is more lightweight, and is faster than the two-stage 

detector due to the fact that they pass the image through the neural network once to 

create and classify bounding boxes [58], [77]. This is possible via the sliding window 

technique [16], [17], [76], [78], where a window of a certain dimension passes along the 

image, grid by grid to extract the necessary information.  

2.3.2 You Only Look Once 

The object detection framework that has been at the center of computer vision 

with artificial intelligence is You Only Look Once. Initially released in 2016 by Joseph 

Redmond et al [16], YoLo has gone through multiple different release stages and the 

current version is YoLoV4, however this newer version of YoLo was not developed by 

the original author Joseph Redmon [16], [17], [76], [79]. Prior to the release of YoLoV1, 

the author worked on a ImageNet [9] classification using binary convolutional neural 

networks [80]. This initial work proposed two efficient approximations to standard 

convolutional neural networks with the Binary-Weight-Network and the XNOR-Network. 

Their results were able to boost the operation times of convolutional neural networks by 

58 fold [9], [80]. This initial deep dive within the inner workings of convolutional neural 

network for ImageNet was what lead to the inspiration behind YoLo V1. YoLo is a one-

stage feature extractor detection algorithm which uniquely handles detections as 

regression problem [16], [17], [76], [81]. YoLo is a unified real-time object detection 

algorithm that instead of attempting to select key interest regions of the image, the 

algorithm attempts to predict classes and bounding boxes of the whole image through a 

single run and then detect multiple images using the neural network [16], [17], [76], [82]. 

The framework is able to train the model by dividing the still-frame image into an SxS 

grid which is passed through the neural network where features for detection of the 

bounding boxes and predictions are scanned [83]. Once the image is divided, each grid 

undergoes a classification and localization. The classification creates predicted 

bounding boxes from multiple different prediction values of the localized coordinates 
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(x,y,w,h). Each grid is given an associated confidence score which associates if an 

object was detected or not. If multiple grids predicted the same object, the localized 

center point of the object is located and the grid that contains said center point is taken 

as the ground truth [84].  

 One of the earliest issues experienced with YoLoV1 came from detecting multiple 

objects within the single grid instance [16]. Meaning if there multiple different classed 

objects, than only one is given priority over the remaining grids where lingering objects 

can reside [16]. YoLo V1 produced state-of-the art benchmarks as it was able to 

produce fast results in real-time, processing 45 frames a second [16]. This original 

framework only faced issues detecting small objects due to the spatial restrictions of the 

bounding boxes and the class prioritization. Afterwards, Joseph Redmon et al. released 

two new versions of YoLo : YoLo 9000 and YoLo V3 [17], [76]. YoLo 9000 was 

introduced as a state-of-the-art object detection system that made significant 

improvements, primarily on being able to predict detection for more than 9000 different 

object categories [76], [85]. This second version of YoLo was able to predict a large 

amount of classes by proposing a method that jointly trained the COCO detection 

dataset [86] with the ImageNet classification dataset. This allowed YoLo 9000 to make 

predictions on detections for object classed that have yet to be labelled [16], [76], [81], 

[82]. YoLo v3 upon release demonstrated ground-breaking results compare to the 

previous two versions of YoLo and all existing other object detection frameworks [17], 

[82], [87],[88], [89]. The main difference between YoLo v3 and the previous versions of 

YoLo is the change of what feature extraction convolutional neural network was used 

[17], [82],[68], [81]. YoLo900 was utilizing a 19-layer feature extraction CNN called 

darknet-19, which was one of the primary causes for the struggle within smaller objects 

[90]. YoLo v3, on the other hand has a 53-layer neural network trained on ImageNet 

detection set [17]. This allowed detections to be made at three different scales by 

applying a 1x1 detection kernel on feature maps of three different size, all at different 

locations in the network [17]. Detections at different layers directly addresses the issue 

of overlapping when attempting to detect smaller objects. Lastly, the loss function used 
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for YoLo v3 was changed to a cross-entropy loss function [91] for classification of 

objects [17]. This newer loss function replaced the older softmax loss function, which 

classifies the scored and then takes the class with the maximum scored to be the 

detected class [92]. Now, each class is predicted using logistic regression and a 

threshold is used as a benchmark to predict multiple labels for a potential object. If a 

class is detected with a higher score than the threshold, then they are assigned the 

bounding box [17]. These core changes to the algorithm were able to accelerate the 

YoLo algorithm and was able to achieve incredible results within accuracy, speed and 

improving on previous downfalls of YoLo 9000. It should be noted that certain two-stage 

detectors, such as R-CNN [93] were able to provide more accurate results [17], 

however the speed of YoLo being a one-stage detector [16], [17], [76] while being 

lighter in size allowed YoLo to be one of the most favorited object detection frameworks 

to use.  

There have been multiple variations of object detection frameworks proposed for 

specific domain problems. One specific modification was proposed on the actual 

DarkNet-53 and replace it with DenseNet [94]. DenseNet, coupled with YoLo V3 would 

further improve the accuracy of detecting smaller objects within denser, crowded 

environments [95]. One clear opportunity to further improve YoLo v3 is to reduce the 

size it requires for computational efficiency. With the nature of a CNN, YoLo v3 requires 

substantial processing power to train and utilize. Huang et al [96] proposed YOLO-LITE 

in their research, which is a real-time YoLo framework that is able to run portable 

devices that lack a Graphical Processing Unit. Although faster and lighter, the overall 

performance of the framework was lost. Tiny-Yolo-V3 is a variant of YoLo v3 [97] that is 

able to land good performance on accuracy and speed while being a much smaller, 

more compact model size that can run on embedded devices [98]. During the creation 

of this project, a newer version of YoLo was released by Bochkovskiy et al [79]. This 

version did not include the original author of YoLo, however it did make strides in 

improving the accuracy and speed of the framework [79]. The main differences within 

YoLo v4 are the new methods for training the algorithm. The authors included a Self-
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Adversarial training method as well as a Mosaic training method to improve the ability of 

YoLo v4 to generalize it’s detection patterns [79]. This improvement also increased the 

speed of training as the newer Mosaic pattern is able to take the inputs of 4 separate 

training images as a single input, which allows YoLo’s original grid localization to work 

better for feature extraction and object detection [16], [17], [76], [79]. The new YoLo v4 

architecture utilized new features such as a Mish activation network, Mosaic data 

augmentation, DropBlock regularization with the original YoLo v3 head to achieve state-

of-the-art results for the MS COCO dataset at a real-time speed of 65 framers per 

second [79]. As of the writing of this thesis, there currently does not exist a tiny or 

lightweight version of YoLo v4. 
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3 You Only Look Once Version Release 4 
As previously mentioned, Yolo is a real-time object recognition system that is 

capable of recognizing multiple objects within a single frame. It is currently able to 

perform at the highest level of performance in terms of precision and speed [17]. From 

its earlier development it is currently able to predict up to 9000 [99] classes and even 

further unlabeled classes, that were previously unseen. These detections are identified 

with a bounding box and the framework can be deployed and used in production 

settings [16], [17], [76]. 

The YoLo framework utilizes a single convolutional neural network, which is capable 

of dividing an image into separate regions while simultaneously making predictions with 

bounding boxes. YoLo was initially developed by Joseph Redmon et al [16] in 2016. 

Since then, the real-time object recognition system has led itself to further 

improvements for newer computer vision algorithms and related research [100]. Joseph 

Redmon publicly stated he no longer wanted to develop YoLo due to the potential 

misuse of technology. He ceased his research, and subsequently evolution of YoLo 

because the ethical issues were growing and becoming impossible to ignore [101]. 

Thus, Alexey Bochkovskiy et al [79] developed the newest version of YoLo.  

Yolo V4 was released in April of 2020 [79]. The team mentions that it is a significant 

speed performance from the original Yolo build. According to the research article create 

by Bochovsky et al [79] – the newer version of YOLO demonstrated a 10% 

improvement in accuracy calculation for detection and classification, while also 

providing a 12% increase in speed and optimization. The structure of Yolo v4 can be 

divided into three separate portions: the backbone, neck and head. The backbone of the 

architecture is where the dense block of convolutional neural networks, specifically 

CSPDarknet53 [102]. The neck of the model is where the extracted features from the 

CNN get passed down for further processing [79]. The neck consists of a Feature 

Pyramid Network, a Spatial Pyramid Pooling Layer and a Spatial Attention Module. 

Lastly, the primed and clean features are passed into the head of the network, which is 
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still the same architecture Yolo v3. Since the release of YoLo v4, there have already 

been numerous amounts of released research papers that have utilized the new 

technology for compute vision processing and analysis. For instance, the field of 

agriculture is constantly researching new methods to accurately detect different features 

within plants, vegetables, and fruits. Wu et al [103] utilized the Yolo v4 deep learning 

algorithm for real-time apple flower detection in natural environments.  The incredible 

fact from their work, besides the results, was the fact that the model was only trained on 

2230 labeled apple flower images. Relative to the world of neural networks, this a 

smaller training batch. Wu et al [103] even verified their findings by comparing the 

results from the Yolo v4 model with other algorithms such as Faster R-CNN [104], Tiny-

YoLo v3 [98] and SSD 300 [105]. They concluded that the results achieved with the 

YoLo v4 algorithm scored a mean average precision of 97.32%, which was the highest 

of all the algorithms and a score of 72.33 frames per second. None of the other 

algorithms were able to match the detection speed that YoLo v4 had presented. Another 

example of research that came with using the improve YoLo v4 algorithm was 

presented by Zhu et al [106] where they successfully evaluated the sound source 

localization of sound imaging instruments. Their work showed that they were able to 

score a mean average precision of 96.3% with detection speeds reaching up to 34.6 

frames per second. Due to how new YoLo v4 is, there is still some time that new 

research is going to be released utilizing the technology, while many current researches 

may be exploring ways to migrate from the former Yolo v3 version onto the v4. The 

areas of research YoLo v4 is able to contribute is not limited, as Deng et al [107] used 

YoLo v4 within the realm of detecting iron surface cracks for material science 

applications, while Mahto et al [108] used the refined yolo framework for increased 

accuracy in vehicle detection. 
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3.1 Schema: How it Works 

Prior to analyzing the composition of YoLo v4 and the architecture, it is important 

to make the distinction between two machine learning concepts known as bag of 

freebies (BoF) and bag of specials (BaS). Bag of freebies is everything that can be 

tuned within the model that does not interact with the technological architecture, such as 

data augmentation, class imbalance, cost functions and other tuning parameters [79]. 

On the other hand, bag of specials which impacts inference speeds as well as 

performance. These changes may include feature integration tactics, FPN, and other 

additions to a neural network [79]. The key aspect with YoLo v4 is that if focused 

intensively on adding bag of specials improvements to the existing YoLo v3 algorithm.  

3.1.1 Backbone 

The first aspect of the neural network that was change was the backbone, where 

ultimately the neural network was completely revamped. The improved accuracy of 

YoLo V4 is a result of designing a deeper network that has the capability of extending 

receptive fields and increase model complexity [79], [109]. The dense block contains 

multiple convolution layers where each layer is composed of batch normalization, a 

ReLU activation function followed by convolution [79]. 

YoLo v4 utilizes a CSP connection with the Darknet-53 CNN as the backbone in 

feature extraction [110],[79]. A Cross-Stage-Partial (CSP) connection is used to 

separate input features of the Dense blocks into two different parts. The first separation 

part actually skills the Dense block but acts as the input to the next transition layer, 

while the second separated portion will go through the Dense block as normal flow. The 

hybrid of utilizing CSP and Darknet53 can be referred to as CSPDarknet53. The 

architecture can be seen below of the new backbone CNN. The CSPDarknet53 model 

achieves a higher accuracy within object detection compared to other ReSNet designs 

[17]. 
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Figure 3: CSPDarkNet53 Architecture [79]  

3.1.2 Neck 

After the backbone, the algorithm moves into the neck, where further tuning for 

feature extraction occurs. The main purpose of the neck is to enrich the information that 

feeds into the head. This is achieved by feature maps coming from the bottom – up 

stream, as well as the feature maps form the top-bottom stream are combined together 

element-wise and then fed into the head [17], [79], [103].  



 

 

29 

 

 

Figure 4: One-stage detector visualized [79] 

In Yolo v3, the neck utilizes a Feature Pyramid Network (FPN) in making object 

detection predictions at different scales. The purpose of a FPN is to make a prediction 

at a particular kernel scale and combine it with neighboring layers predictions. The 

result is then passed into a convolutional filter to reducer sampling and create the 

resulting feature maps for the head input [16], [17], [76]. However, in Yolo v4, the FPN 

is modified into what is known as a Spatial Pyramid Pooling (SPP) layer. 

SPP applies a different strategy in detecting objects at different kernel scales 

within the neural network. Instead, the SPP replaces the last pooling layer in the 

convolutional layer. The new passed in feature maps are spatially divided into m by m 

grids [79], [108], [111]. As previously mentioned, YoLo v4 specializes in detection 

features at different dimensions and scales. This is due to utilizing the SPP to retain the 

output spatial dimension of the extracted feature maps. A maximum pooling layer is 

applied to the sliding kernel of different sizes to preserve the spatial dimension [79]. 

Then, the feature maps from all the different kernel sizes are concatenated together as 

the output. The last component of the neck is the Spatial Attention Module (SAM). In 

SAM, a maximum and average pool are applied separately to input feature maps from 

the SPP [112]. The results are then fed into a convolutional layer which is activate by a 

sigmoid function to create spatial attention.  
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3.1.3 Head 

All the detection occurs in the head of the algorithm once all the spatially 

separated features are extracted. This part is responsible for classification and 

regression of the bounding boxes. These accepted values contain the predicted 

bounding box dimensions (x,y,h,w) and the probability of the classes. Since this is a 

one-stage detector, YoLo applies the head network to each anchor as the objected 

detectors are anchor-based (meaning which weight has the biggest value 

corresponding to the highest probability of correctly classifying the detected image).  
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4 Proposed Strategy 
The research proposes a novel approach of utilizing the YoLo v4 framework and 

estimation theory filters for the purpose of accurately tracking individuals. Combining 

both elements of estimation theory and YoLo v4 involves separating the two entirely and 

then combining both near the end of the process. The principal components needed to 

run this algorithm involved Keras, Tensorflow, OpenCV and the latest CNN of YoLo v4 

which is then needed to be replicated within the codebase. The main scripts needed to 

run this process involve the individual estimation filter files, which is found in the 

object_tracker subdirectory, the actual model.py file which contains the composition of 

the YoLo v4 CNN and lastly a main.py file that is responsible for some data processing, 

communication between both technologies and the main output.  

As a quick start, YoLo v4 requires weights files which are trained from the readily 

available COCO data set [86]. Since YoLo v4 takes in weight files formatted in .h5, a 

conversion script has been made available to transform the .weight files into .h5 files. 

With the correct formatted files, YoLo now has the capability and knowledge to properly 

identify and classify each object it may detect within an image or within a video through 

still frame processing. Since the release of Tensorflow 2.0.0, Keras is not automatically 

integrated as the backend for TF, meaning all TF imports utilizing TF 2.0.0 come with 

the entire Keras library [113]. Keras is an integral component for the project as Keras 

backend is used to build the YoLo V4 defined model. A detailed breakdown of the YoLo 

V4 layer composition can be seen in the following sections, however the primary 

components imported from Keras include the Conv2D layer, the ZeroPadding2D layer, 

UpSampling2D layer, Concatenate layer and a MaxPooling2D layer. Additionally, 

LeakyRelu is used as the primary activation function and regular BatchNormalization is 

used – all imported from the Keras library. The initial Keras build of YoLo v4 was done 

by GitHub user Ma-Dan – who established the core repository of YoLo v4 which has 

since received 273 stars and 120 forks [114]. Lastly, OpenCV is used as the main tool 

to process videos and break them down into their respective frames, while also allowing 

to create an output video in mp4 format from resulting frames [115]. These technologies 
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act as the main backbone of the entire project. User’s should be warned that due to the 

nature of these technologies, a list of what specific version used was added, as well as 

a requirements.txt file as well, to reduce dependency issues.  

The following section will breakdown the usage of each specific estimation theory 

filter, but it is good to have a brief understanding of how these filter work in conjunction 

to everything, and the overall process flow of the project. First, a virtual environment is 

spun up to not affect the local machine. Once a video is selected and all path variables 

have been taken care of, the main YoLo function starts from the main executable file. 

This function utilizes the OpenCV2 framework to process the video file, then breaks it 

down into each frame. From the frame, CV2 extracts the height and width of the entire 

image. While the CV2 is processing all the possible frames from the video, each current 

frame is then passed into the YoLo v4 detect image function. The detect function 

transforms the image from RGB pixels into its array matrix representation which is then 

processed through the YoLo v4 neural network to capture dimension of the grid 

bounding box, the confidence score of the individual bounding box and what class 

predicted. This is the critical part and the utilization of YoLo within the entire 

architecture. After getting the raw outputs from the YoLo model, they are further 

processed to be used in demonstration and tracking purposes. For example, in the 

context of this project, all classes that are not detected as ‘person’ are discarded and no 

bounding box will be built. Otherwise, the bounding box output is then taken and 

processed with the Python library Pillow to draw the surrounding bounding box. Lastly, 

the detected class label is printed on the top of the bounding box itself, with the 

confidence integer.  

Following this process, the bounding box integers and confidence score is passed 

through a function that calculates the center of the object detected. Since tracking 

people in a crowd at different depths poses challenges, this function is used to calculate 

the approximate center point based on the bounding box outputs from YoLo. The main 

function is fairly straightforward as it just takes the average of the left and right 

dimensions, while also taking the average of the top and bottom dimensions and placing 
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it as [1,2] Numpy array. These Numpy arrays contain the center co-ordinate of each 

person in a frame is passed into the core trackerDetection function, where the 

estimation theory manipulation takes place. A detailed breakdown of the estimation 

theory portion can be read below, however the output from this function is the predicted 

co-ordinates for the next possible frame.  

The estimation theory trackerDetection function is iterative, meaning it takes the 

previously defined ‘tracker’ variable as input to compare the accuracy of the 

measurements from the previously frame to the actual results of the next. Essentially, 

the tracker is predicting the center position of the object detected in the n+1 frame. It 

should be noted that the very first ‘tracker’ co-ordinate pair is a random value that is 

picked arbitrarily. The nature of the filters are able to adjust themselves based on the 

results from the predicted values to the actual values [10], [22], [116], [117]. The 

remaining functions involve creating the visuals that are seen in the output video, such 

as the bounding box, and the tracking line, which are processed frame by frame and 

then put together as a video through OpenCV2 and calculating the RMSE values 

between the predicted and actual co-ordinates. This research also focused on the 

tracking accuracy for one individual, thus within the footage the results are based on 

just a detected person class, where there is a maximum count of one present. 

4.1 YoLov4 + Estimation Theory Filters 

Estimation theory has been a key subject to study within engineering for many 

years [118]. With the recent boom in popularity within machine learning and artificial 

intelligence, a lot of research has been made to incorporate said topics within 

engineering, and other core applications. Estimation Theory has incorporated machine 

learning in many different applications, such as creating novel computer vision 

frameworks, object tracking, system modeling and creating neural networks from 

scratch using principal estimation theory concepts [119]–[121]. In this research we 

cover two of the core estimation theory filters, the Kalman filter an the Extended Kalman 

filter. However, there are other types and variations from the original Kalman filter, 
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depending on the purpose and application, such as the unscented Kalman filter, used 

for non-linear estimation purposes [122].  

YoLo, the popular detection framework discussed throughout this thesis 

implements a version of the Kalman filter within their C code, in order to keep frame by 

frame detections accurate for the object initially detected, and to not mix up detections 

of other objects detected in the same class [16], [17], [76]. From the sheer power that 

estimation theory provides within the realm of tracking multiple objects, research have 

been focusing on utilizing this strength for computer vision applications. One such 

example is the novel Complexer-Yolo, created by Simon et al [123]. Their work was an 

integration of YoLo V3 for the purpose of detection and semantic segmentation for 

autonomous driving. Their work focused on integrating a custom-built neural network 

with YoLo V3 to establish real-time recognition, however within their paper they stated 

that they utilized a Bayesian filter to define where the state of a individual measurement 

is and that state is calculated using a Kalman filter to update according to the 

measurement model. Then, the prediction for the next state is done using an unscented 

Kalman filter with nonlinear coordinates [122], [123]. Another similar example of how the 

Kalman filter is now a common tool to be used within object tracking comes from the 

work of Kim et al [124]. Their work primarily focused on the analysis of using deep 

learning algorithms for image recognition. They were able to propose a method of 

combining Kalman filters into a deep learning-based detection network for improved 

detection and tracking in video. Their detection was built off Yolo V2 and their results 

showed significant improvement in tracking accuracy over the existing Yolo V2 [124].  

DeepSort is another popular framework that was built off of the mathematical 

principals from the Kalman filter [18]. This framework is actually one of the newer 

methods released that is completely separate from the YoLo family. DeepSort is also a 

CNN that is focused on extracting key features from segments of an image. Similar to 

YoLo, the application of the Kalman filter is to take the current state as the outcome 

from the detected image and then attempt to predict the next state and re-adjust itself 

based on the accuracy. There have been many applications of utilizing image 
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recognition with DeepSort as the backbone, such as the work presented by Hou et al 

[119] where they attempt to reduce the effect of unreliable detections by incorporating 

low confidence track filtering with DeepSort.  

Most of the previous work that implements object detection with object tracking 

focuses on using the Kalman filter for linear systems, or even within nonlinear systems 

as well. In our work we are focusing on presenting a novel filter that can be used within 

these existing frameworks in hopes of increasing performance, reliability and overall 

usage of estimation theory within computer vision applications. The Sliding Innovation 

Filter (SIF) mimics the behavior of the Kalman filter however it differs in one key aspect 

which is handling irregularities or views that get obstructed. The SIF handles robustness 

and has a margin for allocating the proper prediction result [20]. 

 

Figure 5: Process of YoLoV4 + Estimation Theory Filters 
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4.2 Architecture 

The proposed architecture of the method follows-up on the previously mentioned 

process of how an image is pipelined from raw input format, all the way to creating the 

bounding box and center output coordinates. As the single-frame image is processed 

through the YoLo V4 neural network, the main outputs received are the center points of 

all the objects detected within that frame. At this point, excluding the use of a Kalman 

filter, YoLo V4 would be able to continuously detect objects detected within each frame 

passed into the neural network [79]. This may serve a shallow purpose of simply 

identifying objects, however the core usage of a Kalman filter is providing enough 

support for these detections to assign a unique ID to each object. When a new frame is 

processed, if the new output coordinates match the prediction stage of the Kalman filter 

(within a defined margin), then it is the same image. This allows for the process of 

tracking objects within multiple frames. 

The architecture proposed has enabled the usage of four different filters. 2 

existing, and 2 novel ones introduced by Gadsden et al [20]. This architecture is able to 

dynamically process any of the four different filters based on the way the program is 

written. Even with the Kalman filter, which is already used within many different tracking 

frameworks [117], [121], [124], [125], the Kalman filter we propose has key differences 

in the mathematical principles which is further highlighted in the next chapter. As for 

how each of these filters work within the processing of images, the center co-ordinates 

are passed into a trackerDetection function called inside the main project script. 

Depending on which filter is turned on within the script, the trackertDetection will pass 

the center co-ordinates into that respective filter. Inside the actual filter logic, there is a 

main class which is responsible for the filter initialization, the prediction, and the update. 

The chosen filter class keeps track of the estimated state of the system and the 

variables or uncertainty of the estimate. The predict and the correct methods implement 

the functionality. The initialization of the filter depends on the dimension of the data that 

is passed into it. Via the configuration and output from the YoLo algorithm, we set all the 

dimensions to match the co-ordinate outputs from the images that are processed.  
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Within initialization, many different variables are declared within the class so that 

they can be readily available throughout the class declaration. The measurement 

function, state of the system and the vector of observations are all declared initially with 

zeros matching the expected shape of the images passed. Then, specific attributes are 

declared such as the uncertainty covariance, state transition matrix alongside the 

process uncertainty and state uncertainty. The last variable declared is called 

lastResult, which keeps the last predicted result from the filter to be used later for 

comparing and calculation steps. It should be noted that the process and state 

uncertainties may be tuned. The values chosen for this research and results were 

chosen over a course of grid selection tuning.  

The first real processing step of the filter class is to predict the next values based 

on the current ones passed in. This step is broken down into multiple functions but the 

core usage of the prediction sate is to the vector x and variance of uncertainty 

(covariance) [126]. This part of the code is different from one filter to the other as the 

linear or nonlinear formulas used to predict, and update state are different. The last step 

of processing for the filters occurs in the update phase. This phase is responsible for 

adding a new measurement to the filter, with the primary focus of saving posterior state 

and updating the current one. The update portion of the script focuses on calculating the 

filter gain and updating the state estimates and state error covariances. Again, this 

process and the calculations used are different from one filter to the other to handle the 

linear versus nonlinear cases. Within the update phase of the filter logic is where the 

RMSE is calculated. The process for calculating the error, or more specifically the delta 

is by taking the n+1 image frame with its newly tracked coordinates from the CNN and 

comparing them with the previous n predicted coordinates from the filter. The difference 

in these values corresponds to the error calculated and allows for troubleshooting and 

benchmarking. Additionally, for this particular research case the error is only calculated 

for a single entity that is seen visible on the frame for a given time. Calculating the 

RMSE for all the objects identified, regardless of class or number of items causes a 

skewed answer for the RMSE graphs.   
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4.3 Benefits of proposed methodology 

The proposed methodology has many different benefits for the realm of research 

and future development. There are existing code repositories that introduce ways of 

integrating Kalman and Extended Kalman, however the code introduced in this project 

was created from scratch to mimic the actual mathematical principles of each filter. One 

key difference is that our methods do not rely on the Hungarian method in the prediction 

or update phase. To start, it introduces and implements two new novel filters that can be 

used for tracking and potentially replace the existing Kalman and Extended Kalman 

filters which are already used in most computer vision tracking frameworks. The 

utilization of these filters may be used, or at the very least added to the continuation of 

exploring the most optimal methods for detection and tracking. In our research and 

experimental set-up, the SIF provided the best results compared to all the other filters. 

The Sliding Innovation Filter is able to add new constraints for image tracking that the 

previous Kalman filter was not able to, such as the bounding layer that is built within the 

SIF. For instance, the SIF creates boundary for the object tracked which allows for a 

greater margin for detection. This is especially the case when an object is initially 

capture and seen in a frame, but then is obstructed by going behind another object for a 

set of frames. In typical cases and depending on how many frames the initial object is 

obstructed; tracking loses sight and as a result issues a new unique ID when the object 

reappears. However, with the SIF the object has a greater opportunity to be recognized 

after reappearing from the obstructed view. RMSE also demonstrated that the SIF 

provided a lower error than the Kalman filter, which is a promising result for CCTV 

applications. This value may be tuned even further by modifying some of the gains and 

values within the initialization step. The last true benefit this research hopefully brings 

into the world of computer science is the flexibility of using different filters for 

comparison and benchmarking. With the code all available and open source, it can be 

seen how 4 completely separate estimation theory filters may be used within the 

application of a YoLo convolutional neural network. Lastly, script performance can 

mimic the same performance as YoLo V4 in terms of frames per second.  
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Figure 6: Architecture Flow of Research Project 
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5 Computer Experiment: Setup and Results 
5.1 Experimental Setup 

As discussed in the previous section, the implementation of the different 

Estimation Theory techniques with respect to object tracking will be tested. An existing 

framework created by GitHub user MattZheng "keras-yolov3-KF-objectTracking" will 

serve as the boiler plate for the project as it initially encapsulates the YoLo V3 

algorithm. This framework created, builds off another repository from srianant's 

"kalman_filter_multi_object_tracking". The difference between srianant's repository and 

mattzheng's is the conversion from python 2.7 to python 3.5.2. For this reason, 

mattzheng's framework was used as the bases of this project. However, further novel 

modifications were needed to make the experiment successful, such as using Python 

3.8, upgrading the machine learning backend to TensorFlow 2.2, and recreating the 

boiler plate to leverage YoLoV4 instead of YoLoV3. The current framework only 

consists of an implementation of YoLo using the pre-created weights which can be 

obtained from pjreddie.com, who are the creators of the YoLo algorithm. As the purpose 

of this report is to test the differences between the impact of each filter, the only original 

content created will consist of the respective frameworks that involve the 

implementation of such filters. 

The experiment focused on leveraging YoLo v4's detection algorithm in order to 

detect weight-trained objects, such as people, chairs, airplanes, etc. The detection 

algorithm creates a bounding box around each detected object with the percent 

confidence at the top left corner. For the sake of presenting result findings, only 

bounding boxes around human detection were made visible. The footage chosen for the 

experiment is a stock 15-second clip of students walking in an atrium, shown in Figure 

7. This video is chosen due to a single shot camera that is stationary, as well as multiple 

different students are seen in the footage. The latter is used to demonstrate the 

distinguishing capabilities of the algorithm even from objects that fall under the same 

category but are individually unique. 
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5.1.1 Experiment Dependencies 

To execute the source code, the dependencies are shown in Table 1: 

Table 1: Code Source Dependencies 

Tool Version 

YoLo Version 4 

Python IDE Any applicable 

TensorFlow 2.2.0 

Keras 2.5.2 

Python 3.8 

Keras Backend Tensorflow 

 

Figure 7: Still frame of Atrium footage used in experiment [136] 
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5.1.2 Estimation Process 

To properly connect the detection algorithm with a filter, multiple separate scripts 

were written for the 4 filters mentioned in this thesis. The initial detection algorithm 

creates a bounding box around the detected image. From this bounding box, it 

calculates the center value of the object detected. This yields a pair of X and Y values. 

These values that are passed from the detection stage into the filtering stage. The 

filtering stage itself has three separate components. The first is the initialization of the 

unique filter. This phase initiates the following parameters shown in Table 2: 

Table 2: Variable Representation 

Variable Representation 
dt Delta time for filter 

Dim x Dimension of state variable 

Dim z Dimension of measurement vectors 

C Measurement Function 

x State variable 

b Vector of observations 

P Uncertainty Covariance 

A State transition Matrix 
Q Process Uncertainty 
A State Uncertainty 

 

It should be noted that each filter may have different initialization values. Due to 

the 2D shape of the images captured, the X and Z dimensions are set as 2 throughout 

the entire experiment. The source code has been created to allow dynamic data that 

may require different dimensions for state variables of measurement vectors. 
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The second phase of the Estimation Theory filter process is to predict the values 

based on the inputs. As previously mentioned, the inputted values from the detection 

algorithm are the X and Y coordinates of the object detected. The prediction function 

predicts the state vector and variance of uncertainty and returns the vector of predicted 

state estimate. Each respective prediction step equation can be found in the respective 

filter's sub-section. The prediction section involves calculating the predicted state 

estimates and using that to calculate the predicted state error covariance. The 

prediction function returns the newly calculate predicted values and are then fed into the 

update function. The last phase involves updating all the existing variables from the 

output of the prediction phase for the iteration. Updating involves calculating the 

respective filter gain, updating the state estimate based on the actual input from the 

detections and then updating the state error covariance. Again, these equations can be 

seen in the respective section of each filter used in the research. 

This process continues iteratively for each frame of the footage. The 15 second 

footage used creates an output of 483 frames. These frames are individually processed, 

one-by-one within the filter procedure. The output from this process creates 483 images 

into a separate folder. Each image contains the bounding boxes, percent confidence of 

the detected object and the unique tracking trail of the object. The tracking trail has a 

unique color pertaining to the unique identity of the object and shows the entire tracking 

procedure from entering frame to exiting. Lastly, the images are all put together into a 

video which is outputted at the very end of the entire combined algorithm. 
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The variables described in the Estimation Theory process are shown and 

referenced in Table 2 

The accuracy and result of each filter were determined by the quality of the 

outputted video. Cleanliness, proper tracking, and overall quality of the tracking lines 

determine which video does a better job. Besides relying on a video and human 

judgement, the root means square error (RMSE) was calculated.  
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4.6 

This step occurs in the update phase mentioned above. Di represents the current 

true measurement of the frame, fi describes the previously saved prediction estimate. 

The mean squared error is calculated between the true values (the actual detected 

values) and the predicted values (output from the prediction phase of the Estimation 

Theory filter). Each mean squared error is appended to an empty list and continues until 

all the frames are complete. The last sequence is to take the sum of all the appended 

Figure 8: Still Frame Image with Kalman Filter Tracking [136] 
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results, divided them by the total number of results and take the square root. Each 

result provides deeper insights into the accuracy of the filters and creates a ground for 

comparison. Some margin of error in this process is when the detection algorithm 

detects multiple images per frame. This multi-detection cause difficulty to correspond 

the correct filtered output with the corresponding detected input. 

5.2 Chosen Videos 

The video for the experiment was chosen as it replicated a CCTV video camera 

the closest. The footage was stock footage from a University atrium which shows 

different individuals walking past the captured area. And element that allows this 

footage to be essential in result comparison is that it allows for error calculations for 

both tracking a single individual, and a group of individuals all in the same time. 

Different instances of when individuals entered the frame of reference from random 

locations was able to provide dynamic flexibility when analyzing the results of the 

applied filter. It was discussed that having a single video with the same entry point for 

the object detected and tracked would provide shallow insights into how the actual 

algorithm is performing.  

Another element that this footage provides is within the detection portion of the 

algorithm. Since the YoLoV4 model was trained on the classical coco data set, it was 

the capability of recognizing objects such as chairs, trees, animals, and other common 

items. As such, the stock neural network was capturing all these elements within the 

frame of refence and initial results were skewed due to not tracking only a single 

person, or only a human object. The backend processing logic was modified to only be 

able to recognize and process one object at a time, and only if it is a person detected.  

A second video was also chosen as it demonstrated similar criteria. Stationary 

video camera recording traffic of cars, trucks and motorcycles. For the experiment, the 

code was modified to only process and detect cars driving along the highway. Further 

analysis can be done on different still frame cameras to process and compare results. 

One note to make is that there is a performance gap when dealing with a large crowd of 
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people versus dealing with a smaller crowd. Calculating the RMSE for a large group of 

individuals poses many different problems and challenges and is a less straight-forward 

process than comparing to a single individual.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9: Video Footage with Traffic [137] 

Figure 10: Another Video Footage of Traffic [137] 
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5.3 Results 

This section will highlight the result findings of each filter. To judge and compare 

the performance of each filter, we will use the RMSE calculate, the image to 

demonstrate the capabilities of the tracker and lastly an image demonstrates the RMSE 

graph for the first 45 iterations.  

Table 3: RMSE Values for Different Filters 

Filter RMSE Value (Max Pixel Distance) 

Kalman Filter 2.2519 

Extended Kalman Filter  2.3186 

Sliding Innovation Filter 1.2357 

Extended Sliding Innovation Filter 1.6392 

 

The following assumptions have been made to simplify the given problem: The 

equation of motion was a linear system. The video output was 2D meaning depth was 

not considered. The information provided by the YOLO algorithm was the only data 

used (x- and y-coordinates). As only x- and y-coordinates were considered, color and 

shape were ignored resulting in cases where tracking was lost due to nonlinear 

trajectories while object of interest is occluded and the resulting RMSE values were an 

accumulation of detected objects in the video. This included people, chairs, and the 

tree, meaning that a filter may have tracked a moving object such as the people 

correctly but failed to predict the trajectory of stationary objects, resulting in a higher 

overall RMSE.  
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For the traffic video footage, a similar experiment was used to compare the 

different filters and their results. Instead of tracking an individual person, a group of cars 

were tracked and the RMSE was calculated based on the results from this. 

Table 4: RMSE for car tracking 

Filter RMSE Value (Max Pixel Distance) 

Kalman Filter 3.4492 

Extended Kalman Filter  3.4623 

Sliding Innovation Filter 1.4283 

Extended Sliding Innovation Filter 1.6646 

 

5.3.1 Kalman Filter 

The Kalman Filter yielded stable results for tracking. It is used for linear systems 
of equations. 

 

 

 

 

 

 

Figure 11: Still Frame with Kalman Filter Tracking 
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The calculated RMSE value was 2.2519. The Kalman Filter outputs a fairly stable 

tracking video. Figure 9 shows a distinct blue line tracking the individual from start to 

finish and begins tracking the second person with another line. There are some 

lingering lines due to the algorithm tracking and predicting the location of the chairs. The 

blue lines show a bumpy characteristic which demonstrates the attempts are predicting 

the pattern of the person detected 

5.3.2 Extended Kalman Filter  

The Extended Kalman Filter shows poor results due to the nature of the EKF. 

The EKF is used for nonlinear systems, where the equation of motion is known and can 

be computed. This was not the case for the experiment. 

Figure 12: Kalman Filter RMSE for X Iterations 
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Figure 13: Still Frame Image with Extended Kalman Filter Tracking 

Figure 14: Extended Kalman Filter RMSE for X iterations 
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The calculated RMSE value was 2.31863. The EKF does significantly worse than 

the KF for a number of reasons. The first being the EKF works best for nonlinear 

systems where the equation of motion is known. Secondly, it appears that the EKF 

struggles when it deals with multiple detected images in a single frame. This is made 

evident in Figure 11 where there are numerous uncertainty lines in the detection of the 

stationary chairs. 

5.3.3 Sliding Innovation Filter  

The Sliding Innovation Filter is a novel filter introduced for object tracking. It is 

referenced and introduced in [20]. The SIF goes hand-and-hand with the Kalman Filter 

by being a filter used for linear systems. The novel SIF provides incredible results and 

has the lowest RMSE with the cleanest picture. 

 

 

 

 

 

 

 

 

 
Figure 15: Still Frame Image with Sliding Innovation Tracking 
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The calculated RMSE value was 1.2357. The SIF has the lowest RMSE values. 

Figure 14 shows the values of the graph bounded from 0 to 5. The Sliding Innovation 

Filter does a remarkable job of tracking the object in question. It accurately tracks the 

center of each object, which is seen in the second person detected within Figure 13. 

Lastly, the detected chairs are still present, however there is no uncertainty lines as the 

detection line is a stationary point for the frame. 

 

 

 

 

Figure 16: Sliding Innovation Filter RMSE for first the first few 
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5.3.4 Extended Sliding innovation Filter  

The ESIF is similar to the EKF. It behaves well with nonlinear systems. The ESIF 

is also a novel filter that was introduced in [20]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The calculated RMSE value was 1.6392. The ESIF faces many of the same 

problems that the EKF faced, in terms of dealing with nonlinear systems without the 

Figure 17: Still frame with extended sliding innovation filter tracking 

Figure 18: Extended Sliding Innovation Filter RMSE for first few iterations 
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precise equation of motion. The ESIF yielded a fairly high RMSE value in comparison to 

the other five. Figure 15 also shows that the tracking line is jagged, demonstrating the 

sliding portion of the filter. The chairs are stationary and yield no uncertainty lines.  

5.3.5 Computational Timing 

To add another element of comparison between the four filters, we added a 

simple timing function to measure the computational requirements for each filter. The 

timer begins at the start of the first image and finishes at the end when the last iteration 

is complete. To get a fairly accurate estimate of each filter and the computational each 

filter requires, their respective script were ran 5 times and the average between those 5 

was chose as the estimated time for completion. 

  

Filter Time Completed (seconds) 

Kalman Filter 19.261 

Extended Kalman Filter  19.197 

Sliding Innovation Filter 19.136 

Extended Sliding Innovation Filter 18.694 

 

5.3.6 Disturbance Cases 

Object tracking and detection works almost flawlessly when the correct 

environment and domain is set up for experimentation. However, in practical settings, a 

lot of the time tracking becomes difficult for edge cases that were not anticipated within 

development. Some of these issues include when the object that is being tracked goes 
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behind another bigger object and the tracker loses sight of the detected class. This 

occurs frequently within surveillance settings as the target can typically blend in with 

either crowds of others or hide behind a building. This can cause issues when 

attempting to follow the movement of a certain individual. However, the Kalman filter 

and the different varieties that spawn from the Kalman filter have capabilities of re-

capturing the object tracked if lost sight for a brief moment. This is what is important 

about estimation filters as they have enough robustness to account for sudden drops or 

loss of focus.  

To account for disturbances from real-time footage, an experiment was created 

to compare how the Sliding Innovation Filter and Kalman Filter handle situations when 

the video was interrupted. This was done by artificially injecting interruptions for batches 

of frames from the main function of the program. A batch of 20 frames were interrupted 

from different instances of the video. For example, at the beginning of the video, after 

the filter had a chance to capture the moving person, a batch of 20 frames were 

removed from processing, essentially interrupting the flow of the process. When the 

frames resumed, the filter had to re-engage, detect and resume tracking of the initially 

detected person. This experiment occurred at three separate points of the video to 

analyze true differences. These three instances are labelled ‘break 1’, ‘break 2’ and 

‘break 3’. Break 1 interrupts the frames from 42 and frame 62, break 2 interrupts the 

frames from frame 62 to 82, and lastly break 3 interrupts the frames from 82 to 100. 
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Figure 19: RMSE for KF on Break 1 

 

 

Figure 20: RMSE for SIF on Break 1 
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Figure 21: RMSE for KF on Break 2 

 

 

Figure 22: RMSE for SIF on Break 2 
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Figure 23: RMSE for KF on Break 3 

 

 

Figure 24: RMSE for SIF on Break 3 
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Figure 25: KF Video Tracker on Break 3 

 

 

Figure 26: SIF Video Tracker on Break 3 
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Table 5: RMSE (Max Pixel Distance) for KF and SIF on different breaks 

Break Kalman Filter Sliding Innovation Filter 

1 2.8892 1.2950 

2 2.9414 1.2304 

3 3.0778 1.2030 

 

5.4 Discussion 

The results for the KF, EKF, SIF and ESIF were successful with respect to testing 

the filters in tandem with the object detection code. As the Kalman Filter was already 

implemented into the preexisting object detection framework, a few parameters were 

adjusted to fit the purpose of this report. The Kalman Filter results showed how well 

Estimation Theory techniques can improve the information gained through object 

detection when keeping track of separate identifications in the frame. The ability to not 

only predict the assumed direction of travel, but to separate different detections of the 

same class provides a significant amount of information that can be analyzed [11]. The 

other implemented filters needed to be created separately to be compatible with the 

preexisting framework. Most of the time spent implementing the other filters was 

identifying the proper dimensions of the data to be compatible with the filters. Creating 

the separate prediction update estimators were very simple due to their similarities to 

each other. The Sliding Innovation Filter was an example of this, especially due to its 

strong similarities to the preexisting KF [20] ,which is known to be very simple to 

implement and tune [32].  

Implementation of the Extended Kalman Filter involved creating functions of f and 

h instead of implementing the system and measurement model equations. This led to 



 

 

61 

 

difficulties due to understanding the motion model of humans being tracked on screen. 

Assumptions for the system equation of motion were used to simplify the 

implementation of the filters. Due to these assumptions, the following RMSE values 

were calculated, which is shown in Table 3. As stated in Section XI. Results, the system 

of motion was assumed to be linear. This resulted in the linear filters, KF and SIF to 

outperform the nonlinear filters. 

The Kalman Filter was able to correctly track the people in the provided video but 

seemed to fail at correctly tracking the stationary objects, such as the chair. This issue 

was present in the Extended Kalman Filter. The Extended Kalman Filter had the worst 

outcome when predicting the trajectory of the stationary objects but performed to a 

similar accuracy to the Kalman Filter for the moving objects. This resulted in an RMSE 

of 14.699 which is very close to the RMSE of the Kalman Filter. This is most likely due 

to the characteristics of the Extended Kalman Filter, as it is more accurate for nearly 

linear, nonlinear systems [32], [38]. 

Figure 27: RMSE Graphs for all Filters 
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When directly comparing the resulting RMSE values for the SIF and ESIF, the clear 

winner for this specific test is the Sliding Innovation Filter. As the Sliding Innovation 

Filter was created on the basis of the Kalman Filter using the sliding boundary layer 

techniques from the Smooth Variable Sliding Function, it is intuitive that the SIF will 

greatly outperform the ESIF for linear systems. The interesting result from this 

experiment is that the Sliding Innovation Filter produced a very small RMSE even 

compared to the Kalman Filter. The implementation of the boundary layer allowed for 

the estimator to correctly predict the trajectory of the stationary objects as seen in 

Figure 13. This resulted in a much lower RMSE as the Kalman Filter failed to do this. 
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6 Conclusion 
This thesis explored the possibilities of using Estimation Theory with innovative 

CNN for the purpose of detecting and tracking. The Kalman, Extended Kalman, Sliding 

Innovation and Extended Sliding Innovation are the five filters chosen for this research. 

It also served as the results of using the novel Sliding Innovation Filter as the most 

accurate and more dependable filter out of the existing ones. This experiment made a 

few things very clear. The first, is the nature of the model that is being detecting gravely 

effects that success of the type of filters used. For example, a linear model performs 

significantly better for linear filters than not, and vice-versa. However, the argument 

should be held that the point of this experiment was to track humans and people 

walking. This attempts to mimic real-world conditions and the unpredictability that a 

person has while walking. The EKF and ESIF all performed poorly due to the 

assumption that the equation of motion was assumed to be linear. The KF was able to 

perform as expected since it is the current standard. The KF was capable of producing 

accurate tracking lines for the moving objects in the frame. The newly introduced SIF 

performed the best. It was able to match the stability of the KF while also demonstrating 

its unique sliding boundary layer when creating the tracking lines. Further research 

should be done to incorporate the SIF for tracking purposes. Adjusting the delta sliding 

values for the filter can provide even better results depending on the tuning. The RMSE 

value was much lower, and the final output provided a much cleaner and finer image. 
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7 Future Work 
The work presented here opened the possibilities of comparing and introducing 

brand new estimation filter to image detection neural networks to improve and 

benchmark tracking capabilities. As with any research, there is always more that can be 

done to further solidify the results presented. To begin, further work should be done into 

integrating the SIF into existing frameworks to compare how it compares with the KF. It 

is suggested to not completely replace the KF but instead provide a benchmark 

comparison between the capabilities of the two. Secondly, it can be suggested that 

having a framework that actually uses both filters can be beneficial for the overall results 

of video detection, as during disturbance cases the SIF may be able to outperform the 

KF. Since the SIF is still new and its footprint within the world of object detection is 

relatively new, it is suggested that further research is done for the tuning parameters, 

delta and observing if there is any bias for the algorithm on specific detected objects, 

such as people, cars or planes. It is recommended that future work can model different 

types of object detection and tracking as there is still a lot of unexplored potential when 

comparing the different core tracking filters between each. Additionally, this research 

compared each filter with the speed they required as well as a RMSE to calculate the 

error between each, but further exploration may be done to gain more metrics to 

compare between each filter. 
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