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PREFACE  

PREFACE 

The complex nature of crime scene investigations, particularly in cases involving 

homicides, has always presented numerous challenges to law enforcement agencies 

worldwide. From scattered physical evidence to the need for accurate victim 

identification, investigators are often faced with the monumental task of piecing 

together crucial details from what appears to be a chaotic scene. In such situations, 

forensic photography plays a vital role, allowing investigators to document the scene 

visually and analyze the crime from multiple perspectives. Yet, despite the 

importance of these photographs, human limitations frequently impede the 

investigation process. Even the most experienced investigators can overlook key 

details or struggle to process the vast number of images needed to form a coherent 

narrative. 

This is where the inspiration for this research stems from. The traditional methods of 

documenting and analyzing crime scenes, while essential, are time-consuming and 

prone to human error. Recognizing the growing importance of technology, I became 

fascinated with the potential of artificial intelligence (AI) to transform the way 

forensic investigations are conducted. The idea of utilizing object detection and facial 

recognition technologies to assist investigators seemed not only plausible but essential 

in today's rapidly digitizing world. 

In this work, I propose an intelligent evidence detection and collection system using a 

convolutional neural network (CNN) architecture, which aims to reduce the burden on 

forensic teams by automating the process of crime scene analysis. By detecting 

critical objects such as weapons, bottles, knifes, etc and by identifying victims 

through facial recognition, this system is designed to accelerate investigations and 

improve their accuracy. The ultimate goal of this research is to provide law 

enforcement with a tool that can aid in early identification of crucial evidence, help in 

reconstructing the sequence of events at a crime scene, and ensure that justice is 

served with greater efficiency. 

The scope of this study goes beyond the technical aspects of forensic science. It 

delves into the human element—the limitations we face in complex investigations and 
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the ways technology can bridge these gaps. The proposed system not only addresses 

the time-consuming process of manually reviewing images and making logs, but also 

ensures that no detail, no matter how minute, is missed during analysis. In particular, 

this model has the potential to revolutionize homicide investigations, where the early 

identification of a victim can be the key to solving the case swiftly. This research is 

the culmination of a deep-seated curiosity about the intersections of technology and 

criminal justice. It reflects years of study, experimentation, and a dedication to finding 

innovative solutions to long-standing problems in forensic science. It has been a 

journey shaped by both technical challenges and the invaluable support of my 

mentors, colleagues, and peers. Their guidance and insights have been instrumental in 

the development of this model, and I owe them a great debt of gratitude. 

I also wish to acknowledge the profound impact of recent advancements in AI and 

machine learning, without which this work would not have been possible. 

Technologies like You Only Look Once (YOLO) for object detection and 

convolutional neural networks have opened new doors in the field of image analysis, 

and this research seeks to build upon these foundations to create a system that can 

directly impact criminal investigations in real-world scenarios. 

As I present this work, I am filled with optimism about the future of forensic science. 

The integration of AI into crime scene analysis not only offers a way to enhance the 

precision and speed of investigations but also promises to reduce the emotional and 

mental strain on investigators. I hope that this research will serve as a stepping stone 

for further innovations, encouraging continued exploration of how technology can 

augment human capabilities in solving complex crimes. It is with great pride and a 

sense of responsibility that I offer this contribution to the field, with the hope that it 

will help bring about more effective and efficient investigations, ultimately leading to 

swifter justice for victims and their families. 

Neha Vora 

Mumbai 
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Crime scene is always a complex setting. There are evidences spread across the crime 

scene. It is very difficult for the investigator to remember the scene as it is. Here 

comes the role of the Forensic Photographer who clicks series of images to present a 

visual narrative of the crime scene. The pictorial documentation of the crime scene is 

important to ensure a thorough investigation. The investigator sees the images over 

and over again to make some sense of it. The investigator then connects the trail left 

in the photographs. Many theoretical, legal and technical problems come along with 

any photography, especially the forensic photography. As this is very technical in 

nature, any error or mistakes in the photography effects the overall investigation. A 

number of poorly shot and displayed photographs have the potential to sabotage the 

entire investigation. Therefore, crime scene photography is very important.  The crime 

scene photography sets forth a visual storytelling of the crime that happened. As a 

basic guideline, the photographer goes from the general to specific. He clicks the 

entire crime scene from different angles and then moves towards any specific aspect 

or trail in the crime scene. As per the FBI’s Forensic Science Training Manual on 

“The Fundamental Principles and Theory of Crime Scene Photography”, the 

photographer covers the crime scene with three kinds of Shots 

1. The Long range- that captures the entire crime scene and its settings, it can be 

from a vantage point or an Ariel View. 

2. The mid-range -This illustrates many objects around the victim or the Scene. 

3. Close Up shots- these are detailed shots of any mark, object etc. 

There are then Follow Up photographs, Autopsy photographs and photographs of a 

live victim or suspect that display bruises or wounds. The most important aspect is the 

photography of the Physical evidence at the crime scene. There may be broken glass, 

flowerpot, Sofa that has stains, etc.  These components establish the chain of custody 

of items presented in the courtroom during the trials. 

Due to large number of photographed clicked at the crime scene, they need to be 

arranged in chronological manner to determine the chain of events. It is very 

important to make a Log. This Log contains the entire record of the photographs 

captured at the crime scene. It is very time consuming for the photographer to prepare 

the Log or report. Also, it is equally tedious to read the Logs. 



 

 
CHAPTER-I                            INTRODUCTION 

FACULTY OF COMPUTER SCIENCE                      Page 2 

 

 

Now for the investigating officer to remember each and every object in the 

photographs or video are always a challenge. He has to look at the images multiple 

times or to read the Logs. This results in reduced efficiency. It certainly will be a boon 

for the investigators when a Machine would analyse the images and give a list of 

objects detected. This will give the investigators an edge in solving crime.  This 

would save the time of the photographer as well as the investigating officer.  

Most importantly out of many crime scenes, homicide is always a challenge. In 

Homicide, there are many evidences that are spread across the crime scene that a 

human eye may often miss. There may be broken Knife, Handguns, Bottles, Axes, 

etc., or any such objects that may be relevant but does not catch any attention. In 

homicide crime scene there may be a resistance by the victim or a display of brute 

force by the attacker that may disrupt the setting of the location. If a machine could 

identify the objects in the crime scene and prepare a report of the same there could be 

lot of time saving in the investigation. The investigator would not need to make 

multiple trips to the crime scene or look at the photographs and review them multiple 

times. 

Homicide crime scene analysis has always been a humongous task. It certainly 

demands the investigator to assess voluminous images. Another challenge of a 

homicide is timely identification of the victim. It is found that the attackers destroy 

any sign of identification of the victim they take away any ids, papers, phone and 

wallet that could help the law enforcement with investigation. Most of the time they 

dismember the body in faith to cause hurdles in investigation. Therefore, an early 

identification is essential to crack the case faster. It would be really nice if the 

machine could pull out every detail of a person thus by recognizing its face. 

In early days this just seem hopeful but today in the age of digitization and advanced 

technologies such as artificial intelligence it is very much possible to do so. 

The application of object detection and facial recognition would impact greatly on the 

time and efficiency of the investigation. The proposed model is trained to look at the 

aspects of object detection in crime scene and early victim identification. 
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The proposed model is aimed to overcome human limitations of taking a note of every 

object that is seen in the images it processes. So, that early investigation is carried and 

justice is served. 

Understanding the benefits of Object detection in Crime scene analysis, we propose 

an architecture for intelligent evidence detection and collection system using 

convolutional neural network. 

A sample data set is procured to train the model to detect the possible evidences and 

objects. The model also runs a facial recognition to identify the victim and pull out 

details to help the investigator. This proposed system aims to reduce the human 

efforts and time taken to scan through the crime scene for evidences; instead, it gives 

the name of objects such as gun, knife etc. from the video or image of the crime 

scene. This also saves multiple trips to the location and brings minute details of the 

crime scene to the attention of the investigator. The early identification helps in 

understanding the motif, thus giving an edge to the investigation and increased 

efficiency. 

1.1 Scope of the proposed study 

The scope of proposed research work is as below: 

 A comprehensive model can be developed to detect crime scene objects. 

 The proposed model also carries a facial recognition for early identification of the 

victim. 

 The present study will increase the efficacy and accuracy in solving the crime. 

 The proposed study will also save time and resources in solving a homicide crime. 

 The proposed system display the objects detected which saves time. 

1.2 Review of work already done on the subject 

Previous Related Work 

Traditionally Photography and videography are used to collect visual data from the 

crime scene. (Seckiner, Mallett, Roux, Meuwly, & Maynard, April 2018)  Today, 

there are many technologies that ease the process of collecting, analysing and process 

the data collected. Today most phone has good resolution camera that makes 

photographing a crime scene easy, and with technologies such as artificial 

intelligence, machine learning and object recognition the processing of the data and 
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the utilization of information has significantly improved the way a crime scene is 

looked at. Taking this idea ahead Kamenicky et al. introduced various video methods 

and tools for processing digital images and videos for criminal investigation 

(Kamenicky et al, July 2016). However, the researcher faced challenges to identify 

the source of the video and images. Many investigators today prefer to use their 

phones for recording videos and photos as its very handy and flexible. However, 

many phones produce noise to which Li (Li, Maa, & Wanga, November 2018) 

proposed an algorithm to extract Photo Response Nonuniformity (PRNU) noise from 

video that is shot by phone camera. 

Today CCTV systems contribute as source of large amount of Visual data that is 

stored every day. These hidden surveillance cameras often record the whole crime 

right form its inception. CCTV footage plays Key role in digital forensics. The 

strength of the evidence relies on the visuals it has recorded (Seckiner, Mallett, Roux, 

Meuwly, & Maynard, April 2018). Therefore, the quality of the footage is very vital 

for the contents-based proofs recorded. Jenkins and Kerr (Jenkins & Kerr, 2013) 

proposed an images analysis using facial recognition that can be implemented on high 

quality recording devices, like smart mobile phones for better investigation. Today 

this automated image analysis from video is used for public security or detection of 

dangerous circumstances in many places around the world (Grega, Matiolański, 

Guzik, & Leszczuk, 2016). 

Typically, CNN consist of multiple convolution layers, ReLU (Rectified Linear 

Units), pooling layers and fully connected layers. The last layers of a CNN generate 

activations that act descriptor for object detection and classification. Babenko 

(Babenko, Slesarev, Chigorin, & Lempitsky, 2014) named them as neural codes and 

proved that such activations can be used for image retrieval task. They also found that 

the descriptors perform competitively even if a CNN is trained for separate 

classification task. For instance, the objects in Imagenet (Russakovsky, Deng, Su, & 

al, 2015)  datasets and MS-COCO (Lin, et al.) datasets can be used interchangeably 

for training the CNN model.  Soon, Girshik (Girshick, 2015) proposed Fast R-CNN, 

that replaced SVM classifiers with neural networks. Ren et al. (Ren, He, Girshick, & 

Sun, 2015)introduced Faster R-CNN, a faster and upgraded version of Fast R-CNN, 

that replaced the region proposal method with RPN (Region proposal Network), it 
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also simultaneously predicted object bounds and scores. Joseph Redmon et al. 

(Redmon, Divvala, Girshick, & Farhadi, June 2016) in 2015 introduced a much 

efficient algorithm for object detection and especially facial recognition called You 

Only Look Once, a Real time object detection module that is much faster than the 

RCNN models. YOLO performed Object detection in single stage, thus increasing the 

inference time. In 2016, Redmon came up with YOLOv2 and in 2018 with YOLOv3 

(Joseph Redmon ; Ali Farhadi; 2018) .These versions were bigger, faster and more 

accurate than its predecessors were. However, as of 2020 YOLO has had many 

upgrades making it a perfect option for multiple object detection within one scene. S. 

Saikia et al. (S, E, E, & L, 2017) in their paper have tested a crime scene dataset using 

the Faster R-CNN and achieved the accuracy of 74.33% and the time taken to detect 

an object was 0.12 secs. 

Samson, Oladipo & Emeka (Francisca, Emeka, & Femi, 2020) have applied YOLO 

for crime scene evidence analysis. They have trained five classes’ objects with 1,173 

custom images common to indoor crimes. Further, they deployed it on to android-

based forensic case documentation. However, they have only explored the object 

detection aspect only. Taking their work ahead, this thesis is aimed to make a 

comprehensive tool for Crime Scene analysis. 

1.3 Research gaps identified in the proposed field of the Research 

1. Every crime scene is different and has different clues, the foremost gap is training 

the model for multiple crime scene objects. 

2. The next is shooting the video or image of crime scene under adequate lighting 

condition, the system may perceive the objects differently under different lighting. 

3. The accuracy of the object detection and facial recognition may depend on the 

quality of image and resolution. 

4. Detecting objects with similar features can also be a challenge.  

1.4 Objective of the proposed study: 

The specific objectives of present research are as below: 

1. To identify the problems faced by the Investigators of a complex Homicide Crime 

Scene. 

2. To develop a model using Object Detection algorithms to solve these problems. 
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3. To test the accuracy of the developed model. 

4. To run facial recognition and identification of the victim. 

1.5 Research Methodology & Detailed research plan 

The proposed technology 

The proposed model processes the crime scene Images and videos to detect objects 

and does a facial recognition on the victim to retrieve the records from citizen 

database. All identified objects are displayed as a list. The model is trained on few 

different classes of objects such as furniture, weapons, electronics, etc. Every detected 

object from the image has to belong to a single class of object. The Images for 

training the model are sourced from open-source platforms. The researcher then trains 

YOLO to identify objects of these classes and perform a facial recognition as well. 

The researcher proposes the use of YOLO (You Look Only Once), as YOLO makes 

less than half the number of background errors compared to Fast R-CNN. It also 

learns generalizable representations of objects. (Juan, 2018)  YOLO uses features 

from the entire image to predict each bounding box and also predicts all bounding 

boxes for an image consecutively. The system divides the input stream into a    S × S 

grid. If the center of an object falls into a grid cell, that grid cell is responsible for 

detecting that object. Each grid cell predicts B bounding boxes and confidence scores 

for those boxes. These confidence scores reflect how confident the model is within the 

contained box. Based on this score the model predicts its accuracy. YOLO predicts an 

objectless score for each bounding box using logistic regression. Both image 

classification and object localization techniques are applied for each grid of the image 

and each grid is assigned with a label. Then the algorithm checks each grid distinctly 

and marks the label which has an object in it and also marks its bounding boxes. The 

labels of the grid deprived of object are marked as zero. By using Bounding boxes for 

object detection, only one object can be identified by a grid. In case of multiple 

objects where a bounding box overlaps the other YOLO uses Anchor boxes, anchor 

boxes have a definite ratio and they try to detect objects that nicely fit into a box with 

that ratio. YOLO uses a also comes with a complex feature extraction module, it uses 

a successive 53 convolutional layers of  3 × 3 and 1 × 1 layers  called Darknet 53.  

The Yolo is trained with the custom weights to detect and scan a crime scene. 
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1.6 Chapter Scheme 

Chapter 1 Introduction 

This is the introductory chapter that gives an overview of the proposed idea. In this 

chapter the research plan and flow of the thesis is discussed.  This chapter iterates the 

objective, scope and the limitation of the proposed research.  

Chapter 2 Review of Literature 

Review of literature is the first step to research. This chapter evaluates all the research 

and work done in the area of forensic photography, object detection and facial 

recognition. This chapter sets the base for conducting the research.  

Chapter   3 Forensics photography 

Forensic photography is a technique of photographing crime scene, searches and 

investigation stages. This keeps a visual record of the crime as well as the 

investigation. This technique tells a visual story of the crime scene. Since this 

research is based on images and videos of crime scene, it is very essential for us to 

explore the forensic photography. Understanding forensic photography and its 

limitations will help to shape the research better.   

Chapter 4 Journey of object Detection 

This chapter give a brief walk through in the journey of object detection. Object 

detection is a very essential aspect of computer vision and imaging.  There are many 

algorithms that enable us to perform object detection and facial recognition. This is 

very crucial aspect of this research as the proposed research is based on detecting 

objects in crime scene and facial recognition.  

Chapter 5 Experimental Setup and Evaluation 

This chapter prepares the model for training and experimentation. The images for the 

training classes were collected, labelled and augmented. Using the Google Colab the 

model was trained with object classes and people classes; The images were prepared 

for training on various models of YOLO.  Also, various Evaluation Metrics were 

discussed.   
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Chapter 6 Result and Discussion 

The model was trained on various models of YOLO, to furnish results on said 

evaluation Metrics. Results for each class were evaluated and interpreted to compare 

the different models of YOLO in order to identify the best suitable model for real 

world application.  

Chapter 7 Conclusion and Future Work 

This chapter furnishes the results of the proposed research and briefs the research 

findings.  This chapter also highlights the future prospects of the research. This 

research if implemented can certainly bring about a magnanimous change in the 

perspective of crime scene analysis. This research aims to multiply the efficiency and 

accuracy of investigation.  
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In the 21st century, the world is experiencing a significant population explosion, 

which contributes to significant increase in crime rates. The rise of crime demands a 

continuous observation and investigation. In such case CCTV and IP cameras has 

provide necessary surveillance; however, when it comes to large volumes of footages 

we experience significant challenges. A crime scene investigation demands a manual 

cataloguing of evidences by an expert investigator. This helps in rightful identification 

of the victim as well as the evidence. 

Historically the images and videos collected from the crime scene is crucial for 

forensic investigation to retrieve key evidences. The modern world shift to digitisation 

has helped transform the traditional forensic investigation. The advent of artificial 

intelligence further has helped revolutionize the digital forensic as well as data 

collection. 

This review of literature explores existing digital forensic investigation and data 

collection models. This chapter aims to identify gaps in current models and highlight 

the need for improvement and innovation. It focuses to present current findings to 

discuss the shortcoming and scope of improvement for the new proposed model. Deep 

Neural Networks (DNNs) has certainly shows a significant contribution in the 

improving image classification.    

Erhan et al. (2014) while working in object localization in images using DNN-based 

object mask regression focuses on specific objects such as fire arms and knives.   

O'Reilly et al. (2012) in their research use signal processing techniques for concealed 

weapon detection with the help of neural networks, displaying amazing results with 

the multimeter wave radar effectively detects concealed weapons. 

He, Zhang, and others (2016) concluded that automatic feature representations, 

unsupervised approaches, multiple instance learning significantly surpass manual 

feature representation, supervised approaches and supervised learning performance.  

Gerga et al. (2016) proposed an algorithm to detect firearms and knives using 

OpenCV. This proposed algorithm reduces weapon detection efficacy to 35% 

minimizing false alarms, sacrifice sensitivity as it is vital to not miss even single 

weapon detection in real world.   
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Pandey et al. (2016) found that mobile devices, low cost cameras, AI and Machine 

Learning have enhanced forensic analysis. These have also pioneered research 

focused on video validation to detect forgery attempts.  

Kamenicky et al. (2016) explored and introduced various video analysis methods and 

tools, addressing the challenge of source of images and videos in criminal 

investigations. 

Amerini et al. (2017) introduced a method to extract composite fingerprint from cell 

phone cameras using PRNU to identify source from videos shared on social media.  

Horsman (2018) proposed a forensic method for detecting and reconstructing cached 

online video stream data from platforms such as YouTube, Twitter, and Facebook.  

Senan (2017) highlighted the issue of over-enhancement in CCTV footage using HE-

based methods, which can result in unnatural and washed-out appearances, 

particularly in low-light conditions with narrow dynamic ranges. 

Ayyavoo and Suseela (2018) introduced a color video enhancement technique using 

Discrete Wavelet Transform and CLAHE, named 'DWT E-CLANE,' which improves 

facial image recognition. 

Hendrawan and Asmiatun (2018) discussed the effectiveness of CLAHE in 

overcoming the over-enhancement problems associated with HE, noting that various 

CLAHE variants have demonstrated effectiveness in specific scenarios. 

He et al (2014). proposed SPP-net based on Spatial Pyramid pooling that improved 

the detection and classification time by pooling region features instead of sending 

each region into the CNN. 

Ren et al (2015) introduced Faster R-CNN, a faster version of Fast R-CNN, which 

replaces the previous region proposal method with RPN (Region proposal Network), 

which simultaneously predicts object bounds and scores. 

Girshick et al (2014) proposed a R-CNN algorithm, which was one of the first real 

target detection model based on convolutional neural networks. The improved R-

CNN model gave 66% mAP score making the initial Selective Search to extract 

approximately 2000 region proposals of each image. Finally, a linear regression 

model is trained to perform the regression operation of the bounding box for each 
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extracted image that is processed into SVM classifier. Resulting in improved R-CNN. 

As a limitation this model had large computation and low efficacy. Also, directly 

scaling the region proposal to a fixed-length feature vector may cause object 

distortion.  

He, K.M , et al ( 2015), The ineffectiveness and poor detection issues are resolved by 

the Spatial Pyramid Pooling (SPP) model. This eliminates the requirement for R-CNN 

picture blocks with fixed input sizes. The suggested method extracts the features map 

and only needs to do the convolution computations once. To extract the feature vector 

of a fixed size, the spatial pyramid pooling layer is added to the final convolutional 

layer and passed through. In contrast to the R-CNN, Spp-Net only needs to execute 

feature extraction once, saving on several computations. It still has the same 

drawbacks as R-CNN, though: 1) Training steps with several steps are complex. 2) 

More regressors are needed, and separate SVM classifiers must be trained. 

Man Ro et al. (2021) introduce a novel method for object classification and 

localization that employs attentive layer separation. Using ResNet-101 as the 

backbone network, their approach separates less semantic and semantic layers to 

handle object classification and localization independently. This technique enhances 

the effectiveness of object detection by leveraging distinct semantic layers for 

improved accuracy. 

Yu et al. (2021) develop an object detection algorithm that utilizes Region-based 

Convolutional Neural Networks (RCNN) combined with selective search. Their 

approach involves extracting around two thousand candidate regions from the initial 

image, normalizing these regions, and applying Support Vector Machines (SVM) for 

feature extraction. Non-Maximum Suppression (NMS) is used to select the highest 

scoring regions, refining the detection process. 

Kanimozhi et al. (2021) proposed a lightweight object detection network using 

MobileNet and Single Shot MultiBox Detector (SSD), termed MobileDet. Their 

model demonstrated a detection time of 3-5 seconds. In contrast the accuracy 

decreases when objects are distant than 30 meters from camera. This study is 

highlights the comparison aspect between detection speed and accuracy at varying 

distances 
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Zahisham et al. (2021) resized the images to 224x224 pixels and applied 

convolutional filters for feature extraction. By fine-tuning a pre-trained ResNet-50 

model on various food datasets, including ETHZ-FOOD101, UECFOOD100, and 

UECFOOD256, they achieve superior performance compared to existing methods, 

demonstrating fast training and high accuracy. 

Deepa et al. (2021) trained their model for real-time tennis ball tracking using YOLO, 

SSD, and Faster RCNN.  The dataset had images captured from multiple angles and 

lighting conditions. In their research they found SSD providing minimum detecting 

time with high efficacy. 

Garg et al. (2021) Using a 448x448 pixel input image they trained a model for face 

detection on a YOLO-based architecture. The model predicts bounding box 

coordinates and class probabilities using Non-Maximum Suppression (NMS). The 

outcome of the study showed consistent accuracy of 92.2% and improved frames per 

second (FPS) with lower resolution images, proving YOLO's effectiveness for face 

detection. 

Zhang et al. (2021) using TensorFlow and OpenCV, and training on the WIDER 

FACE dataset presented a Multi-task Cascaded Convolutional Networks (MTCNN) 

approach for face detection. As a result, an average precision (mAP) of 85.7% was 

achieved when compared MTCNN with YOLOv3. MTCNN's performance was 

superior in detecting multiple faces, especially in complex scenes. 

Oumina et al. (2021) uses pre-trained deep learning models such as MobileNetV2, 

VGG19, and Xception to detect face masks. The method of combining models with 

classifiers like Support Vector Machine (SVM) and K-Nearest Neighbors (K-NN), 

they achieve a 97.1% presents high classified performance for face mask detection. 

They combine these accuracies with a small dataset.  

Girshick, (2010) advanced the field with the Deformable Part-Based Model (DPM), 

extending HOG by using a part-based approach to object detection, which 

decomposes objects into parts for detection. Girshick later enhanced DPM with 

mixture models to address real-world variations, influencing subsequent object 

detectors.  
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Girshick et al., (2012) The field underwent a major transformation post-2010 with the 

resurgence of convolutional neural networks (CNNs), which provided robust feature 

representations and marked a new era in object detection. 

Liu et al., (2015) introduced the Single Shot MultiBox Detector (SSD), which 

improved detection accuracy and speed by employing multi-reference and multi-

resolution techniques. SSD detects objects of varying scales on different network 

layers, significantly enhancing its performance for small objects and achieving a 

COCO mAP@.5 of 46.5% with a fast version running at 59fps.  

Lin et al., (2017) proposed RetinaNet, addressing the accuracy limitations of one-

stage detectors by introducing "focal loss," which reshapes the standard cross-entropy 

loss to focus on hard-to-classify examples, achieving a COCO mAP@.5 of 59.1%.  

Law et al., (2018), CornerNet, developed by Law et al. in 2018, shifted the paradigm 

from anchor boxes to key point prediction, improving performance by predicting 

object corners and forming bounding boxes from them. This approach resulted in a 

COCO mAP@.5 of 57.8%.  

Zhou et al., (2019) put forth CenterNet achieving a COCO mAP@.5 of 61.1%. It is a 

key point-based detection model to simplify the detection process. It focuses on object 

centers and integrates multiple tasks into a single framework.  

Carion et al., (2020) introduced DETR, that uses Transformers for object detection. 

This eliminated the need for anchor boxes and a new level of performance was 

achieved.  

Zhu et al., (2021) proposed Deformable DETR to address DETR's time and 

performance issues in detection of small objects. This model achieved a COCO 

mAP@.5 of 71.9%. 

Negi et al. (2021) proposed a simplified a Neural network using Keras-Surgeon for 

efficient face mask detection. The study signifies the efficacy and improved 

performance of pruning while reducing complexity. 

Girshick, (2015) introduced the Fast R-CNN model, which significantly improved 

upon the original R-CNN by enhancing detection speed and accuracy. On the joint 

VOC2007 and VOC2012 dataset. The Fast R-CNN achieved a mean Average 
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Precision (mAP) of 70.0%. The model incorporates three key innovations: (1) it 

replaces the Support Vector Machine (SVM) used in R-CNN with a softmax function 

for classification, (2) it introduces the Region of Interest (RoI) pooling layer, derived 

from the pyramid pooling layer in SPP-Net, to convert candidate box features into a 

fixed-size feature map suitable for the fully connected layer, and (3) it employs two 

parallel fully connected layers instead of a single softmax classification layer. Despite 

these advancements, Fast R-CNN does not fully meet the requirements for real-time 

detection. 

Ren et al., (2016) proposed the Faster R-CNN model, which further advances object 

detection by replacing the Selective Search method with Region Proposal Networks 

(RPN) to generate region proposals. The model comprises two main modules: (1) a 

fully convolutional neural network that generates region proposals, and (2) the Fast R-

CNN detection algorithm. These modules share a set of convolutional layers, with the 

input image passing through the CNN to reach the final shared convolutional layer. 

This setup allows the network to generate feature maps for both the RPN and the Fast 

R-CNN detection algorithm. While Faster R-CNN excels in detection accuracy, it still 

falls short of achieving real-time detection capabilities. 

LIDAR, (2023) Object detection has evolved significantly with various technologies 

and methodologies introduced over the years. Early systems employed LIDAR 

sensors for vehicle detection and non-intrusive methods like Adaptive Spatial Feature 

Fusion (ASFF) and Radar Sensors (ASFF, 2023; Radar Sensors, 2023).  

Phillips (2021) developed a vehicle distance estimation system using monocular 

cameras, though accuracy declined with distance. Wang (2021) demonstrated edge 

detection for vehicle identification, including use in drones. Sokalski (2021) 

combined edge detection with color identification, while Kanistras (2021) proposed 

an edge detection method using angle vectors.  

Xiao and Kang (2021) emphasized the importance of diverse datasets for training 

algorithms, and Zoph (2021) highlighted data augmentation strategies to improve 

accuracy. 

Lin (2021) created a YOLO-based traffic counting system, achieving 95% accuracy 

during the day with improvements for night detection. Tao (2021) optimized YOLO 
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with a pooling layer and pre-processing for night images, reaching 80.1% accuracy on 

custom datasets. Corovic (2021) demonstrated YOLO's effectiveness in real-time 

detection, though occluded objects reduced accuracy. Salarpour (2021) employed 

Kalman filters and background subtraction for multi-vehicle tracking, achieving 96% 

accuracy. Phan (2021) introduced an occlusion reduction method with background 

subtraction, improving detection accuracy to 85% in high traffic. Lu (2021) modified 

the Region Proposal Network (RPN) to address scale variability, achieving precision 

scores of 64.1% and 84.8% for different scales. 

Redmon et al., (2016) introduced the YOLOv1 object detection model, which marked 

a significant departure from previous methods by eliminating the need for region 

proposal extraction. Instead, YOLOv1 utilizes a simple convolutional neural network 

(CNN) structure. The model processes the entire image as input and directly predicts 

bounding box locations and categories at the output layer. Specifically, it divides an 

image into an S × S grid, where each grid cell predicts B bounding boxes along with 

their confidence scores. Each cell predicts a total of B*(4+1) values. YOLOv1 

achieves real-time detection with a speed of 45 frames per second (fps) on a Titan X 

GPU. Despite its fast processing, YOLOv1 has been noted for producing fewer 

background errors but struggles with recognizing objects in groups. 

Redmon et al., (2016) In 2016, Redmon proposed YOLOv2 to enhance both recall 

and localization while maintaining classification accuracy. YOLOv2 integrates 

several improvements, including the use of a new feature extraction network, 

Darknet-19, which consists of 19 convolutional layers and 5 max pooling layers. The 

model incorporates batch normalization, removes dropout, introduces an anchor box 

mechanism, and employs k-means clustering on training set bounding boxes. These 

modifications significantly boost recall and accuracy. However, challenges remain in 

detecting highly overlapping and small targets. 

Redmon & Farhadi, (2018) developed YOLOv3, which is noted for its balanced 

performance in terms of detection speed and accuracy. YOLOv3 introduces multi-

label classification by replacing the original softmax layer with a logistic regression 

layer for multi-label classification. The model uses a multi-scale prediction approach 

with upsampling and fusion similar to Feature Pyramid Networks (FPN). YOLOv3 
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employs a deeper feature extraction network, Darknet-53. Although YOLOv3 

improves the detection of small targets and overall speed, it does not significantly 

enhance detection accuracy, particularly when Intersection over Union (IoU) exceeds 

0.5. 

Brindha et al. (2021) propose an enhancement to the YOLOv3 algorithm by 

integrating edge detection for boundary box construction. Their method involves 

scaling the input image to 416x416 pixels, applying CNN processing, and utilizing 

edge detection techniques to construct bounding boxes based on threshold values. 

This approach aims to improve the precision of object detection.  

Bhuiyan et al. (2021) apply YOLOv3 for mask detection, using a dataset of 600 

images with annotations for mask-wearing and non-mask-wearing individuals. Their 

method detects bounding box coordinates and determines mask presence, contributing 

to improved face mask detection accuracy. 

Liu and Zhang (2021) improved the YOLOv3 model for traffic conditions, achieving 

a Mean Average Precision (mAP) of 91.12% with their F-YOLOv3 algorithm, 

surpassing Faster R-CNN and YOLOv3. Redmon (2018) integrated classification and 

localization into a single convolutional neural network, though it struggled with 

smaller objects and varying aspect ratios.  

Chandan (2021) used OpenCV and SSD for vehicle detection, providing a benchmark 

against YOLO models. Chen (2021) compared YOLOv3 and SSD, finding YOLOv3 

more effective for high-resolution traffic detection, while Kim (2021) reported 

YOLOv4 achieving 98.1% precision compared to SSD and Faster R-CNN. 

 (Liu et al., 2016) proposed the SSD (Single Shot MultiBox Detector) model, which 

combines the regression idea from YOLO with the anchor box concept from Faster R-

CNN. SSD improves multi-scale object detection by using both lower and higher-

level feature maps. Its base architecture is VGG, with the last two fully connected 

layers replaced by convolutional layers. SSD incorporates the anchor mechanism 

from Region Proposal Networks (RPN). It achieves a mean Average Precision (mAP) 

of 74.3% on VOC2007 at 59 fps on a Nvidia Titan X. However, SSD's performance 

diminishes for small targets, and it struggles with redundant detections due to 

independent feature maps at different scales. 
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Ahmed et al. (2021) use SSD with MobileNet for pedestrian detection, focusing on 

real-time accuracy with the COCO dataset. Their model excels in detecting 

overlapping pedestrians, providing a balance between speed and accuracy. 

Bochkovskiy, (2020) In 2020, Bochkovskiy introduced YOLOv4, which set new 

benchmarks for the balance of speed and accuracy (Bochkovskiy, 2020). YOLOv4 

builds on the original YOLO framework by incorporating several innovations, 

including Weighted Residual Connections, Cross Stage Partial connections, Cross 

Mini-Batch Normalization, Self-Adversarial Training, Mish activation, Mosaic data 

augmentation, DropBlock, and CIoU loss. The model uses CSPDarknet53 as its 

backbone network and includes an SPP module to expand the receptive field for better 

feature separation. YOLOv4 replaces FPN with PANet for path aggregation and 

retains the head structure from YOLOv3. Compared to YOLOv3, YOLOv4 improves 

accuracy and speed by 10% and 20%, respectively.  

Bhambani et al. (2021) propose a YOLOv4-based model that classifies and detects 

objects in three categories: people, masked faces, and unmasked faces. With 

components like CPSDarknet53 and SPP, and calibration for social distancing, their 

model achieves a mean average precision (mAP) of 95% and a frame rate of 38 FPS 

on NVIDIA Tesla P100 GPU. The YOLOv4 model has shown high accuracy with a 

mean average precision of 98.1%. In contrast the YOLOv5 has shown further 

improvements (YOLOv5, 2023). This research enhanced an object detection 

capability in South Asia using a robust system to process and execute a diverse 

dataset of 21 vehicle classes. 

Li, Lin, Shen, Brandt, and Hua (2015) introduced a CNN cascade for face detection. 

Their proposed model balances high discriminative capability and efficiency, by 

operating at multiple resolutions while only evaluating high-resolution candidates 

only. A CNN-based calibration stage is integrated after each detection stage to 

enhance efficacy and lowers number of subsequent stages.  

RoyChowdhury, Lin, Maji, and Learned-Miller (2015) proposed a Bilinear CNN (B-

CNN) method that bridges texture models and part-based CNN models. The B-CNN 

consists of two CNNs whose convolutional-layer outputs are multiplied using an outer 

product to create a bilinear feature descriptor. This approach models part-based 
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representations and resembles Fisher vectors, integrating local features with cluster 

center membership through outer products. 

The B-CNN architecture is trained by back-propagating gradients from a task-specific 

loss function, starting with pre-trained networks (e.g., AlexNet) and fine-tuning on 

face images. The bilinear layer, similar to a quadratic polynomial kernel in SVMs, 

improves recognition performance. The B-CNN showed substantial performance 

gains on face recognition benchmarks with pre-trained networks. 

Chaudhari et al. (2021) proposed VGG-16 for identifying tree species from 

WorldView-3 satellite images. They analysed their approach with Random Forest and 

Gradient Boosting classifiers, using data from eight visible infrared bands to enhance 

the detection of the tree species. 

Liu (2021) enhanced Faster R-CNN by integrating hard negative sample strategies 

and feature sharing training. This method retrains the model with negative samples 

and improves detection speed and precision. The study analyses YOLO, SSD, and 

RFCN, signifying the strengths of each in terms of detection speed and precision. 

Rezaee et al. (2021) use WorldView-3 satellite imagery and VGG-16 for detecting 

individual tree species. Their pipeline leverages eight visible infrared bands and 

compares results with Random Forest and Gradient Boosting classifiers, showcasing 

advancements in forest monitoring. 

Han, C., Liu et al., (2018) suggested conducting research on a cutting-edge method to 

determine the clustered image's shape. The main concept in the image's 

metamorphosis is the shift from a cluttered image to a clear shape. The pairs between 

the local shape picture and the requested shape are identified by the point-based 

descriptive PAD (Pyramid of arc length descriptor). Wavelet wave transforms and 

Fourier transforms were used to convert the shape into domains in order to measure it. 

Afterwards, a number of shape descriptors were put forth to gauge the degree of shape 

similarity. Triangle regions are used as a set of reference points to describe the shapes. 

Nonetheless, the current methods and shape descriptors for matching shapes are made 

for matching shapes. 

He, K., Zhang et al. (2016) proposed a research on the classical and deep learning 

methods in object detection. The model’s approach is centered on operation and real-
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time performance, and precise detection. The difficulties in object detection using 

deep learning methods. Three processes make up the subtraction method: object 

identification, background updating, and background modeling. The backdrop 

subtraction approach updates in real time and works similarly to the frame difference 

method. The deep learning approach-based object detection model. The models later 

put out a novel concept. 

Numerous researchers have addressed the benefits and drawbacks of the literature 

reviews that have been covered, but there are still certain problems with object 

detection and facial recognition. In order to overcome the problem of uncontrolled 

environmental problem, face direction recognition where the more Headshot and real-

time captures help to verify the effectiveness of the Object detection model, enabling 

higher accuracy. 
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The law enforcement community must continually assess its mission to ensure the 

effective use of photography. This ongoing review requires exploring various 

potential applications, as photographic responsibilities and objectives can vary 

significantly depending on the situation. 

A critical application of photography in law enforcement is the documentation of 

crime scenes. A comprehensive visual record of the scene is essential for thorough 

investigations and subsequent prosecutions. Thus, it is crucial to address theoretical, 

legal, and technical considerations before conducting on-site photography. It is 

important to note that poorly planned, executed, or displayed photographs can 

adversely impact the success of the crime scene investigation. Hence, crime scene 

photography is a fundamental component of the entire investigative process. 

Before beginning systematic photography, the purpose and fundamental principles 

must be established. The primary goal of crime scene photography is to create a 

detailed visual record of the scene and its significant elements. Photography should 

capture a logical sequence that illustrates the "story" of the scene. It is essential to 

keep the scene undisturbed to ensure that the photographs accurately represent the 

original conditions. The comprehensive documentation of the scene should not be 

compromised by concerns about the cost of film; thoroughness is paramount. When in 

doubt, it is better to take additional photographs rather than risk missing important 

details that may become significant later. 

Theoretical considerations in crime scene photography involve creating a sequence of 

images that cover all relevant aspects of the scene. This approach generally follows a 

"general to specific" progression, involving three main types of shots: 1) long-range, 

2) mid-range, and 3) close-up. Long-range photographs might include aerial views or 

wide shots of a scene, such as a hallway, while mid-range shots provide a more 

focused view from a distance of ten to twenty feet. Close-up photographs, taken from 

five feet or less, focus on detailed evidence not visible in wider shots. Each stage of 

the crime should be separately documented, illustrating the sequence of events from 

the approach to the scene, the commission of the crime, and departure. 

The perspective of the camera is essential to making sure that photos accurately 

capture the scene. In a living room, for example, long-range images should show the 
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area from eye level, mid-range shots should have enough detail to connect the various 

aspects of the scene, and close-ups should highlight certain pieces of evidence. 

Whenever possible, measurement scales should be utilized to appropriately illustrate 

relationships between size and distance. To prevent clutter, nevertheless, it can also be 

necessary to shoot pictures without these scales. Usually, it helps to jot down the 

position of each shot so that you have a reference point for figuring out the 

perspective of the pictures. For better understanding, this sketch can be marked up 

and affixed to the pictures. 

In general, there are five sorts of photographs: 1) images of the site, which display the 

different sections of the crime scene; 2) shots of the surroundings, which help 

determine the kind of crime; and 3) photos of the results, which depict the course and 

consequences of the crime, 4) tangible evidence images, which record evidence in 

connection with the incident. 

Contrary to the belief that analog photos were inherently trustworthy, they were 

simply harder to forge due to the complexity of the process. For instance, Nicéphore 

Niépce created the first surviving photograph in 1825, but even early photography 

faced issues with forgeries. By the 1860s-1870s, expert photographers were already 

creating convincing forgeries, such as the altered image of General Grant during the 

American Civil War, where only his face was genuine. 

Today, digital imaging allows for highly convincing fakes even with low-power 

devices like smartphones. Forged images can misrepresent various contexts, from 

fashion to military displays, raising serious concerns when used in social, political, or 

military contexts. For example, falsified images of missiles could mislead military 

decisions, while manipulated academic or medical images can affect research and 

insurance claims. 

Identifying the authenticity of an image by visual inspection alone is unreliable, as 

genuine photos can appear fake and vice versa. This highlights the need for 

sophisticated Digital Image Forensics. This field aims to trace an image’s history and 

verify its authenticity by analyzing subtle traces of manipulation. Digital Image 

Forensics operates without access to the original, unaltered image and relies on 

detecting these subtle traces of processing to uncover manipulations. Given the 
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complexity of image processing, tracing the full history of an image can be 

challenging, as each edit diminishes evidence of prior modifications. 

3.1 The history of forensic photography 

The history of forensic imaging traces back to the invention of the camera obscura, 

the earliest pinhole camera. These early pinhole cameras were employed by scientists 

to observe the sun and by artists for sketching. 

Discrepancies in historical dates often arise due to multiple associated milestones: the 

initiation of research, completion of results, patenting, and public announcement. For 

instance, the evolution of the camera obscura involved several key developments. In 

1550, Girolamo Cardano introduced a lens to the camera obscura design, a term he 

coined based on its resemblance to lentils. Giovanni Battista della Porta enhanced the 

design in 1558 by incorporating lenses and curved mirrors to produce upright images, 

though this was not published until 1588. The addition of a diaphragm, attributed to 

Daniele Barbaro in 1568, completed the foundational elements of early photographic 

cameras. 

Progress in photographic technology continued slowly. In 1614, Angelo Sala noted 

that sunlight darkened silver nitrate, though its significance was not understood at the 

time. Later, in 1725, Johann Heinrich Schulze demonstrated that light darkens certain 

silver salts. In 1737, Jean Hellot used a photographic process to reveal secret writings 

by exposure to light, possibly coining the term "photography," meaning "writing with 

light"  

Carl Wilhelm Scheele’s 1777 discovery that silver chloride turns black with light and 

can be dissolved by ammonia did not lead to practical photographic applications. The 

first documented photographic attempt using a camera obscura was made by Thomas 

Wedgwood in 1795, which failed due to underexposure and difficulties in fixing the 

image. 

In 1800, Sir William Herschel’s discovery of the invisible infrared spectrum through a 

simple experiment significantly impacted law enforcement photography. He used a 

beam splitter to separate white light into its component colors and discovered the 

infrared region of the electromagnetic spectrum (Scott, 1969, Vol. 2, p. 79). 
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Joseph Niépce’s photography experiments began in 1816, with John Herschel 

discovering the use of hydrosulfite of soda to dissolve silver salts in 1819. This 

innovation marked him as a pioneer in photography. 

In 1835, William Henry Fox Talbot produced the first photographic negative, 

followed by Sir John Frederick William Herschel’s discovery of hyposulphite of soda 

for fixing photographic images (Hedgecoe, 1980, p. 22; Davis, 1995, pp. 6–7). 

Talbot’s calotype process, patented in 1841, involved a silver chloride-coated light-

sensitive paper and was also commercially successful (Davis, 1995, pp. 5–6; 

Hedgecoe, 1980, p. 22). 

The 1850s saw further innovations: Aimé Laussedat developed photogrammetry, 

Frederick Scott Archer created the collodion wet plate process, and Sir George G. 

Stokes discovered UV fluorescence and formulated Stokes' Law, foundational for 

fluorescent photography in law enforcement. 

In 1854, new processes like the ambrotype and carte-de-visite emerged, offering 

cheaper alternatives to the daguerreotype. The ambrotype, invented by J.A. Cutting, 

and the carte-de-visite, developed by André Adolphe-Eugene Disdéri, were easier and 

more affordable (Davis, 1995, p. 10; Spira, 2005, et al., pp. 55–62). The tintype, 

invented by Hamilton Smith in 1855, was another economical option. 

The evolution of photographic technology continued with significant milestones, 

including Gaspar Felix Tournachon’s aerial photograph of Petit-Becetre in 1858, 

captured from a hot-air balloon using the wet plate process (Jeffery, 1998, p. 220). 

 Early Use of Photography in Forensics: Forensic image analysis has roots as 

early as 1851 with the examination of a faked color daguerreotype. The pivotal 

moment came in 1859 when the U.S. Supreme Court ruled on the admissibility of 

photographs as evidence, setting a precedent for the use of photographic evidence 

in legal proceedings. 

 Stereo Photography and VR Integration: While stereo photography was 

popular in the mid-19th century, it was not widely adopted by law enforcement at 

the time. However, modern forensic techniques now integrate similar principles 

with VR and photogrammetry for detailed crime scene analysis. 
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 Color Photography Advances: In 1861, Maxwell and Sutton's successful color 

separation negatives laid the groundwork for modern color photography. This 

development, despite being achieved with orthochromatic film, demonstrated the 

potential for accurate color reproduction. 

 Civil War Photography: Mathew Brady and other photographers documented 

the American Civil War, influencing public perception and raising early concerns 

about photographic accuracy and representation. 

 Crime Scene Photography: By 1867, crime scene photography had begun, and 

early marketing for crime scene cameras mirrored modern sales tactics for digital 

photography systems. 

 Spirit Photography Fraud: The 1860s and 1870s saw the rise of fraudulent spirit 

photographs, which were faked using double exposure techniques. This early form 

of photographic deception underscores the need for forensic analysis to verify 

image authenticity. 

 Technological Advances: Key developments included Hermann Wilhelm Vogel's 

dye-sensitizing technology in 1873, which extended the color sensitivity of black-

and-white films, and the rise of flexible transparent film patents in the late 19th 

century. 

 Court Admissibility: Throughout the late 19th and early 20th centuries, various 

court cases established standards for photographic evidence, including the 

admissibility of photographs, X-rays, and color images. 

Aerial Photography: The late 19th and early 20th centuries also saw advancements 

in aerial photography, starting with Alfred Nobel's rocket-mounted camera in 1897 

and the Bavarian Pigeon Corps' use of pigeons for aerial shots. 

Modern Developments: By the 1930s, flash bulbs and new color film technologies 

improved forensic photography. The development of stroboscopic flash systems, dye-

destruction color film, and instant photography by Edwin Land in the mid-20th 

century further advanced forensic imaging capabilities. 
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FBI Laboratory Developments: In 1942, the FBI Laboratory separated its 

photographic operations into processing and special photographic units, which 

eventually became the Forensic Audio, Video, and Image Analysis Unit. 

State-Level Crime Laboratories: Crime laboratories across states have evolved 

differently. Some are part of state police, while others, like Wisconsin's, fall under the 

Department of Justice. Wisconsin's crime lab, established in 1947, recognized 

photography as a distinct forensic discipline, which helped forensic photographers 

gain equal classification and pay as other forensic scientists. 

Technological Impacts: 

 1940s: Introduction of color photography for mug shots. 

 1980s: Use of Polaroid print film for instant booking photographs, and later, 

digital photographs which almost eliminated identity-swapping issues. 

 1957: Introduction of the videotape recorder, which replaced motion picture film 

for video recording. 

 1963: Launch of Polaroid Polacolor instant print film. 

 1965: Introduction of Super 8mm movie equipment and fully automatic electronic 

flash units. 

Legal Developments: 

 1884: Barrow-Giles Lithographic Co. v. Sarony established that photographs are 

documents under the U.S. Constitution. 

 1948: Tennessee Supreme Court ruled that the Best Evidence Rule does not 

always apply to photographic evidence. 

 1951: Requirement for photographs to be submitted to the opposing party before 

being admitted as evidence. 

 1970s-1980s: Important court cases affirmed the admissibility of photographic 

and video evidence, and the development of the ACE-V methodology for latent 

print analysis also influenced forensic photography. 
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ACE-V Methodology: Developed in the 1970s, ACE-V stands for Analysis, 

Comparison, Evaluation, and Verification, and is used in both latent print and 

photographic comparisons. 

Forensic Imaging Organizations: 

 1973: Formation of the American Society of Crime Laboratory Directors 

(ASCLD). 

 1989: Founding of the Law Enforcement and Emergency Services Video 

Association (LEVA). 

 2002: Digital and multimedia disciplines, including image and video analysis, 

were formally recognized. 

Technological and Software Advancements: 

 1970s: Introduction of the VHS format and laser dye-staining for latent prints. 

 1980s: Availability of 35mm point-and-shoot cameras and personal computers 

capable of digital image processing. 

Significant Court Case (1987): U.S. v. Alexander highlighted the importance of 

expert testimony in photographic comparisons, particularly in forensic contexts. 

The evolution of forensic imaging from the late 20th century into the early 21st 

century highlights significant developments in technology, professional standards, and 

legal considerations: 

1. Formation of SWGIT: 

 In 1989, a symposium in Las Vegas led to the creation of a new group 

focused on imaging technologies in forensic science. 

 This group evolved into the Scientific Working Group on Imaging 

Technologies (SWGIT) in 1998, with a video subcommittee added in 

2001. 

 SWGIT aims to integrate imaging technologies within the criminal justice 

system, providing guidelines for the capture, storage, processing, analysis, 

transmission, and output of images. It includes representatives from law 

enforcement, academic institutions, and corporations. 



 

 
CHAPTER-III        FORENSIC PHOTOGRAPHY 

FACULTY OF COMPUTER SCIENCE                      Page 27 

 

 

2. Impact of Professional Organizations: 

 1997 IAI Resolution 97-9: Recognized digital imaging as a valid 

technology in forensic science, contingent on equipment specifications, 

quality control, and the expertise of the imaging specialist. This resolution 

came between the Frye and Daubert standards, addressing issues like 

general acceptance and methodology. 

 1999 Formation of CFSO: Aimed to inform Congress about the need for 

funding for forensic science disciplines beyond DNA, including 

showcasing various forensic disciplines to lawmakers. 

3. Technological Advancements: 

 1992-1995: Development of crime scene sketching programs like Fire 

Zone CAD and Crime Zone CAD, which could link to laser crime scene 

mapping and automated panoramic cameras. These tools enhanced crime 

scene documentation and visualization. 

 1999: Introduction of automated panoramic cameras capable of creating 

QuickTime files linked to crime scene sketches with photogrammetry 

capabilities. 

4. Court Cases and Legal Developments: 

 1987: U.S. v. Alexander underscored the significance of expert testimony 

in photographic comparisons. 

 1990s-2000s: Continued reinforcement of the general foundations for 

admitting videotapes and photographs into evidence, focusing on 

relevance, accuracy, and the probative versus prejudicial balance. 

 2005 Wisconsin State Attorney General’s Office Memo: Confirmed no 

legal requirement for a chain of custody for digital photographs and 

videos, though a chain of custody is required for physical evidence 

photographs and videos. 

 1999 Florida Case (Dolan v. State): Addressed chain of custody issues 

related to digital photography and video evidence. 
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 2007 IAI Resolutions: 

o Resolution 2007-8: Rejected the use of optical watermarks for 

authenticating digital images. 

o Resolution 2007-7: Recognized the validity of photographic 

comparisons and outlined limitations. 

Photogrammetry 

Crime Scene Documentation 

Adequate documentation of a crime scene involves three main activities: 

1. Photography: Capturing visual evidence and context. 

2. Measurement: Measuring the crime scene and evidence within it. 

3. Sketches and Diagrams: Creating detailed diagrams of the scene. 

Challenges and Potential Solutions 

 Eliminating Measurement: The suggestion of eliminating traditional 

measurement methods is not proposed. Instead, photogrammetry is presented as a 

supplement to traditional techniques. While photogrammetry may not entirely 

replace traditional measurements, it offers a means to enhance accuracy and 

efficiency. 

Photogrammetry Overview 

 Definition: Photogrammetry involves: 

o Photographing an object. 

o Measuring the object's image on the photograph. 

o Reducing measurements to a usable form, such as a map or diagram 

(Moffett & Mikhail, 1980; Slama, 1980). 

 Applications: Photogrammetry is used in various fields, including mapping the 

moon and crime scene documentation. It integrates photography with 

measurement, providing an alternative or supplement to traditional methods. 

Benefits of Photogrammetry 

1. Complex Scenes: Useful in scenes with numerous or intricate pieces of evidence 

where traditional measurements may be impractical (Baker & Fricke, 1986). 
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2. Uncertainty: Helps in situations where the importance of evidence may not be 

immediately clear, aiding in later reconstruction (Whitnall & Millen-Playter, 

1988). 

3. Adverse Conditions: Effective in unfavourable weather conditions where 

traditional measuring methods may be difficult or impossible (Baker, 1983). 

4. Limited Resources: Provides a solution when the investigator is working alone or 

lacks the usual equipment (Baker & Fricke, 1986). 

5. Urgent Situations: Useful in time-constrained situations, such as high-traffic 

areas or urgent calls. 

6. Minor Scenes: Helps in documenting scenes that may initially seem minor but 

could later turn out to be significant. 

7. Insurance Shots: Allows for additional documentation that might be used later to 

extract more information from initial photographs.  

Comparison to Advanced Systems 

 Total Stations: Advanced systems like Total Stations, which use laser sighting 

and computer diagramming to create 3D models, are highly effective but not 

universally accessible. Photogrammetry provides a more accessible alternative, 

filling the gap between hand-drawn diagrams and advanced measurement systems. 

Digital Image Forensics in Practice 

Digital Image Forensics draws from Digital Steganography and Digital 

Watermarking, which both conceal information in images to protect ownership and 

verify integrity. 

 Steganography hides messages within images in a way that is undetectable to the 

human eye. 

 Digital Watermarking embeds a visible or invisible signature into images to 

indicate ownership or ensure integrity. Watermarks can be robust (surviving 

processing) or fragile (damaged by alterations). 
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Unlike these methods, Image Forensics does not require the original image or 

additional information about it. It uses a "blind" approach to analyse images for 

authenticity, without needing specific hardware. 

1. Image Generation Process 

Using processing traces, forensic tools examine an image's past. Important phases 

consist of:  

 Acquisition: The process of obtaining light, which leaves recognizable traces, 

through lenses and sensors. Certain brands and devices have distinct acquisition 

footprints that include things like Color Filter Array (CFA) patterns, lens 

aberrations, and sensor noise (Photo Response Non-Uniformity, PRNU). 

 Coding: Certain artifacts, like quantization and blocking artifacts, are left behind 

by JPEG compression. These may reveal forgeries by assisting in the 

identification of compression parameters and determining whether a picture has 

been recompressed.  

 Editing: Tools can be used to alter images for either benign or malevolent ends. 

Resampling (rotation, scaling) is one type of editing that might generate periodic 

artifacts. Changes to the image's look can occasionally mask earlier manipulation. 

Key Points: 

 Acquisition Footprints: Indicate the type, brand, and model of the capturing 

device, and can reveal inconsistencies if splicing has occurred. 

 Coding Footprints: Show compression parameters and can identify multiple 

compression instances. 

 Editing Footprints: Include modifications from editing tools, which can obscure 

tampering or alter the image’s message. 

Contrast enhancement, commonly achieved through histogram equalization, adjusts 

pixel intensity values to improve image quality but can introduce artefacts detectable 

in the histogram, such as unexpected peaks and gaps. Median filtering, used for 

denoising and smoothing, may also obscure previous processing traces; it is detectable 

through increased pixel value similarity and block-wise correlations. JPEG re-
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compression can reduce visibility of manipulation traces by smoothing out artefacts 

but can be identified by anomalies in grid alignment or quantization tables. 

Tampering detection involves various techniques: cut & paste forgery can be detected 

by grid misalignment in JPEGs, inconsistencies in device artefacts, and resampling 

traces; copy-move forgery detection uses block-wise analysis or robust local 

descriptors like SIFT or SURF to identify duplicated regions; seam carving, a content-

aware resizing technique, introduces specific traces that can be detected through seam 

classifications; and digital inpainting, which reconstructs or removes parts of images, 

can be identified by detecting patterns consistent with inpainting methods. Each 

manipulation technique leaves unique traces or inconsistencies that forensic 

algorithms analyse to detect and understand image alterations. 

Digital Image Counter-forensics 

Until recently, counter-forensics—strategies developed to evade forensic analysis—

received minimal attention. Adversaries, who possess knowledge of signal processing 

similar to forensic analysts, aim to manipulate images while making their alterations 

undetectable. This discipline, known as counter-forensics (or anti-forensics), includes 

techniques designed to hide, remove, or falsify traces of illicit processing. Counter-

forensic techniques often leave their own detectable traces, which forensic analysts 

can exploit to identify and address limitations in current forensic tools. Presently, 

counter-forensics can obscure traces of JPEG compression, resampling, filtering, and 

histogram manipulations. The ongoing interplay between forensic and counter-

forensic methods highlights the need for improved forensic tools and approaches. 

The Image Dependency Problem 

Current image forensics tools focus primarily on analysing single images, but 

understanding relationships between groups of images—image dependencies—can be 

equally or more important. Image dependencies can reveal how images relate to one 

another, identify clusters of images from the same source, and track how image usage 

evolves over time and across different contexts. For example, analysing dependencies 

can expose how certain iconic images, like those of the polar bear, the Afghan girl, or 

significant historical events, have been duplicated and manipulated online. Similarly, 

images of famous paintings, such as the Mona Lisa, often vary in color, size, and 

detail despite originating from the same artwork. 
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Formalizing and comprehending these linkages is a challenge in the study of picture 

dependencies since many images have actual origins and transformations that are not 

always recognized or known. In order to solve this, we need to blend human thinking 

with automated data collecting to deduce logical linkages. In order to make 

relationship analysis practicable, the chapter will discuss state-of-the-art methods for 

analysing sets of related photos, explain the idea of detecting dependencies, and 

present certain presumptions regarding typical image duplication procedures. 

Pointers to Near-Duplicates Analysis 

The literature on image retrieval makes a distinction between two kinds of image 

duplication: Near Duplicate (IND) detection, which locates variants of pictures that 

have been altered through different processing approaches, and Exact Duplicate (IED) 

detection, which discovers exact copies of a reference image. Scene (such as backdrop 

alterations, occlusions), Camera (such as perspective shifts, zoom), Photometric (such 

as lighting, exposure adjustments), and Digitization (such as compression, recoloring, 

scaling, and cropping) are the categories into which modifications that result in near-

duplicates can be divided. 

Efficient data handling is necessary because IED and IND detection methods 

frequently require huge image datasets and strict time limits. Robust descriptors such 

as Scale Invariant Feature Transform (SIFT) (Lowe, 2004), which has been applied in 

several research (Ke et al., 2004; Foo et al., 2007a; Zhu et al., 2008), are commonly 

used to represent images. Adding several descriptions together can increase accuracy. 

While these methods can cluster similar images, they often fail to reveal relationships 

between images within each cluster. A notable attempt to address this is image 

archaeology (Kennedy and Chang, 2008), which uses binary detectors to analyze 

near-duplicate connections, producing a Visual Migration Map. Despite its promise, 

this system lacks a rigorous theoretical framework, does not account for exact 

duplicates, and does not provide a confidence score or parameter estimation for 

relationships. 

Although similar photos can be clustered using these methods, links between images 

within each cluster are frequently not revealed. Image archaeology (Kennedy and 

Chang, 2008) is a noteworthy effort to solve issue, as it creates a Visual Migration 
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Map by analysing near-duplicate connections using binary detectors. Though 

promising, this system lacks a sound theoretical foundation, does not take precise 

duplication into account, and does not offer relationship parameter estimation or a 

confidence score. 

De Rosa et al. (2010) presented a methodology that uses pairwise comparison of near-

duplicates to formally formalize picture associations. Their method separates a picture 

into "noise," or content, and uses these two components as a fingerprint to quantify 

relationships between them. This technique handles compressed images, handles 

geometric transformations more broadly, and handles exact duplicates more skilfully. 

Dias et al. (2012) introduced an analogous technique called image phylogeny, which 

uses dissimilarity measures to examine near or exact duplicates. In contrast to De 

Rosa et al., Dias et al. build their dependency graph, the Image Phylogeny Tree, using 

minimal spanning trees as opposed to heuristic criteria, and process the complete 

image instead of only the noise component. 

Decision Fusion in Digital Image Forensics 

Image forensic research has predominantly concentrated on detecting artefacts 

introduced by single processing tools. However, in tamper detection, the specific 

artefacts to be identified are often unknown in advance. This necessitates the 

application of multiple tools designed for different scenarios. Two primary challenges 

arise: (i) creating an effective strategy to consolidate the information from various 

tools into a unified output, and (ii) managing the uncertainty caused by error-prone 

tools. This process of integrating multiple data sources to form a consistent and useful 

representation is known as information fusion. 

In this thesis, a solution to these challenges is proposed through a fusion framework 

based on Fuzzy Theory. Fuzzy systems are beneficial in applications where reasoning 

must be resilient to noise, approximation, or imprecise inputs. A practical 

implementation of this framework is described, including experiments that test its 

effectiveness in a realistic scenario. In these experiments, five forensic tools utilized 

JPEG artefacts to detect cut-and-paste tampering within specific regions of an image. 

The results demonstrate the framework’s effectiveness, particularly in comparison to 

traditional methods. 
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Information Fusion in Image Forensics 

Information fusion involves integrating multiple data sources and knowledge 

representations to produce a coherent and accurate representation of the real-world 

object. In image forensics, each technique is tailored to detect specific footprints left 

by different processing tools. However, forensic techniques are not infallible; they are 

subject to uncertainties and inaccuracies due to various factors, including tool 

settings, image characteristics, and deviations from the tool's working assumptions. 

Typically, multiple processing tools are used to create altered images rather than 

relying on just one. As a result, using a single detection method may not be sufficient. 

Instead, a range of tools is applied, each producing a different type of output, such as 

probabilities, scalar values, or binary results. This variety of outputs complicates the 

process of making a unified judgment about an image's authenticity. Simple methods, 

like binary OR majority voting, may not always yield satisfactory results due to their 

limitations. 

Although machine learning approaches like Support Vector Machines (SVM) and 

Neural Networks (NN) offer more complex solutions, they come with challenges, 

including increased processing demands and the need for retraining when new tools 

are introduced. 

To address these issues, the chapter introduces a fusion framework based on Fuzzy 

Theory. This approach aims to effectively manage and integrate the uncertain and 

varied outputs from different forensic tools into a single, final decision. 

General Pointers to Information Fusion 

Information fusion is the process of combining facts and data about a single real-

world entity from various sources to produce a meaningful, accurate, and cogent 

representation. It is also known as decision combination, expert conciliation, 

knowledge integration, and decision fusion. This method is widely applied in many 

different domains, including imaging, biometry, satellite imaging, remote sensing, and 

speech and speaker recognition. For example, merging information from speech 

recognition, iris scans, gait analysis, and fingerprints improves the accuracy of 

biometric verification. 



 

 
CHAPTER-III        FORENSIC PHOTOGRAPHY 

FACULTY OF COMPUTER SCIENCE                      Page 35 

 

 

Information fusion originated from the goal of combining the outputs of different 

classifiers to increase classification accuracy. 

The approaches that are pertinent to Image Forensics are included in the classification  

Categories of Information Fusion 

1. Feature Level Fusion 

 Concept: Combines features extracted from different tools before 

classification. 

 Advantages: Can achieve higher discriminative power by integrating 

diverse features. 

 Challenges: Issues may arise with conflicting, redundant, or high-

dimensional features, necessitating complex feature selection 

processes. 

 

2. Measurement Level Fusion 

 Concept: Combines scores computed independently by each tool 

based on its own features. 

 Advantages: Simpler and less data-intensive compared to feature level 

fusion. Challenges: Sensitive to noise and uncertainty; requires 

consistency in score representation. Methods include: 

o Classification Techniques: Use classifiers like SVMs, neural 

networks, and decision trees to process aggregated scores. 

o Combination Techniques: Aggregate scores using methods 

like linear combinations, min, max, mean, median, product 

rules, Bayesian models, and non-traditional approaches like 

Fuzzy Theory and Dempster-Shafer Theory. 

3. Abstract Level Fusion 

 Concept: Combines class labels assigned by each classifier to make a 

final decision. 

 Advantages: Universal applicability as all classifiers can provide 

labels. 
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 Challenges: Limited information available; decisions are often made 

using majority voting, weighted voting, or AND/OR rules. 

3.2 Information Fusion in Image Forensics 

In image forensics, tasks like source identification or forgery detection can be 

approached as classification problems, enabling fusion at feature, measurement, or 

abstract levels. 

1. Fusion at Feature Level 

 Examples: 

o Camera Model Identification: Fusion of similarity measures, 

image quality metrics, and Wavelet coefficients to identify 

camera models. 

o Scanner Model Identification: Uses noise statistics features 

and gray-level co-occurrences to differentiate scanner brands. 

o Device Class Identification: Combines noise statistics and 

color interpolation coefficients for device classification. 

o Forgery Detection: Combines features from multiple detectors 

(e.g., copy-move forgery detectors) to enhance detection 

accuracy, as demonstrated by (Chetty and Singh, 2010). 

2. Fusion at Measurement Level 

 Examples: 

o Fuzzy-Based Framework: Introduced by (Barni and Costanzo, 

2012b) for combining scores from heterogeneous tools.  

o Dempster-Shafer Theory: Proposed by (Fontani et al., 2013) 

for combining evidence in a flexible manner without relying on 

a priori probabilities. 

3. Fusion at Abstract Level 

 Examples: 

o Weighted Majority Voting: Combines outputs of multiple 

tools using various voting mechanisms. 

o Behavior Knowledge Space and Naive Bayes: Used in 

conjunction with weighted majority voting to improve 

detection performance. 
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3.3 Foundations of Fuzzy Theory 

Fuzzy Theory is integral to the proposed fusion framework, as it handles imprecise, 

noisy, and uncertain information effectively. It provides a way to reason about data in 

a more flexible manner compared to traditional binary logic, allowing for a more 

nuanced integration of data from diverse sources. The principles of Fuzzy Theory will 

be further explored and applied in subsequent chapters of the thesis. 

Digital Image Counter-Forensics 

Digital Image Counter-forensics involves developing techniques to mislead forensic 

analysis by concealing, removing, or falsifying traces that forensic tools detect. 

Despite the field's progress, challenges remain, particularly with robust forensic 

methods like SIFT (Scale Invariant Feature Transform). Recent research has 

introduced methods to remove SIFT key points to bypass detectors, alongside 

algorithms for detecting such removals and injecting fake key points to mislead 

detection efforts. The formalization of forensic and counter-forensic problems 

involves understanding the image generation process, distinguishing between original, 

processed, authentic, and manipulated images, and modeling forensic analysis as a 

classification problem. Counter-forensic attacks can be integrated, altering the 

generation process to prevent detectable traces, or post-processing, modifying images 

after generation. Attacks may be targeted, designed to counter specific forensic 

methods, or universal, aiming to evade detection by various tools. The field continues 

to evolve, balancing effective counter-forensic techniques with maintaining image 

quality. 

In the realm of JPEG compression, specific artifacts are created, including the comb-

like pattern in the Discrete Cosine Transform (DCT) coefficient histogram and 

blocking artifacts in the spatial domain. Initial counter-forensic techniques aimed to 

obscure these footprints. Stamm et al. (2010a) introduced anti-forensic dithering to 

mitigate gaps in the DCT histogram by adding noise that mimics the unquantized 

coefficient distribution. Lai and Böhme (2011) identified peculiar traces left by anti-

forensic dithering, developing detectors to reveal these traces and subsequently 

refining their dither technique to counteract these detectors. Valenzise et al. (2011b) 

evaluated the perceptual impact of dithering and introduced a detector based on total 

variation (TV) to identify dithered images, though this approach was not robust 
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against techniques like those by Fan et al. (2013b), which use TV minimization to 

remove JPEG blocking artifacts and include a de-calibration stage. Li et al. (2012) 

examined how random DCT modifications disrupt coefficient correlations and 

proposed methods to detect these changes, outperforming previous techniques. Fan et 

al. (2013a) challenged assumptions about the Laplacian distribution of DCT 

coefficients and introduced a non-parametric smoothing technique to counteract anti-

forensic dither. 

Counter-forensic methods also target detection of multiple JPEG compressions, which 

can indicate image manipulation. Chunhui et al. (2012) proposed removing double 

quantization artifacts, while Milani et al. (2013) altered the first digit probability mass 

function to align with a single compressed image, countering detectors based on 

Benford’s law. 

To address histogram manipulations, contrast enhancement can create impulsive 

peaks and gaps in the grayscale histogram. Cao et al. (2010a) employed Gaussian 

dithering during contrast remapping to remove these features, impairing known 

detectors. Barni et al. (2012) introduced a universal post-processing technique to 

modify manipulated image histograms to match authentic images from a database, 

effectively neutralizing contrast enhancement detectors. Lin et al. (2013) developed a 

contrast enhancement detector for color images, addressing alterations in high-

frequency components. 

Resampling evidence is crucial for detecting cut & paste forgeries, as it often requires 

resizing or rotating parts of an image. Kirchner and Böhme (2007; 2008) proposed a 

method to avoid periodic dependencies by adding Gaussian noise to high-frequency 

pixels during resampling and applying median filtering to low-frequency pixels. 

Fontani and Barni (2012) focused on detecting median filtering traces by optimizing 

sliding window operators to remove filtering footprints. 

Forging the source of an image, such as altering PRNU or CFA patterns, can obscure 

the origin of a digital image. Gloe et al. (2007b) and Kirchner and Böhme (2009) 

proposed methods to replace authentic PRNU and CFA patterns with target patterns, 

respectively. Rao et al. (2013) challenged source identification methods and the 

Triangle Test, providing new insights into source forgery techniques. 
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Finally, counter-forensics has been framed as a game theory problem to better 

understand interactions between forensic analysis and counter-forensic strategies. 

Stamm et al. (2012) and Barni (2012) applied game theory to evaluate adversarial 

strategies and optimal forensic countermeasures. Barni and Tondi (2013) extended 

this analysis to cases where the adversary knows the source statistics only through 

training data, highlighting the complex interplay between forensic and counter-

forensic tactics. 
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Object Detection is vital field in computer vision that helps detect objects like cars, 

weapons, and people within Images or videos. This when applied in the CCTV 

footages it can help detect weapons, suspects, cars and many more real-time to 

prevent any dangerous incident. This technique recognises, localizes and also detects 

multiple objects simultaneously. The application of this technology spans across 

various domains such as health care, security, surveillance, and advanced driver 

assistance systems. Humans possess a native ability to quickly and precisely detect 

objects, identifying multiple items in complex scenes with minimal mindful effort. In 

contrast, computer systems require considerable data, advanced algorithms, and 

powerful hardware to achieve similar performance. Modern advancements in 

technology, such as large datasets and high-performance GPUs, have significantly 

improved computer vision capabilities. 

Why YOLO algorithm is used in our research? 

YOLO (You Only Look Once) is superior to other object detection algorithms due to 

its real-time performance, single-stage detection approach, and high accuracy. Unlike 

traditional methods that use two-stage detectors (e.g., R-CNN), which separate region 

proposal and classification, YOLO combines these steps into a single network, 

significantly reducing inference time. This makes YOLO highly efficient, capable of 

processing images in real-time while maintaining competitive precision and recall. 

Additionally, YOLO's ability to predict multiple bounding boxes and class 

probabilities directly from full images, rather than using a sliding window or region 

proposals, enhances its robustness and versatility in various applications, particularly 

where speed and accuracy are critical. 

Digital Image Processing (DIP) 

DIP involves manipulating digital images through computational techniques to 

enhance or extract information. A digital image is represented as a 2D function f 

(x,y), where x & y are spatial coordinates, and the function value represents the 

image's intensity or color at those coordinates. 

DIP is categorized into three levels of processing: 

Low-Level Processing: Involves in noise reduction, contrast enrichment, and image 

sharpening with both Inputs & outputs being Images. 
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Mid-Level Processing: Includes segmentation, edge detection, and object extraction 

where the Inputs are images and the outputs are properties derived from Images. 

High-Level Processing: This task understands and interprets images. Including 

complete scene and image analysis. This level involves insightful tasks associated to 

human vision. 

Why Image Processing? 

Image processing is essential for preparing digital images for viewing and enhancing 

their appearance. It includes: 

 Image-to-Image Transformations: Modifying images directly. 

 Image-to-Information Transformations: Extracting meaningful information 

from images. 

 Information-to-Image Transformations: Converting information back into 

images. 

Pixel and Resolution 

 Pixel: The smallest unit of an image, representing the light intensity at a 

specific location. In an 8-bit grayscale image, pixel values range from 0 to 

255. 

 Resolution: It includes pixel resolution (total number of pixels), spatial 

resolution, temporal resolution, and spectral resolution. Higher resolution 

generally means better image quality but can be costly to achieve. Techniques 

like Super Resolution can enhance low-resolution images. 

Gray Scale and Color Images 

 Gray Scale Image: Represented by a single intensity function I(x,y), where x 

and y are spatial coordinates. 

 Color Image: Represented by three functions for the primary colors (R, G, B). 

Conversion to digital form involves sampling coordinates and quantizing 

intensity values. 

Techniques in Object Detection 

Object detection involves many techniques such as feature based object which rely on 

manually crafted features like edges, corners, and textures.  The Viola-Jones 
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algorithm uses Haar-like features and a cascade of classifiers for real-time object 

detection, mainly face detection. The SVM Support Vector Machines (SVM) 

combined with Histogram oriented gradients (HOG) features provide a robust object 

detection. The Deep learning object detection models like YOLO, Faster R-CNN, and 

SSD (Single Shot MultiBox Detector) has revolutionized the entire field of object 

detection. These methods learn features automatically from massive datasets and 

provide results with high accuracy and efficacy by using a complex Convolutional 

Neural Networks (CNNs). 

Deep Learning 

This area of machine learning trains an object detection model using techniques that 

mimic how the human brain functions. In order to effectively identify, localize, and 

classify, artificial neural networks (ANNs) need to be trained to study and learn from 

larger data sets. In these networks, the phrase "Deep" refers to multiple layers of 

neurons that process information similarly to the human brain. These deep learning 

models work by sending data across several networked node levels. In order to boost 

the model's ability to recognize complex patterns, each layer enhances the input data. 

Neurons and Layers 

Neural networks can be artificial, made to solve AI problems, or biological, made of 

actual neurons. Weights are used to model the connections between neurons, and 

these connections can be either positive (excitatory) or negative (inhibitory). An 

activation function regulates the output, as the network processes the inputs. Deep 

Neural Networks have several layers between input & output layers, allowing them to 

model complex relationships. 

A neuron or node in deep learning takes in input data, transforms it, and then sends 

the output to the layer above. This technique is comparable to how neurons in the 

human brain work. Layers are used to organize neurons. The first layer is responsible 

for receiving data and converting it into a numerical format that can be processed. The 

second type of layer is called hidden layers, which serve as intermediary layers and 

process the input through different calculations. The output layer, which comes in 

third, generates the finished product using the model's training data. 
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Each neuron in a layer generates an output by applying a mathematical function to the 

weighted sum of its inputs. Following layer receives this output after that. Objective 

here is the reduction of the error between the model's predicted & the actual values by 

weights adjustment during the training. 

Activation Functions 

When it comes to deciding whether or not a neuron should fire, activation functions 

are essential. They give the model non-linearity, which helps it pick up intricate 

patterns. Typical activation functions consist of: 

 Threshold Function: A binary function that becomes active when an input 

value surpasses a predetermined level. 

 Sigmoid Function: Frequently employed in binary classification applications, 

this function maps input values to a range between 0 and 1. 

 Hyperbolic Tangent Function: Offers superior performance in some 

situations when compared to the sigmoid function, mapping input values to a 

range between -1 and 1. 

 Rectified Linear Unit: This frequently used unit outputs zero for negative 

inputs and the input value itself for positive inputs. It is efficient and simple. 

Learning and Training 

Deep learning models learn by changing the weights of connections between neurons 

to minimalize the error in predictions. This process involves three basic stages, first is 

Forward Propagation where the Input data is passed through the network, layer by 

layer, to produce an output. The second is Calculating the loss where the model's 

output is compared to the actual target value using a loss function. The last is the 

Back propagation, here the error is propagated back through the network, & weights 

are adjusted to reduce the loss. The model cycles through these steps, continuously 

refining its weights and improving its performance. 

Types of Neural Networks 

 Feed forward Neural Networks: Data flows in one way from input to output, 

used for jobs like image classification. 
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 Recurrent Neural Networks (RNNs): Include feedback loops, allowing them 

to handle sequential data. 

 CNNs: Specialized for processing grid-like data such as pictures, using 

convolutional layers to recognize features. 

CNNs Architecture 

CNNs generally consist of three types of layers: 

1. Convolutional Layers: It use filters to convolve the input image and extract 

features. Each neuron inside a feature map is linked to a specific area of the 

input. The depth, stride, and zero-padding are key hyperparameters that affect 

the output volume. 

2. Pooling Layers: It decrease the feature map’s spatial resolution and spatial 

invariance is achieved. Max-pooling is commonly used for retaining the 

maximum value from every receptive field, reducing dimensionality and 

computational complexity. 

3. Fully Connected Layers: These layers interpret features extracted by 

previous layers & perform high-level reasoning. The final output is usually 

generated by applying a softmax function or other classifiers. 

CNN Training 

Training CNNs involves adjusting parameters to minimize error using algorithms like 

back propagation. Over fitting is a common task, where the model achieves good 

performance on training data but bad on unknown data. Regularization techniques 

help moderate this issue. 

R-CNN 

R-CNN combines region proposals with CNNs to detect objects. It generates potential 

bounding boxes and classifies each using a CNN. 

Faster R-CNN 

The newest object identification model, Faster R-CNN, outperforms its predecessors 

with the integration of a Region Proposal Network into the architecture. A Fast R-

CNN detector uses the high-quality region proposals. to categorize and improve item 

bounding boxes. Faster R-CNN greatly improves speed and accuracy by merging the 
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RPN with the detection network, enabling real-time object detection in images. It is a 

well-liked choice for a variety of computer vision jobs because of its effectiveness 

and performance. 

SSD 

SSD discretizes the output space of bounding boxes into default boxes of various 

aspect ratios and scales. It predicts object presence and refines box adjustments in a 

single forward pass through the network. 

AlexNet 

AlexNet is a pioneering CNN architecture with 5 convolutional layers, 3 fully 

connected layers, and 1 softmax layer. It was influential in demonstrating the 

effectiveness of deep learning for image classification. 

AlexNet is a pioneering CNN architecture with 5 convolutional layers, 3 fully 

connected layers, and 1 softmax layer. It was influential in demonstrating the 

effectiveness of deep learning for image classification. 

VGG 

VGG is another CNN architecture known for its simplicity and effectiveness in image 

classification, utilizing deep convolutional networks with small receptive fields. 

MobileNets 

MobileNets are designed for mobile and edge devices, using depth-wise separable 

convolutions to reduce computational cost while maintaining accuracy. 

TensorFlow 

TensorFlow is an open-source library for numerical computation and machine 

learning, developed by Google. It supports constructing, training, and deploying 

object detection models with pre-trained models available for datasets like COCO and 

KITTI. 

Caffe Framework 

Overview 

Caffe is a deep learning framework designed for speed, modularity, and openness. It 

supports various models and optimizations, making it suitable for tasks like object 
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detection, semantic segmentation, and more. Caffe allows easy switching between 

CPU and GPU, which accelerates training times. 

Caffe Models 

 OpenPose: Detects human body, hand, and facial keypoints. 

 Fully Convolutional Networks (FCNs): Used for semantic segmentation. 

 CNN-vis: Generates images using CNNs. 

 Speech Recognition: Implements speech recognition with Caffe. 

 DeconvNet: For semantic segmentation. 

 Coupled GAN (CoGAN): For generating paired images. 

 SegNet: Real-time semantic segmentation architecture. 

 Deep Hand and DeepYeast: Pre-trained models for specific tasks. 

Python vs. Other Languages for Object Detection 

Python is preferred for object detection due to its readable code, support for libraries 

like NumPy, and ease of use. It offers multiple libraries for machine learning and 

computer vision, making it a practical choice for implementing and testing 

algorithms. 

OpenCV 

A powerful, open-source library for computer vision and machine learning 

applications is called OpenCV (Open Source Computer Vision Library). It aims to 

speed machine perception in commercial products and provide a standardized 

infrastructure for computer vision applications. Businesses can simply utilize and 

change the code thanks to its BSD license. It was formally introduced by Intel 

Research in 1999 with the goal of advancing CPU-intensive applications. OpenCV 

offers an extensive collection of features for real-time computer vision applications, 

supporting multiple platforms and offering interfaces for MATLAB, C++, Python, 

and Java. With support for MMX and SSE instructions, the library is specifically 

designed for real-time vision applications and runs on Windows, Linux, Android, and 

macOS. 
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Haar Cascade Classifier 

It is used for object detection in images. It works as follows: 

 Training: Requires positive (face images) and negative (non-face images) 

samples. Features are extracted using Haar-like features, that compute the 

difference in pixel intensities. 

 Feature Calculation: Uses integral images to speed up the computation. Each 

feature involves a simple sum of pixel intensities within rectangular areas. 

 Classifier Cascade: Features are organized in stages, discarding non-face 

windows early in the process to improve efficiency. The final classifier 

combines weak classifiers into a strong one to improve detection accuracy. 

YOLO 

SSD, R-CNN and Fast R-CNN are some of the several object detection techniques. In 

2015 Joseph Redmon, along with his colleagues introduced YOLO which detects 

different objects in an image. In 2016 it was officially discovered and it reframed the 

object detection with single regression. This unified model is able to predict numerous 

bounding boxes and class probabilities simultaneously. 

Since its release, YOLO algorithm has outperformed many ongoing algorithms in 

terms of speed and accuracy to detect objects. The YOLO method can be utilised for a 

variety of Computer Vision (CV) activities, such as those involving animals, Ariel 

images, the military, autonomous vehicles, sports, hospitals, and others etc. 

Numerous additional variations of YOLO have been created over time, including 

YOLOv1, YOLOv2, YOLOv3, YOLOv4, YOLOv5, YOLOv6, YOLOv7, and 

YOLOv8. Prior studies have shown that speed and accuracy of YOLOv5 is better than 

earlier versions. The latest version of YOLO, YOLOv8, is very efficient. 

The base YOLO model processes pictures in real-time at 45 FPS. It’s smaller version: 

Fast YOLO, processes an astounding 155 FPS while still achieving double the mAP 

of other real-time detectors. Compared to state-of-the-art detection systems, YOLO 

makes more localization errors but is less likely to predict false positives on 

background (Redmon et al., 2016). 

A novel method for object detection called YOLO was introduced by Redmon et al. 

(2016). Complete training and real-time speeds are made possible by the YOLO, 



 

 
CHAPTER-IV        JOURNEY OF OBJECT DETECTION 

FACULTY OF COMPUTER SCIENCE                      Page 48 

 

 

which maintains a high average precision. The input image is divided into a S × S grid 

by the system. An object's center falls into a grid cell, and that grid cell is in charge of 

detecting it. B bounding boxes and confidence scores for those boxes are predicted for 

each grid cell. The model's level of confidence that the box contains an object and its 

estimate of the box's accuracy in terms of predictions are both reflected in these 

confidence ratings. The difference between the expected and ground truth objects is 

the measure of confidence. In the event that there is nothing in that cell, the 

confidence ratings ought to be 0. 

If not, the intersection over union (IOU) between the predicted box and the ground 

truth should be equal to the confidence score. Five predictions make up each 

bounding box: x, y, w, h, and confidence. The centroid of the box with relation to the 

grid cell's boundaries is represented by the (x, y) coordinates. The projected width and 

height in relation to the entire image are represented by the letters w and h. 

Ultimately, the IOU between the projected box and the ground truth box is 

represented by the confidence prediction. 

The GoogLeNet model for image categorization served as the model for the network 

design. There are two completely linked layers in the network after 24 convolutional 

layers. 1 x 1 reduction layers are employed with 3 × 3 convolutional layers in place of 

the inception modules used by GoogLeNet. In Figure 4.1, the YOLO architecture is 

displayed. 

Background of YOLO 

 

Fig. 4.1: YOLO Architecture (Redmon et al., 2016) 
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As further research was conducted to improve detections, the YOLO architecture was 

further improved by the inclusion of techniques and procedures to increase accuracy, 

decrease network size, and provide faster detections. These enhancements are 

enumerated in Table 4.1. 

Improvements on YOLO Versions 

From the introduction of the YOLO, there have been various changes and 

improvements which resulted in several versions of YOLO from YOLOv1 to 

YOLOv7. The findings on the YOLO versions are summarized in Table 4.1. 

Table 4.1: Summary of Improvements on YOLO1 

Sr. 

No. 

YOLO Variant Improvement Results 

1 YOLOv1  

(Redmon et al.,  

2016)  

SSD solves the problem of 

drawing boundary boxes and 

class identification.   

Higher accuracy and 

speed compared to Faster 

R-CNN  

2 YOLOv2  

(Redmon  &  

Farhadi, 2018)  

Iterative improvements on 

Batch Normalization, higher 

resolution detection and use of 

anchor boxes  

Architecture reduction, 

quicker and more 

accurate identification, 

and improved high-

resolution image 

detection 

3 YOLOv3  

(Redmon  &  

Farhadi, 2018)  

Bounding box predictions now 

include an objectless score, 

additional backbone network 

layer connections, and 

predictions at three different 

granularities. 

Improves detection of 

smaller objects  

4 YOLOv4 

(Alexey  

et al., 2020)  

Enhanced feature 

aggregations, utilization of 

mish activation, and a bag of 

Achieved improved 

accuracy and ease of 

training, high quality 

                                                 
1
 Olorunshola, O. E., Irhebhude, M. E., & Evwiekpaefe, A. E. (2023). A comparative study of 

YOLOv5 and YOLOv7 object detection algorithms. Journal of Computing and Social Informatics, 
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Sr. 

No. 

YOLO Variant Improvement Results 

freebies with mosaic 

augmentations 

performance and 

accessibility  

5 YOLOv5 (Nepal 

& Eslamiat, 

2022)  

Reduced network parameters, 

use of Cross Stage Partial 

Network (CSPNet) for the 

head, PANet for the neck of 

the architecture, residual 

structure and auto-anchor. It 

also utilizes mosaic 

augmentations.   

Extremely easy to train, 

inference on individual, 

batch images, video feed 

and webcam ports. Ease 

of transfer and use of 

weights. Faster and more 

lightweight than previous  

YOLO.  

6 YOLOv6  

(Chuyi et al., 

2022)  

Redesigned network backbone 

and neck to EfficientRep 

Backbone and Rep-PAN 

Neck. The Network head is 

decoupled separating different 

features from the final head  

Improvement in detecting 

small objects, anchor free 

training of model. Less 

stable and flexible as 

compared to YOLOv5.  

7 YOLOv7  

(Wang et al., 

2022)  

 E-ELAN-based layer 

aggregation, trainable goodie 

bag, and 35% fewer network 

parameters. Model scaling for 

models based on 

concatenation. 

Increase in speed and 

accuracy, ease of training 

and inference.  

8 YOLOv8 

(Bochkovskiy et 

al., 2023) 

Enhanced model architecture 

with a focus on reducing 

computational cost while 

maintaining accuracy. 

Integration of advanced data 

augmentation techniques. 

Significant reduction in 

computational resources 

needed, with comparable 

or improved accuracy 

over previous versions. 

Improved real-time 

performance for 

embedded systems. 
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The primary distinctions between the architectures of YOLOv1, YOLOv2, YOLOv3, 

YOLOv4, and YOLOv5, according to Nepal and Eslamiat (2022), are that YOLOv1 

employs the softmax function, whereas YOLOv2 has a better resolution classifier, 

higher accuracy, and higher efficiency than YOLOv1. It's because the CNN of 

YOLOv2 has a batch normalizing layer added to it. To fetch features from input 

image with more efficiency & detection performance, YOLOv3 employs Darknet53 

as its fundamental backbone. Multi-object classification is available in YOLOv3, 

meaning that an object may simultaneously fall under more than one category. 

To ascertain the likelihood that an input image corresponds to a certain label, 

YOLOv3 substitutes an independent logistics function for the softmax function. 

Additionally, YOLOv3 employs the 2-class entropy loss for every category, which 

reduces the computational complexity caused by softmax functions. 

The backbone of the YOLOv4 design is CSPDarknet53, a hybrid of the CSP and 

Darknet53 networks. YOLOv4 has less hardware requirements and is more accurate 

and efficient at detecting objects. CSPDarknet53 serves as the backbone of the Focus 

structure used by YOLOv5. In YOLOv5, the Focus layer first appeared. The 

YOLOv3 algorithm's first three layers are swapped with the Focus layer. Using a 

Focus layer has the advantages of requiring less memory for CUDA, having a smaller 

layer, and having more forward & backward propagation. 

YOLOv5 

A researcher Glenn and his team produced YOLOv5, a new version of the YOLO 

family, a month after YOLOv4 was made available. Compared to YOLOv4, YOLOv5 

is about 90% lighter and faster. Using RepVGG Style structure, EfficientRep 

Backbone, Rep-PAN Anchor-free paradigm, SimOTA algorithm, and SIoU bounding 

box regression loss function, YOLOv6 has many improvements in its backbone, neck, 

head, and training strategies. On the other hand, YOLOv7 outperforms all other 

known object detectors in terms of speed and accuracy in the range of 5 FPS to 160 

FPS, and has the highest accuracy (56.8% AP) of all known real-time object detectors 

with 30 FPS or higher on GPU V100. 

With a 50% reduction in computation and 40% reduction in parameters compared to 

the state-of-the-art real-time object detector, YOLOv7 significantly increased real-

time object detection accuracy without raising the cost of inference. It also boasts a 

faster inference speed and higher detection accuracy. 
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Nepal & Eslamiat (2022) state that YOLOv5 differs from earlier releases in that 

PyTorch is used in place of Darknet. It makes use of CSPDarknet53 as its mainframe. 

To improve the information flow, it employs the Path Aggregation Network (PANet) 

as the neck. PANet uses a novel feature pyramid network (FPN) with many top-down 

and bottom-up layers. This enhances the model's low-level feature propagation. 

PANet increases the localization accuracy of the item by improving the localization in 

lower layers. 

Furthermore, YOLOv5 shares the same head as YOLOv4 and YOLOv3, which 

provide three distinct feature map outputs in order to accomplish multi-scale 

prediction. The following is a summary of the YOLOv5 model: Support structure: 

CSP network, focus structure, Neck: PANet, SPP block, Head: GIoU-loss YOLOv3 

head. The use of CSPDarknet53, which addressed the issue of repeating gradient 

information present in YOLOv4 and YOLOv3, allowed YOLOv5 to outperform 

YOLOv4 in terms of accuracy while decreasing the network's parameters and speed 

of inference. Figure 4.2 displays the YOLOv5 architecture. 

 

Fig. 4.2: YOLOv5 Architecture (Nepal & Eslamiat, 2022) 

YOLOv7 

YOLOv7 with its amazing features, YOLOv7 is a real-time object detector that is now 

changing the CV business. Without the use of any other datasets or pre-trained 
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weights, YOLOv7 was only trained from scratch on the MS COCO dataset (Wang et 

al., 2022). According to Wang et al. (2022), YOLOv7 has the best accuracy at 56.8% 

AP among all known real-time object detectors with 30 FPS or above on Graphics 

Processing Units (GPU) V100. It also outperforms all other known object detectors in 

the range of 5 FPS to 160 FPS. 

With around 40% fewer parameters and 50% less processing than the state-of-the-art 

real-time object detector, YOLOv7 significantly increased real-time object detection 

accuracy without increasing inference costs. It also boasts faster inference speed and 

higher detection accuracy. 

Extended efficient layer aggregation networks (E-ELAN) are a feature of YOLOv7. 

To continuously improve the network's capacity for learning without erasing the 

initial gradient path, E-ELAN employs the expand, shuffle, and merge cardinality 

techniques (Wang et al. 2022). The architecture of the transition layer remains 

unaltered, while E-ELAN solely modifies the architecture of the computing block. 

Apart from preserving the original E-LAN design architecture, E-ELAN also helps 

various computational block groups to acquire a wider range of characteristics. 

Model scaling for concatenation-based models is also available in YOLOv7. Model 

scaling is mostly used to modify certain model features and produce models at various 

scales in order to accommodate varying inference speeds. The suggested compound 

scaling approach can preserve both the ideal structure and the characteristics that the 

model possessed at the time of its original design. The model scaling for YOLOv7 

concatenation-based models is shown in Figure 4.3. 

 

Fig. 4.3: Model Scaling of YOLOv7 (Wang et al., 2022) 

 

( a) concatenation - based model    ( b) scaled - up concate nation - based model    ( c) compound scaled up depth and width for concatenation - based  
model   
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From (a) to (b), it can be shown that the output width of a computational block 

likewise grows when depth scaling is applied to concatenation-based models. The 

next transmission layer's input width will rise as a result of this phenomena. Thus, (c) 

is suggested: for concatenation-based models, model scaling entails scaling only the 

depth of a computing block and scaling the appropriate breadth of the remaining 

transmission layer. 

When compared to YOLOv5 and YOLOv7, YOLOv6 offers even greater advances in 

terms of detection, but it is less scalable and requires more effort to train. 

Additionally, YOLOv6 outperforms YOLOv5 and YOLOv7 in terms of accuracy 

when utilized for single image inference as opposed to multiple image inference 

(Banerjee, 2022). Because they are suitable for multiple item detection and make it 

simple to customize the training and inference process, YOLOv5 and YOLOv7 were 

used in the experiment. 

YOLOv8 

YOLOv8 is the latest advancement in the YOLO (You Only Look Once) series of 

real-time object detectors, building on the strengths of its predecessors to achieve 

higher accuracy and faster inference speeds. It features an optimized backbone and 

neck architecture that enhances the detection of objects of varying sizes and shapes, 

particularly improving the accuracy for small and densely packed objects. YOLOv8 

also introduces improved model scaling, allowing it to adjust depth, width, and 

resolution to balance speed and accuracy depending on the hardware available, while 

maintaining the model’s structural integrity and feature representation. One of the key 
innovations in YOLOv8 is dynamic label assignment, which dynamically adjusts 

ground-truth labels during training based on the network's predictions, improving the 

model's focus on hard-to-detect objects. Additionally, advanced training techniques, 

including enhanced data augmentation and improved loss functions, contribute to 

better generalization and robustness against overfitting. YOLOv8 continues to 

optimize inference speed, making it well-suited for real-time applications, even on 

resource-constrained devices. Incorporating features like Cross-Stage Partial 

Networks (CSPNet), YOLOv8 reduces model size and computational complexity 

while retaining high representational capacity. Designed to surpass the performance 

benchmarks of YOLOv7 and other contemporary detectors, YOLOv8 represents a 

significant leap forward in the field of real-time object detection, maintaining a strong 

balance between speed and accuracy. 
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Applications of Object Detection 

Facial Recognition 

Facial recognition systems, such as "Deep Face" by Facebook and Google's facial 

recognition in Photos, identify and verify human faces using deep learning 

techniques. They analyze facial features like eyes, nose, and mouth for accurate 

recognition. 

People Counting 

Object detection aids in counting individuals for purposes such as security, store 

performance analysis, and crowd management. Challenges include handling fast-

moving individuals and varying crowd densities. 

Industrial Quality Check 

In industrial settings, object detection improves processes like sorting, inventory 

management, and quality control by automating the identification and classification of 

products. 

Self-Driving Cars 

Self-driving cars use object detection to perceive their surroundings, integrating radar, 

LIDAR, GPS, and computer vision to navigate and avoid obstacles autonomously. 

 

Security 

Object detection enhances security through applications like facial recognition, retina 

scans, and real-time monitoring, aiding in criminal identification and surveillance. 

Object Detection in Video Surveillance 

In video surveillance, object detection is crucial for monitoring and analyzing video 

feeds. The process typically involves: 

 Pre-Processing: Enhancing video quality and reducing noise. 

 Segmentation: Dividing frames into meaningful regions to isolate objects. 

 Foreground and Background Extraction: Identifying moving objects 

against a static background. 

 Feature Extraction: Analyzing object characteristics for classification and 

tracking. 

Effective video surveillance relies on robust object detection to handle challenges like 

varying lighting conditions and occlusions. 
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Experiment Setup 

In order to conduct the experiment a powerful GPU and TPU was needed to train, 

validate and a custom machine learning model.  In order to do test this custom based 

model google Colab a free resource was used. The data set was uploaded to google 

drive that was then accessed by Google Colab environment. The Google Colab 

provided Python programming capabilities with access to popular deep learning 

libraries. 

The model was trained using individual validation dataset to evaluate its performance, 

efficacy and generalization ability. To assess the performance various metrics such as 

accuracy, precision, recall, F1-score, mean average precision (Map) were employed. 

Google drive was used as a primary storage facility to store pre-processing and 

training data to reduce manual intervention for storage. The experimental data such as 

weights, evaluation metrics, and visualizations were redirected to be sored on the 

google drive for easy and secured analysis for future use. 

5.1 Advantages of Google Colab for Experimentation 

Google Colab offers free computing resources with certain limitations, making it 

affordable for researchers and developers. The users can leverage GPUs and TPUs for 

quicker calculation, enabling faster model training and experimentation. Another 

advantage of the colab notebooks is that the notebook can easily be shared and 

collaborates. This fosters teamwork and knowledge sharing. 

5.2 Dataset Preparation 

A dataset was prepared and classified into two groups, of five classes consisting of 

objects and five classes of people. 

Object Classes 

Images of the object classes the images were sourced from Google Open Images 

Dataset and converted into the YOLO (You Only Look Once) format using the 

OIDv4 Toolkit. This Python based package facilitated the extraction of specific parts 

of the Open Image dataset to create custom object dataset to create object such as 

Knife, Handgun, Bottle, Axe, and Hammer. 

First, a repository clone was used to download the OIDv4 Toolkit. 

This required a few steps: installing Anaconda and setting up and activating a virtual e

nvironment came first. 
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After that, Git was installed to make repository cloning possible. 

The repository was cloned into the specified directory using the following command: 

git clone https://github.com/EscVM/OIDv4_ToolKit.git 

Next, the directory was changed to the cloned OIDv4_ToolKit folder, and the 

necessary dependencies were installed using: 

pip install -r requirements.txt 

Pandas, numpy, awscli, urllib3, tqdm, and opencv-python were among these 

dependencies. After the setup was finished, we downloaded the pictures for the 

classes we had designated. The following command was run in order to accomplish 

this: 

python main.py downloader --classes Knife Handgun Bottle Axe Hammer --

type_csv train --multiclass 1 --limit 200 

The classes to be downloaded are specified by the `classes` option in this command, a

nd the `--type_csv train} option indicates that training data is being downloaded. 

To guarantee that every image is downloaded into a separate folder, use the `--

multiclass 1} option. 

A limit of 200 photos per class is imposed by the `--limit 200} argument. 

Thus, the goal was to download a maximum of 1000 photos using five classes. 

The actual number of photographs acquired, however, may have been slightly lower b

ecause some may have been deleted from the original website. 

This structured approach enabled us to efficiently prepare a robust dataset for our 

experimental setup, ensuring the integrity and organization necessary for effective 

object detection model training. The number of object images downloaded are shown 

in Table no 5.1. 

Table 5.1 : Class and no of images downloaded 

CLASS NO. OF IMAGES 

Knife  200  

Handgun 200 

Bottle 200 

Axe 115 

Hammer 114 
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Pre-existing labels and bounding boxes that identified the objects in each image were 

included with these pre-annotated photographs. This removed the requirement for 

manual labelling, which may be a labour- and time-intensive procedure. In manual 

labelling, each image is reviewed by a human annotator who then manually draws 

bounding boxes around objects of interest and labels them with the appropriate class. 

It takes a lot of work to complete this process. 

We expedited the process of preparing our dataset by utilizing pre-annotated photos, 

which guaranteed high-quality and consistent annotations. Furthermore, because the 

annotations were consistent and applied to every image, the usage of pre-annotated 

data made the training process for our object detection model more effective and 

dependable. Maintaining consistency is essential for training reliable and accurate 

models because it guarantees that the model gains knowledge from appropriately 

labelled input, which enhances its performance and capacity for generalization. 

 

 

 

Fig. 5.1 : csv_folder and Dataset folder created 

 

 

 

Fig. 5.2 : class-descriptions-boxable.csv and train-annotations-bbox.csv files 

created in csv_folder 

After executing the above steps, 2 files were created in csv_folder i.e. class-

descriptions-boxable.csv and train-annotations-bbox.csv as displayed in figure 5.1 and 

5.2.  

The class-descriptions-boxable.csv displayed in figure 5.3 contains the name of all the 

classes with their corresponding ‘LabelName’ and the validation-annotations-

bbox.csv file contains one bounding box (bbox for short) coordinates for one image, 
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and it also has this bbox’s LabelName and current image’s ID from the validation set 

of OIDv4. 

 

Fig. 5.3 : class-descriptions-boxable.csv 

5.3 People Classes 

For the people classes, images were downloaded from Google and processed further. 

The classes included Bill Gates, Elon Musk, Marilyn Monroe, Leonardo DiCaprio, 

and Will Smith. For each classes the steps such as auto-orienting the pixel data striped 

the EXIF orientation metadata. The images were resized to 640x640 pixels with 

stretching to fit the dimensions. The Images were augmented by applying three 90-

degree rotations, along with a random rotation of -15 and +15 degrees horizontally 

and vertically. To expose the model to varied scenario.  For bill gates 61 images were 

pre-processed and augmented to 130 images; For the Elon musk class 151 images 

were augmented using 63 original images; with an initial set of 63 images of Marilyn 

Monroe the dataset was expanded to 144 images after augmentation; After pre-

processing and augmentation of 62 images of Leonardo DiCaprio the dataset stretched 

to 148 images; For the final class of people images a set of 62 images of will smith 

were pre-processed and augmented to expand the dataset to 148 images. 
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We augmented the dataset of images featuring people. Implementing image 

augmentation techniques expanded the dataset and helped reduce overfitting. 

Cleaning and augmenting image data can significantly improve the model's 

performance.  

Each of these steps ensured that the dataset was robust and suitable for training object 

detection models. 

Labelling of Images 

The images were labelled by a user-friendly platform- Roboflow. This powerful 

platform helped in efficiently labelling the images in order to get precise and 

consistent annotations across all images. The advanced features such as automatic 

annotation suggestions greatly assisted in fastening the labelling process with great 

efficacy. Each object with in the image was carefully annoted to match the resulting 

labels making it fit for training high-performance object detection models. 

Also, to ensure transparency and facilitate easy access to the dataset the links to all 

images were maintained in an excel file, serving as a comprehensive reference, 

containing the URLs of each image. 

This organized approach not only aids in tracking the origin of each image but also 

makes it easier for other researchers to verify and utilize the dataset. By providing this 

level of detail and accessibility, we ensure that our dataset preparation process is both 

transparent and reproducible, supporting the integrity and utility of our research. 

Table 5.2 : Before & After Pre-processing People Image Dataset 

CLASS No. of instances Before 

Pre-processing 

No. of instances After Pre-

processing and Augmentation 

BillGates  61 130 

ElonMusk  63 151 

MarilynMonroe  63 144 

LeonardoDicaprio  62 148 

WillSmith  62 148 

 

This table 5.2 illustrates the increase in the number of instances for each class of 

people after applying the pre-processing and augmentation steps to the initial set of 
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images. The augmentation process significantly enhanced the dataset, making it more 

suitable for training robust object detection models. 

Table 5.3 : Class instances and their no. of annotation 

CLASS CLASS INSTANCES NO. OF ANNOTATION 

Knife 200 258 

Handgun  200 254 

Bottle 200 509 

Axe 115 148 

Hammer  114 139 

BillGates  130 130 

ElonMusk  151 149 

MarilynMonroe  144 144 

LeonardoDicaprio  148 148 

WillSmith  148 148 

This table 5.3 details the number of instances and corresponding annotations for each 

class in the dataset. The variations in the number of annotations reflect the complexity 

and distinctiveness of each class, contributing to a comprehensive dataset for object 

detection model training. 

Table 5.4 : Dataset Summary 

 With Pre-processing and Augmentation  

Total Images  1550 

Classes 10 

Unannotated 0 

Training Set 1085(70%) 

Validation Set 310(20%) 

Testing Set 155(10%) 

Annotation 2032(.3 per image (average)) 

This table 5.4 provides a summary of the dataset used for training, validation, and 

testing. The dataset consists of 1550 images across 10 classes, all of which have been 

annotated. The distribution of images ensures a balanced split for training (70%), 
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validation (20%), and testing (10%) purposes. On average, each image has 0.3 

annotations, leading to a total of 2032 annotations. 

This dataset, was further trained on the three versions of YOLO (You Only Look 

Once) object detection model: YOLOv5, YOLOv7, and YOLOv8. Each model 

underwent due training to use the pre-processed and augmented dataset to ensure 

consistency and robustness in the training process. 

Training: 

 YOLOv5: firstly, YOLOv5, known for its balance between speed and 

accuracy was trained. 

 YOLOv7: As an improved version YOLOv7 incorporates advanced 

techniques to enhance detection accuracy and speed. 

 YOLOv8: The Dataset was trained using the latest iteration YOLOv8, to 

leverage on latest advancements. 

5.4 Evaluation Metrics 

To assess the performance of our model using the created dataset, we computed 

Precision, Recall, and Average Precision (AP). These metrics help in evaluating the 

classification accuracy, detection ability, and overall effectiveness of the model. The 

following formulas were used to calculate these metrics: 

Precision (P) 

Precision measures the accuracy of the classification by determining the ratio of 

correctly identified positive instances to the total number of positive instances 

identified. It indicates how many of the identified instances are actually relevant. The 

formula for Precision is: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒) 

Recall (R) 

Recall measures the ability of the model to correctly identify all relevant instances 

within the dataset. It is the ratio of correctly identified positive instances to the total 

number of actual positive instances. The formula for Recall is: 

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒) 
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F1-Score 

The F1-Score provides a balance between Precision and Recall by considering both 

metrics in its calculation. It is the harmonic mean of Precision and Recall, making it a 

more accurate measure than accuracy alone, especially in cases of imbalanced 

datasets. The formula for the F1-Score is: 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = (𝑅𝑒𝑐𝑎𝑙𝑙−1 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛−12 )−1    
where: 

- True Positives (TP) are positive samples classified correctly. 

- False Positives (FP) are negative samples classified incorrectly. 

- False Negatives (FN) are positive samples classified incorrectly. 

Average Precision (AP) and Mean Average Precision (MAP) 

Average Precision (AP) provides the precision of the model across different recall 

values. It is a weighted mean of precisions achieved at each threshold, with the 

increase in recall from the previous threshold used as the weight. Mean Average 

Precision (MAP) is the average of the AP values for each class, providing a single 

performance measure for object detection models. 

Frames Per Second (FPS) 

Frames Per Second (FPS) is a crucial speed performance metric that indicates the 

number of images the model can process per second. Higher FPS values are desirable 

as they reflect the model's efficiency and speed in real-time applications. 

To evaluate the performance of our model, we computed several key metrics: 

Precision (P), Recall (R), F1-Score, Average Precision (AP), Mean Average Precision 

(MAP), and Frames Per Second (FPS). Precision measures the accuracy of positive 

predictions, while Recall assesses the model's ability to identify all positive instances. 

The F1-Score provides a balanced measure between Precision and Recall. AP 

evaluates the precision across different recall thresholds, and MAP summarizes this 

performance across all classes. FPS indicates the model's processing speed in images 

per second. Together, these metrics offer a comprehensive assessment of the model's 

accuracy, detection capability, and efficiency. 
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Our dataset was trained on YOLOv5 object detection model and the results of 

summary of performance metrics is shown below in the Table 6.1. As mentioned in 

previous chapter, our final dataset contains 1550 images. 

6.1 YOLOv5 RESULTS 

Table 6.1 : Result of YOLOv5 object detection model 

CLASS IMAGES LABELS P R MAP@0.

5 

MAP@0.5:0.

95 

all 310 480 0.37 0.246 0.0803 0.0407 

Axe 310 29 1 0 0.0261 0.012 

BillGates 310 32 0.107 0.469 0.113 0.0531 

Bottle 310 179 0.0359 0.00559 0.0124 0.00273 

ElonMusk 310 20 0.0708 0.7 0.192 0.118 

Hammer 310 26 1 0 0.00839 0.00252 

Handgun 310 40 0.132 0.05 0.0252 0.00768 

Knife 310 54 1 0 0.0191 0.0043 

LeonardoCaprio 310 29 0.116 0.724 0.167 0.0938 

MarilynMonroe 310 29 0.0296 0.0345 0.0424 0.016 

WillSmith 310 42 0.21 0.476 0.198 0.0968 
 

Class Interpretations: 

1. Axe: 

The results of the "Axe" class shows perfect precision (P = 1.0) is achieved 

alongside zero recall (R = 0.0), which highlights the critical insights of 

model's behaviour and its inferences for practical applications. 

A precision of 1.0 indicates that when the model predicts the presence of an 

"Axe" in an image, it is always right. This high value of precision implies a 

complete absence of false positive predictions for Axe class, suggesting that 

when the model identifies an "Axe," it is definitely present in the image. 

However, this remote study of precision alone does not provide a complete 

understanding of the model's efficacy. 

Recall measures the capability of the model to detect all actual cases of a class 

within the dataset. Here, recall of 0.0 shows that the model fails to identify any 

about:blank
about:blank
about:blank
about:blank
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true instances of "Axe" present in the images. This shortfall in recall implies a 

serious restraint in the model's ability to broadly separate and detects "Axe" 

objects, which results in a high number of false negatives instances of "Axe" 

that are not detected by the model. 

Here, precision of 1.0 with 0 recall shows a disparity in the performance of the 

model. It can correctly detect images that do contain axes but it supervises 

every true instance of an "Axe" present in the dataset which highlights a 

crucial trade-off between accuracy and recall that needs to be addressed for the 

model to be almost viable. 

2. BillGates: 

The precision (P) is 0.107 and a recall (R) is 0.469 for "BillGates" class. It 

indicates that the model predicts "BillGates” class correctly only about 10.7% 

of the time. 

So, there is a high rate of false positive calculations where the model 

incorrectly detects some objects or person as "BillGates." This aspect of the 

model's performance presents challenges in terms of accuracy and consistency 

for applications relying on precise object detection. 

The relatively low precision value suggests room for upgrading in the model's 

ability to determine true instances of "BillGates" from other visual elements 

within the dataset. The significance of this is potential imprecisions and 

deceptive results in downstream applications that utilize the model's 

predictions. 

On the other hand, the recall value of 0.469 signifies that the model can detect 

nearly 46.9% of all actual occurrences of Bill Gates present in the images. 

This moderate recall rate indicates a capability to identify a substantial 

proportion of relevant instances of "BillGates," indicating a reasonable level of 

efficacy in capturing instances of this specific individual within the dataset. 

3. Bottle: 

The precision (P) of 0.0359 and a recall (R) of 0.00559 for “Bottle” class 

indicates that the model detects with accuracy of only 3.59%. This low 

precision rate indicates that the predictions made by the model are mostly false 
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positive. The values indicate serious shortfalls in the model’s ability to detect 

and identify the instances of the bottle within the dataset. The precision value 

of 0.0359 and accuracy of 3.59% shows large number of false positive results, 

indicating in practical challenges in the application of the model in the real-

world scenario. Ironically the recall value of 0.00559 for the object of the 

bottle indicates that the model can detect all instances present in the dataset 

with accuracy of 0.559% only. 

In contract with the precision value of 0.0359 and accuracy of 3.59%, 

indicates high chances of false positive results. On the other hand, the recall 

value of 0.00559 “Bottle” class signifies that the model can detect only around 

0.559 % of all accurate instances of bottles present in the dataset. This 

significantly low recall rate indicates the models incompetency to detect the 

bottles accurately sabotages the performance of the model and its usability to 

detect the bottles in real world scenario. 

4. ElonMusk: 

The precision (P) of 0.0708 and a recall (R) of 0.7 for “ElonMusk” class 

indicates that the model detects with accuracy of only 7.08%. This low 

precision rate indicates that the predictions made by the model are mostly false 

positive. The results indicate serious challenges in the model’s ability to detect 

and identify the instances of the bottle with in the dataset.  This precision 

value of 0.0708 indicates high chances of false positive results indicating the 

short falls of the model. 

On the other hand, with the recall value of 0.7 for the class "ElonMusk", the 

model detects around 70% of all true instances within the dataset. This high 

recall value gives 70% accuracy in detecting all instances of “Elon Musk” 

within dataset. This shows the models stronger capability to detect this 

specific individual compared to other classes with lower recall rates. 

This comparison of low precision with high recall for the "ElonMusk" 

indicates certain strength and weakness in the model’s ability to detect this 

specified individual. Model proves a strong ability to capture true instances of 

Elon Musk (high recall) while suffering false positive predictions due to the 
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low precession rate leading to inaccuracies and certain short falls in 

predictions of this class. 

5. Hammer: 

The precision (P) of 1.0 and a recall (R) of 0.0 for “Hammer” class indicates 

models’ strengths and weakness in accurately identifying instances of 

hammers. Giving a precision value of 1.0 the model achieves a prefect 

precision each time it detects hammer. This perfect precision score signifies no 

false positive predictions for hammers, indicating in great confidence in the 

model’s ability to identify this specific object. On the other hand, due to the 

perfect precision we also need to critically examine recall metrics, to assess 

the model’s overall efficiency. 

In contract the recall of 0 signifies that the model misses all instances of 

hammers present in the images, resulting in complete inability to identify this 

object.  Despite achieving perfect precision, the lack of any recall for hammers 

highlights a severe flaw in in the model's detection capability for this very 

class. 

This understanding of precision and recall metrics for the "Hammer" class 

reveals unevenness in the performance of the model. While the model is 

superior in giving perfect precision its inability to detect any true instances of 

hammer with a zero recall questions the model’s practicality and effectiveness 

in real-world applications needing an accurate object detection. 

6. Handgun: 

The precision (P) of 0.132 and a recall (R) of 0.05 for “Handgun” class shows 

that the model successfully detects Handgun 13.2% of the time. This low 

precision rate indicates that the predictions made by the model are mostly false 

positive. They do not match the actual handgun in the image. The model 

frequently misclassifies other objects as handguns, leading to potential 

inaccuracies and inadequacies in applications dependency on these 

predictions. 

On the other hand, the recall value for “Handgun” is 0.05 resulting in only 5% 

detection of all true instances. This extremely low recall rate indicates that the 
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model misses a huge number of actual handguns present in the images. This 

inability of the model to capture most actual instances of handguns shows a 

critical limitation in its competence to detect object efficiently. 

The blend of low precision and very low recall suggests that the model 

struggles both in precisely identifying true instances of handguns and in 

generously capturing and recognizing this object class within the dataset. The 

models reveal specific challenges and shortcomings of the model in detecting 

handguns precisely to the values of precision and recall metrics. 

7. Knife: 

The precision (P) of 1.0 and a recall (R) of 0.0 for “Knife” class indicates 

models’ strengths and weakness in accurately identifying instances of Knife. 

Giving a precision value of 1.0 the model achieves a prefect precision each 

time it detects Knife. This perfect precision score signifies no false positive 

predictions for Knife, indicating in great confidence in the model’s ability to 

identify this specific object. On the other hand, due to the perfect precision we 

also need to critically examine recall metrics, to assess the model’s overall 

efficiency. 

In contract the recall of 0 signifies that the model misses all instances of Knife 

present in the images, resulting in complete inability to identify this object.  

Despite achieving perfect precision, the lack of any recall for Knife highlights 

a severe flaw in in the model's detection capability for this very class. 

This understanding of precision and recall metrics for the " Knife " class 

reveals unevenness in the performance of the model. While the model excels 

in giving perfect precision), its inability to detect any true instances of Knife 

(zero recall) raises significant questions in its practical utility and effectiveness 

in real-world applications needing an accurate object detection. 

8. LeonardoCaprio: 

The precision (P) of 0.116 and a recall (R) of 0.724 for “LeonardoCaprio” 

class indicates that the model successfully detects this class object 72.4% of 

the time. This low precision rate indicates that the predictions made by the 

model are mostly false positive. They do not match the actual Leonardo 
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DiCaprio in the image. Many of the instances that the model identifies as 

Leonardo DiCaprio are incorrect, which suggests that the model is not very 

sharp in its detection of this particular class. This high recall suggests that the 

model is quite active in capturing most of the real incidences of Leonardo 

DiCaprio, preventing it from not missing many true instances. However, while 

the model is good at finding instances of Leonardo DiCaprio, it also includes a 

lot of improper findings. The high recall paired with low precision suggests 

that the model prioritizes identifying as many true instances as possible, even 

if it means accepting a good number of false positives. 

9. Marilyn Monroe : 

The precision of 0.0296 for the "MarilynMonroe" class suggests that the 

model's predictions for Marilyn Monroe highly inaccurate supporting it with a 

very high rate of false positive predictions. The results indicate that only 

2.96% of the instances are correctly identified. There is a significant drawback 

in the model's ability to precisely differentiate Marilyn Monroe from other 

objects or people in the dataset 

In contrast, the recall of 0.0345 indicates that the model successfully detects 

only a small fraction, specifically 3.45%, of all true instances of Marilyn 

Monroe within the dataset. Having such a low recall rate Indicates that the 

model missies a vast majority of the real occurrences of MarilynMonroe. This 

signifies a serious shortage in the models training and capability to identify 

and classify Marilyn Monroe accurately. 

10. WillSmith : 

The precision (P) of 0.21 and a recall (R) of 0.476 for “WillSmith” class 

indicates that the model successfully detects this class object 21% of the time. 

This indicates a moderate rate of false positive predictions. Consequently, the 

model often wrongly identifies other people or objects for Will Smith, 

showing its limited accuracy in differentiating. 

In contract to the precision, the recall of 0.476 indicates that the model 

successfully detects approximately 47.6% of all true instances of Will Smith 

within the dataset. This shows a moderate recall indicating that the model has 
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brief ability to recognize and identify “WillSmith” even though it fails to 

detect more than half of the real instances present in the dataset. Therefore, the 

model displays a partial ability to detect Will Smith, but ironically its overall 

performance is tampered both the significant rate of false positives and its 

inability to dependably detect true instances, indicating a strong need in its 

training and accuracy. 

Overall Interpretation: 

The overall assessment of an object detection model indicates significant challenges 

across various classes, showing a gap in precision and recall metrics underlining the 

requirement of considerable improvements in performance. The model displays 

commendable precision (1.0) for specific classes such as "Axe," "Hammer," and 

"Knife," with complete absence of false positive results. On the contrary this precision 

comes at a cost of zero recall, indicating a critical failure to detect any real instance of 

these classes. This result is alarming as it signifies that the model is confident in its 

detection, however it misses the real presence of these objects in the images, 

highlighting a fundamental error in its ability to detect these objects. 

On the other hand, for the classes like "BillGates," "ElonMusk," and "WillSmith," the 

model’s precision remain low leading to a significant number of false positive results. 

This variable inconsistency in precision highlights the hurdles faced by the model, 

resulting in misclassifications that can impact the applications reliable on accurate 

object detection. Besides, recall rates across all classes are usually poor, 

representative that the model scuffles to detect an important portion of accurate 

instances for most classes, further showing shortages in its ability to largely capture 

the objects of interest within images. 

The Mean Average Precision (MAP) scores, particularly at IoU (Intersection over 

Union) thresholds of 0.5 (0.0407) and across thresholds from 0.5 to 0.95 (0.012), 

further reinforce the overall poor performance of the model in object detection tasks. 

The low MAP values suggest that the model's capability to accurately localize and 

detect objects across various classes is inadequate, especially under more stringent 

IoU thresholds, which are crucial for ensuring precise localization of objects within 

images. 
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The results of the YOLOv5 object detection are displayed in figure 6.1. The results 

show that the YOLOv5 model gives false positive results with a lower accuracy. From 

the image below, we can clearly see that the model wrongly detected Bill Gates and 

Leonardo DiCaprio as Elon Musk. The model also failed to identify other objects such 

as Knife, gun and hammer. 

 

Fig. 6.1 : Result of YOLOv5 model on Image 

  



 

 
CHAPTER-VI                    RESULTS AND DISCUSSION 

FACULTY OF COMPUTER SCIENCE                      Page 72 

 

 

6.2 YOLOv7 RESULTS 

Table 6.2 : Result of YOLOv7 object detection model 

CLASS IMAGES LABELS P R MAP@0.5 MAP@0.5:0.95 

all 310 480 0.435 0.474 0.432 0.238 

Axe 310 29 0.307 0.0345 0.175 0.0769 

BillGates 310 32 0.357 0.831 0.576 0.319 

Bottle 310 179 0.463 0.145 0.144 0.0503 

ElonMusk 310 20 0.287 0.95 0.712 0.425 

Hammer 310 26 0.287 0.269 0.158 0.0637 

Handgun 310 40 0.461 0.342 0.325 0.121 

Knife 310 54 0.456 0.296 0.296 0.152 

LeonardoCaprio 310 29 0.367 0.724 0.523 0.357 

MarilynMonroe 310 29 0.75 0.722 0.826 0.442 

WillSmith 310 42 0.62 0.429 0.588 0.371 

The results of summary of YOLOv7 model's performance across different classes is 

displayed in Table 6.2. It reveals insights into its efficiency in detecting specific 

objects within the dataset. Analyzing the precision, recall, and Mean Average 

Precision (MAP) scores for each class provides an inclusive understanding of the 

model's strengths and weaknesses. 

Class-Specific Interpretation: 

1. Axe: 

The performance of YOLOv7 model in detecting the object “Axe” was below 

average due to a low precision rate of 0.307, indicating successful detection of 

this class object 30.7%. of the time. Such a low precision indicates a 

significantly high rate of false positive predictions, where the model falsely 

identifies other objects as axes as well. 

On the other hand, the recall for axes is significantly low at 0.0345, indicating 

that the model only captures 3.45% of all true instances of the object of axes 

within the dataset. The model certainly misses vast majority of real axes 

present in the dataset.  This proves incompetency of the model to effectively 
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detect axes, compromising its usefulness in tasks requiring precise 

identification of this object class. 

Overall, the YOLOv7 model's performance comprises of high rate of false 

positive predictions and inability to detect all true instances of the object 

“axe”. Suggesting a substantial limitation and need for targeted improvements 

in the data quality, model architecture and training strategies to enhance 

precision and reliability in detecting “axe” objects class. 

2. Bill Gates: 

The YOLOv7 model displays a balanced performance in detecting instances of 

Bill Gates with a moderate precision score of 0.357 and successfully detects 

the images of Bill Gates 35.7% of the time.  This precision value suggests in 

some false positive predictions with reasonable accuracy in detecting all true 

instances of Bill Gates. 

The model shows a high recall rate of 0.831 for Bill Gates. This recall value 

indicates that the model successfully detects 83.1% of all instances of Bill 

Gates with in the dataset. This high recall shows that the model is competent 

to detect all majority of real instances of Bill gates, with a low false negative 

detection. 

Overall, the YOLOv7 model's performance for Bill Gates shows efficiency of 

the model to detect the object. The moderate precision score indicates some 

presence of false positives. In contract to the high recall rate indicating the 

accuracy and efficiency of the model to detect bill gates, making this suitable 

for practical application of the model in real world. 

3. Bottle: 

The YOLOv7 model demonstrates a mixed performance in detecting instances 

of bottles with a high precision score of 0.463 and successfully detects the 

images of this class object 46.3% of the time. This indicates a low rate of false 

positives for the class bottle. 

The model has a low recall rate of 0.145 indicating that the model only 

captures 14.5% of all true instances. On the other hand, the model misses a 
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significant proportion of real bottle instances, leading to incomplete 

identification. 

The high precision score indicates that the predictions of the model are 

accurate, with a low rate of false positives. However, the low recall rate 

indicates that the model misses a considerable number of instances. 

However, the YOLOv7 model demonstrates both accuracy and efficacy in 

detecting the bottles with a high precision rate. In contract its performance is 

limited due to a low recall rate. Improvements in the model’s recall to detect 

the object would enhance the efficacy in detecting this object class, ensuring 

reliability of the model in real world application. 

4. ElonMusk: 

The YOLOv7 model's performance in detecting instances of Elon Musk gives 

mixed results with a precision score of 0.287 and successfully detects the 

images of this class object 28.7% of the time, indicating a high rate of false 

positive predictions. The model incorrectly detects Elon Musk. 

Although the model has low precision rate it displays a high recall score of 

0.95 for Elon Musk, indicating that the model successfully detects 95% of all 

true instances of Elon Musk. The high recall suggests the efficacy of the 

model in detecting all instances of Elon Musk. This high recall rate signifies 

model’s ability to detect Elon Musk. However, the low precision indicates a 

significant number of false positives leading to inaccuracies and inadequacies 

in real world application to detect Elon Musk. 

Overall the YOLOv7 model demonstrates strong efficacy to detect Elon Musk 

due to a high recall rate on the other hand its performance is limited by low 

precision rate. The model needs improvement in reducing false positive 

predictions. Enhancement in precision would increase the model’s accuracy 

and reliability in identifying Elon Musk, making it more able for practical 

usage in real world scenarios. 
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5. Hammer: 

The YOLOv7 model's performance shows a balance between precision and 

recall to detect hammer. The precision score is 0.287 which indicates this 

model successfully detects the images of this class object 28.7% of the time, 

suggesting a moderate false positive rate for this class, some instances are 

wrongly identified as hammers. 

The low recall score for hammers which is 0.269 indicates that it detects with 

an efficacy of only 26.9% of hammer within the dataset. This low recall 

suggest that the model misses a large number of real images of hammer. 

Indicating incomplete detection. 

However, in spite of balanced performance of the model to detect hammer, it 

struggles to correctly identify and detect instances of this class. While 

achieving a moderate precision the model tries hard to minimize false positive 

predictions. Even though the low recall highlights the model’s capability to 

recognize and detect hammers within images. 

The YOLOv7 model's performance for hammers highlights challenges in 

efficient object detection. The model shows that the precision-recall, data 

quality, model design and optimization strategies is vital to improve overall 

models’ efficacy in detecting hammers and other objects in diverse image 

datasets. 

6. Handgun: 

The YOLOv7 model's performance for the class “Handguns” gives a precision 

score of 0.461 which indicates that this model successfully detects the images 

of this class object 46.1% of the time. This data indicates a moderate rate of 

false positives. On the other hand, the low recall score of 0.342 suggests that 

the model detects only 34.2% of all true instances of handguns. This indicates 

that the model misses a Significant portion of handguns. This indicates 

incomplete detection. 

Although the model shows a balanced performance to detect handguns it still 

struggles to precisely identify the instances of this class. While achieving a 

moderate precision the model shows great effort to minimize false positives. 
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On the contrary a low recall rate highlights the model’s capability to recognize 

and detect handguns. 

The YOLOv7 model's performance for Handguns encounters difficulty in 

efficient object detection. The model shows that the precision-recall, data 

quality, model design and optimization strategies is essential to improve 

overall models’ efficacy in detecting Handguns and other objects in diverse 

image datasets. 

7. Knife: 

The YOLOv7 model's performance for the class “Knife” gives a precision 

score of 0.456 which indicates that this model successfully detects the images 

of this class object 45.6% of the time. This data indicates a moderate rate of 

false positives. On the other hand, the low recall score of 0.296 suggests that 

the model detects only 29.6% of all true instances of knives. This indicates 

that the model misses a Significant portion of Knife. This indicates incomplete 

detection. 

However, in spite of balanced performance of the model to detect Knife, it 

struggles to correctly identify and detect instances of this class. While 

achieving a moderate precision the model tries hard to minimize false positive 

predictions. Even though the low recall highlights the model’s capability to 

recognize and detect Knife within images. 

The YOLOv7 model's performance for Knife highlights challenges in efficient 

object detection. The model shows that the precision-recall, data quality, 

model design and optimization strategies is vital to improve overall models’ 

efficacy in detecting Knife and other objects in diverse image datasets. 

8. LeonardoCaprio: 

The YOLOv7 model's performance concerning the "LeonardoCaprio" class 

displays the precision score as 0.367 which indicates that this model 

successfully detects the images of this class object 36.7% of the time.  This 

indicates a moderate rate of false positive predictions where "LeonardoCaprio" 

is correctly detected. 
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On the other hand, the recall score for Leonardo DiCaprio is 0.724 which 

indicates that this model successfully detects the images of this class object 

72.4% of the time, for all true instances of dataset. This high recall value 

indicates the efficacy of the model to identify instances of Leonardo DiCaprio. 

This moderate precision and high recall performance indicate minimal false 

positives.  Overall the YOLOv7 model's performance for Leonardo DiCaprio 

effectively detects specific individuals within Image dataset. By achieving a 

certain balance, we see the model has achieved certain efficacy in detection of 

the tasks. 

9. MarilynMonroe : 

In detection of the class "MarilynMonroe" using the YOLOv7 model indicates 

that the precision score is at 0.75, which indicates that this model successfully 

detects the images of this class object 75% of the time. Suggesting a low false 

positive rate where the Marilyn Monroe is identified incorrectly. 

On the other hand, the recall rate of Marilyn Monroe is rather impressive 

standing at 0.722. This high recall rate suggests that the model has high 

efficacy rate in detecting all true instances of Marilyn Monroe. This 

combination of the precision with impressive recall indicates the efficacy and 

competency of the YOLOv7 model. The high precision gives high accuracy 

and the minimizes the rate of false positives.  The YOLOv7 model shows high 

accuracy in detecting all instances of Marylin Monroe contributing in overall 

proficiency in object detection within the dataset. 

10. WillSmith: 

The YOLOv7 model's performance for the class “WillSmith” gives a precision 

score of 0.62. This data indicates a moderate rate of false positives. On the 

other hand, the low recall score of 0.429 suggests that the model detects only 

42.9% of all true instances of WillSmith. This indicates that the model misses 

a Significant portion of WillSmith. This indicates incomplete detection. 

However, in spite of moderate precision of the model to detect WillSmith, it 

struggles to correctly identify and detect instances of this class. While 

achieving a moderate precision the model tries hard to minimize false positive 
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predictions. Even though the low recall highlights the model’s capability to 

recognize and detect WillSmith within images. 

The model suggests a room for improvement in recall, while achieving a fairly 

high precision is necessary, a higher recall would confirm more inclusive 

detection of Will Smith instances within the dataset. 

The YOLOv7 model's performance for Will Smith highlights its ability to 

detect individuals with moderate precisions but also indicates limitations in its 

ability to inclusively capture all instances of this class.  By improving the 

model’s recall, we can work on improving the overall performances and 

efficacy of the model. 

Overall Interpretation: 

The results show that the YOLOv7 model shows a mixed performance across all 

classes some showing strong precision and recall, while others showing weak 

performance and limitation. Classes like “MarilynMonre” and “BillGates” display 

high precision and recall. Signifying accurate detection of all occurrences with in the 

dataset. The classes like “Axe” and bottle” displays weak performance displaying 

lower precision and recall. Signifying incorrect detection of all occurrences with in 

the dataset. 

The mean average precision (MAP) values at IoU thresholds of 0.5 and across 

thresholds from 0.5 to 0.95 ranging from 0.0407 to 0.012 shows weaker performance 

moreover in rigorous IoU. These low MAP values highlight the model's restrictions in 

accurately localizing and detecting objects across various classes. The MAP score 

highlights the model’s inclusive efficacy in object detection. 

Overall, while the YOLOv7 model exhibits moderate efficiency across diverse 

classes. To improve its overall performance, targeted improvements in areas such as 

data quality, model architecture, and training strategies are vital.  By addressing these 

factors and iteratively refining model, its efficacy, accuracy and reliability in object 

detection can be greatly enhanced, leading to more effective real-world usability. 

The results of the YOLOv7 object detection are displayed in figure 6.2. The model 

has comparatively performed better than YOLOv5. It is able to detect Bill Gates but 

has poor accuracy with false positive results. It is able to detect Handgun, Knife and 
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other objects but still it is not sufficient enough for our research because of low 

accuracy. 

 

Fig. 6.2 : Result of YOLOv7 model on Image 

6.3 YOLOv8 RESULTS 

The table 6.3 summarizes the performance metrics of the YOLOv8 object detection 

model across different classes and overall, for our dataset. 

Table 6.3 : Result of YOLOV8 object detection model 

CLASS IMAG

ES 

LABELS P R MAP@0.5 MAP@0.5:0.95 

all 310 480 0.829 0.75 0.8 0.596 

Axe 310 29 0.622 0.586 0.568 0.451 
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CLASS IMAG

ES 

LABELS P R MAP@0.5 MAP@0.5:0.95 

BillGates 310 32 0.951 1 0.992 0.61 

Bottle 310 179 0.731 0.257 0.379 0.234 

ElonMusk 310 20 0.861 1 0.99 0.696 

Hammer 310 26 0.71 0.538 0.626 0.548 

Handgun 310 40 0.901 0.683 0.804 0.613 

Knife 310 54 0.586 0.629 0.674 0.56 

LeonardoCaprio 310 29 1 0.94 0.992 0.783 

MarilynMonroe 310 29 0.979 0.966 0.993 0.698 

WillSmith 310 42 0.952 0.905 0.98 0.765 
 

Class-Specific Interpretation: 

1. Axe: 

There is significant improvement in YOLOv8 with a precision value of 0.622. 

The model predicts all instances of the axe correctly with a significant 

reduction in false positive predictions as compared to the previous versions of 

YOLO. This indicates higher rate of accuracy in detecting axe objects. 

The recall value of 0.586 increases the efficacy of the model to detect 

accurately 58.6% of all true instances of axes within the dataset.  There is still 

some possibility for improvement in order to achieve a higher recall rate. The 

model indicates a significant transformation in enhanced recall and successful 

object detection. The Mean Average Precision (MAP) scores at IoU thresholds 

of 0.5 (0.568) and across thresholds from 0.5 to 0.95 (0.451) indicates 

enhanced performance for the "Axe" class making the model reliable in 

detecting axe across various images. 

Overall, the YOLOv8 model's improved precision and recall metrics for the 

"Axe" class suggest higher accuracy and with minimal false positive 

predictions. YOLOv8 gives improved detection coverage compared to 

previous versions. More optimization and fine-tuning could possibly lead to 

higher efficacy, but the current results indicate significant development in 

object detection for this class. 
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2. BillGates: 

Having a precision value of 0.951 this YOLOv8 model shows extra ordinary 

development. There is extraordinary development in YOLOv8 with the model 

predicts all occurrences of the Bill Gates correctly with a minimal false 

positive prediction as compared to the previous versions of YOLO. This 

indicates notable accuracy in detecting Bill Gates in images correctly. 

The perfect recall of 1.0 indicates that model detects all instances correctly 

without missing on any true positives. This highlights the model's efficacy to 

detect Bill Gates across the dataset. 

The Mean Average Precision (MAP) scores highlights the model's significant 

performance. With a MAP of 0.992 at IoU threshold 0.5 and 0.61 across 

thresholds from 0.5 to 0.95, the model achieves near-perfect identification. 

This model stands superior with astonishing precision and recall metrics for 

the "BillGates" class as compared to previous versions. The model highlights 

accuracy and dependability in detecting Bill Gates without losing precision 

and recall. This makes a treasured tool for the real-world people detection 

applications. 

3. Bottle: 

The YOLOv8 model detects bottle with a moderate precision and low recall 

with a precision value of 0.731 and successful identification 73.1% of the 

time. The results indicate some false positive and scope of improvement. 

The recall value is 0.257, this low recall rate indicates that the model fails to 

detect many instances of the bottle, resulting in incomplete detection. 

The MAP is 0.379 and MAP 0.5 to 0.95is 0.234 which indicates poor efficacy. 

This displays the incompetency of the model to accurately detect bottles in 

images. Overall the YOLOv8 model displays decent precision for the "Bottle" 

class. However, the low recall suggests major challenges in effectively 

detecting the bottles. 

Addressing factors such as data quality, model architecture, and training 

strategies could help improve the model's performance and enhance its ability 

to accurately identify bottles in diverse image datasets. 
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4. ElonMusk: 

The YOLOv8 model performs exceptionally in identifying instances of Elon 

Musk in images as it achieves a high precision of 0.861 for the "ElonMusk" 

class with the successful identification 86.1% of the time, suggestive off rare 

false positives.  The model also displays a perfect recall of 1.0 signifying 

successful detection of all true instances of ElonMusk Class. It often does not 

miss on the ElonMusk Image detection with a MAP of 0.99 at IoU threshold 

0.5 and 0.696 across thresholds from 0.5 to 0.95. 

The high level of performance of YOLOv8 model efficacy in precisely 

detecting people and it’s recall for the "ElonMusk" class, indicates its strength 

and dependability in identifying all instances of Elon Musk within varied 

image datasets. This is vital for various applications. 

5. Hammer: 

The YOLOv8 model shows dependability to detect all instances of hammer 

class with precision of 0.71. The model correctly detects approximately 71% 

of the time to achieve a precision of 0.71 for the "Hammer" class, indicating 

that when it predicts the presence of a hammer in an image, it is correct. The 

precision indicates low failure rate with reliability in correctly recognizing this 

class However, the recall is 0.538, which shows that the model only identifies 

approximately 53.8% of all true instances of this class. This comparatively 

low recall rate shows that the model fails to identify hammers in a large 

number of actual instances which leads to incomplete detection. 

The MAP scores of 0.626 at IoU threshold 0.5 and 0.548 across thresholds 

from 0.5 to 0.95, the model shows moderate accuracy. 

This model’s high precision and a low recall rate for hammers, indicates scope 

of improvement. Enhancements in data quality, model architecture, and 

training strategies may help in improving the model's performance for the 

"Hammer" class. 

6. Handgun: 

The yolov8 model shows proficient object detection for the class Handguns, 

with a Precision score of 0.901 and successful identification 90.1% of the 
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time. This high precision score indicates high proficiency and minimal false 

positive predictions. 

The moderate recall score 0.683 suggest that the model successfully identifies 

approximately 68.3% of all actual instances of handguns indicating that the 

model may miss some objects. However, it demonstrates tremendous ability to 

detect Handguns across dataset. 

The high MAP score 0.804, validates this model's efficacy and accuracy in 

identifying handguns. The MAP score and precision-recall balance, showcases 

the model’s reliability and consistency. The satisfactory recall rate highlights 

minimal false positives. 

7. Knife: 

The precision score of 0.586 is improved compared to earlier versions, which 

indicates that it correctly identifies knife 58.6% of the time. This suggest that 

the model is more efficient in minimizing false positive predictions. 

The Recall score of 0.629 indicates that the model successfully detects 62.9% 

of all true instances. This high recall signifies the high sensitivity of the model 

to detect knifes while missing few true positives. 

The moderate MAP score 0.674, validates this model's efficacy and accuracy 

in identifying knifes. The MAP score and precision-recall balance, showcases 

the model’s reliability and consistency. The high recall rate highlights minimal 

false positives. 

8. LeonardoCaprio: 

The YOLOv8 model achieves a flawless precision score of 1.0 for detecting 

the Leonardo DiCaprio class object. This model does not miss any instance of 

Leonardo DiCaprio.  The model has no false positives which makes it 

extremely precise and consistent. 

The model’s high sensitivity is achieved with a recall score of 0.94. The model 

misses minimum instances while detecting 94% images of Leonardo DiCaprio 

correctly. 
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The excellent MAP score 0.992, and outstanding precision-recall, showcases 

the model’s high performance and consistency. The model’s excellent 

performance makes it flawless for real world usage. 

9. MarilynMonroe: 

The YOLOv8 model shows a high Precision score of 0.979 for this class 

MarilynMonroe by identifying it correctly 97.9% of the time. This high 

precision score indicates minimal false positive predictions. 

With a recall score of 0.966, the Marilyn Monroe class item can be identified 

with high accuracy 96.6% of the time. This high recall indicates that the model 

has a high sensitivity to identify Marilyn Monroe with the fewest possible 

missed occurrences. 

The exceptional MAP score 0.993and outstanding precision-recall, makes the 

model perfect for real world usage. 

10. WillSmith: 

The YOLOv8 model shows proficient object detection for the class WillSmith, 

with a Precision score of 0.952 and successful identification 95.2% of the 

time. This high precision score indicates high proficiency and minimal false 

positive predictions. 

The recall score of 0.905 shows a high accuracy of detecting Leonardo 

DiCaprio class object 90.5% of the time. This high recall signifies the high 

sensitivity of the model to detect Leonardo DiCaprio while minimizing the 

number of missed instances. 

The high MAP score 0.98, validates this model's accuracy and reliability in 

identifying Marilyn Monroe. The high MAP score and outstanding precision-

recall, showcases the model’s reliability and consistency. The model’s high 

performance makes it perfect for real world usage. 

Overall Interpretation: 

The overall interpretation of the YOLOv8 model's performance indicates its 

significant developments in object detection accuracy and efficiency compared to 

previous versions. The model demonstrates exceptional precision and recall values 
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across all classes, which indicates that it is able to accurately detect objects in the 

dataset. 

The impressive MAP score further validates the model’s reliability and consistency. 

However, some classes with lower recall values such as Bottle need improvements. 

In conclusion, the YOLOv8 model's remarkable performance metrics, including high 

precision, recall, and MAP scores, highlight its effectiveness in accurately detecting 

and localizing objects of interest. While there are areas for improvement, the model's 

overall advancements signify a promising direction for the future of object detection 

technology. 

The result of YOLOv8 model is displayed on the below image in figure 6.3. This 

image clearly shows that YOLOv8 performance is better than the yolov5 and yolov7. 

It is able to detect the objects correctly with more accuracy compared to previous 

models. 

 

Fig. 6.3 : Result of YOLOv8 model on Image 
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6.4 COMPARATIVE ANALYSIS OF YOLOv5, YOLOv7 AND YOLOv8 

RESULTS 

Here is the comparative analysis of YOLOv5, YOLOv7, and YOLOv8 models trained 

on our custom dataset of 1550 images after pre-processing and augmentation. 

The models are evaluated based on different evaluation metrics: Precision, Recall, F1 

Score, mAP@0.5, and mAP@0.5:0.95. This comparison of 3 different versions of 

YOLO provides valuable insights and helps us take decision in real world scenarios. 

This class specific comparison also brings to light strengths and weaknesses of each 

versions 

The YOLO (You Only Look Once) series have revolutionized object detection in the 

real-world scenario. Each succeeding version is aimed to improve upon previous 

versions. 

Table 6.4 : Comparison of the various YOLO versions 

  YOLOv5 YOLOv7 YOLOv8 

Precision 0.37 0.435 0.829 

Recall 0.246 0.474 0.75 

F1 Score 0.296 0.454 0.788 

mAP@0.5 0.0803 0.432 0.8 

mAP@0.5:.95 0.0407 0.238 0.596 

Completion time((in hours) 2.683 2.803 3.128 

Weight(MB) 173.2 74.9 136.7 

No. of Parameters 86278375 37245102 68133198 

Based on Table 6.4, various metrics, characteristics and performance are compared 

and evaluated of YOLOv5, YOLOv7, and YOLOv8 models. Amongst the three 

versions, YOLOv8 is most advanced with its performance as compared to other 

versions. High Precision and minimal false positives make this version stand out. In 

contrast, YOLOv5 shows worst performance with its low precision scores. YOLOv7 

gives moderate performance which is better than YOLOv5 but not proficient than 

YOLOv8. YOLOv8 demonstrates highest recall, F1 Score making it best model for 

capturing more true positives. This makes the model more dependable. 
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The mAP score of YOLOv8 outperforms both YOLOv5 and YOLOv7 enabling the 

model to detect objects with higher precision at a lower IoU threshold. 

However, YOLOv8 has longest completion time than other versions which is 

indicative of more complex computations. YOLOv7 has the smallest model size 

74.9MB preceding by YOLOv8 i.e. 136.7MB. The largest model size is of 173.2MB 

which is of YOLOv5. 

The YOLOv7 model achieves high efficacy with a more compact model architecture. 

In terms of number of parameters, YOLOv8 falls between the two. 

Overall YOLOv8 outperforms the other two models in terms of all the evaluation 

metrics. 

Table 6.5 : mAP50 Performance of Individual class using YOLOv5, YOLOv7 

and YOLOv8 models. 

CLASS YOLOV5L YOLOV7L YOLOV8L 

all 0.0803 0.432 0.8 

Axe 0.0261 0.175 0.568 

BillGates 0.113 0.576 0.992 

Bottle 0.0124 0.144 0.379 

ElonMusk 0.192 0.712 0.99 

Hammer 0.00839 0.158 0.626 

Handgun 0.0252 0.325 0.804 

Knife 0.0191 0.296 0.674 

LeonardoCaprio 0.167 0.523 0.992 

MarilynMonroe 0.0424 0.826 0.993 

WillSmith 0.198 0.588 0.98 

The Mean Average Precision (mAP) at IoU threshold 0.5 (mAP@0.5) provides a 

complete measure of the accuracy and localization capabilities of the object detection 

model. The mAP@0.5 scores of YOLOv5L, YOLOv7L, and YOLOv8L are 

compared in Table 6.5 to evaluate the performance of each model version. 

The mAP@0.5 score of YOLOv5L suggest that the model faces challenges in 

localizing and detecting objects across classes at specified IoU threshold. However, 
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YOLOv5L gives a higher mAP@0.5 scores for "BillGates" and "MarilynMonroe" 

class, as compared to the other classes, indicative of better performance. 

As compared to YOLOv5L the YOLOv7L shows significant improvements, across all 

classes, with an mAP@0.5 of 0.432.  classes like “BillGates”, “ElonMusk” and 

“MarilynMonroe” exhibit mAP@0.5 scores indicating of enhanced performance. This 

brings to light the development of YOLOv7L’s over YOLOv5L. 

The highest mAP@0.5 score of 0.8 is achieved by YOLOv8L. This signifies 

substantial developments in terms of detection, accuracy and localization as compared 

to the previous versions.  There is a consistent high map score across all classes, 

whereas some classes like "BillGates," "ElonMusk," and "MarilynMonroe" achieve 

exceptional mAP@0.5 scores. This validates the model’s ability to accurately detect 

objects with very few missed instances. 

In terms of mAP@0.5 score each model starting from YOLOv5L shows improvement 

but YOLOv8L outperforms all models across classes. The consistent high mAP@0.5 

scores across various classes in YOLOv8L makes it a robust and preferred choice for 

applications demanding high accuracy. 

Table 6.6 : mAP50-95: Performance of Individual class using YOLOv5, YOLOv7 

and YOLOv8 models. 

CLASS YOLOV5L YOLOV7L YOLOV8L 

all 0.0407 0.238 0.596 

Axe 0.012 0.0769 0.451 

BillGates 0.0531 0.319 0.61 

Bottle 0.00273 0.0503 0.234 

ElonMusk 0.118 0.425 0.696 

Hammer 0.00252 0.0637 0.548 

Handgun 0.00768 0.121 0.613 

Knife 0.0043 0.152 0.56 

LeonardoCaprio 0.0938 0.357 0.783 

MarilynMonroe 0.016 0.442 0.698 

WillSmith 0.0968 0.371 0.765 
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The Mean Average Precision (mAP) at IoU threshold 0.5 to 0.95 (mAP50-95) 

provides a more rigorous evaluation of the object detection model's performance, 

considering a wider range of IoU thresholds. Comparing the mAP50-95 scores of 

YOLOv5L, YOLOv7L, and YOLOv8L in Table no. 6.6 reveals the efficiency of each 

versions in precisely localizing and detecting objects across different classes. 

The lowest mAP50-95 score standing at 0.0407 achieved by YOLOv5L indicates the 

shortfalls of the model in accurately detecting objects with in a wider range of IoU 

thresholds. Despite some instabilities, classes like "BillGates" and "MarilynMonroe" 

exhibit higher mAP50-95 scores compared to others. Indicating relatively better 

performance across multiple IoU. 

The YOLOv7L shows improvement with a mAP50-95 of 0.238 across all classes. 

This indicates better performance in detecting objects across different classes, when 

considering a wider range of IoU. Certain classes like "ElonMusk" and "WillSmith" 

demonstrate high mAP50-95 score, suggesting a superior performance detecting 

certain objects. 

YOLOv8L demonstrates the highest mAP50-95 scores with the value of 0.596, 

signifying major improvements in detecting objects across various classes considering 

a wider range of IoU thresholds. The YOLOv8L with a consistent high mAP50-95, 

indicates major developments. YOLOv8L outperforms object detection with minimal 

missed instances and false positives. 

The comparison of the three models from YOLOv5L to YOLOv8L highlights the 

improvements in comparison of mAP50-95 scores. The substantial developments in 

model architecture and training methodologies, lead to superior detection tasks. 

Table 6.7 : Precision Performance of Individual class using YOLOv5, YOLOv7 

and YOLOv8 models. 

CLASS YOLOV5L YOLOV7L YOLOV8L 

all 0.37 0.435 0.829 

Axe 1 0.307 0.622 

BillGates 0.107 0.357 0.951 

Bottle 0.0359 0.463 0.731 
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CLASS YOLOV5L YOLOV7L YOLOV8L 

ElonMusk 0.0708 0.287 0.861 

Hammer 1 0.287 0.71 

Handgun 0.132 0.461 0.901 

Knife 1 0.456 0.586 

LeonardoCaprio 0.116 0.367 1 

MarilynMonroe 0.0296 0.75 0.979 

WillSmith 0.21 0.62 0.952 

Precision measures the number of true positive predictions among all positive 

predictions made by the model. Comparing the precision values across different 

classes for YOLOv5L, YOLOv7L, and YOLOv8L shown in Table 6.7 provides 

insights into the models' accuracy for each class. 

YOLOv5L demonstrates a precision score of 0.37, indicating that he model predicts 

37% of all instances accurately. In case of certain such as "Axe," "Hammer," "Knife," 

and "LeonardoCaprio" achieve perfect precision scores of 1. This means that the 

YOLOv5L model accurately detects all instances without any false positive. The other 

classes exhibit relatively lower precision values, indicating high amount of false 

positives. 

The precision score for YOLOv7L has seen significant improvement as compared to 

the previous version. The precision score of 0.435 reflects improved accuracy. Certain 

classes such as "Axe," "Hammer," "Handgun," and "Knife" maintain high precision 

scores, indicating minimum false positives. On the other hand classes like 

"BillGates," "Bottle," "ElonMusk," "LeonardoCaprio," "MarilynMonroe," and 

"WillSmith" show significant improvement and higher accuracy, as compared to the 

precision score of YOLOv5L. 

The highest and consistent precision among all predecessors is displayed by 

YOLOv8L with a value 0.829. The values indicate very few false positives and 

enhanced accuracy as compared to both the previous models. Classes like “BillGates," 

"ElonMusk," "LeonardoCaprio," "MarilynMonroe," and "WillSmith" have shown 

significant improvement in performance. 
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In all YOLOv8L out performs YOLOv7L, YOLOv5L in terms of precision. The 

consistent improvement in values high light the reliability and effectiveness in 

accurate predictions making it preferred model for object detection. 

Table 6.8 : Recall Performance of Individual class using YOLOv5, YOLOv7 and 

YOLOv8 models. 

CLASS YOLOV5L YOLOV7L YOLOV8L 

all 0.246 0.474 0.75 

Axe 0 0.0345 0.586 

BillGates 0.469 0.831 1 

Bottle 0.00559 0.145 0.257 

ElonMusk 0.7 0.95 1 

Hammer 0 0.269 0.538 

Handgun 0.05 0.342 0.683 

Knife 0 0.296 0.629 

LeonardoCaprio 0.724 0.724 0.94 

MarilynMonroe 0.0345 0.722 0.966 

WillSmith 0.476 0.429 0.905 

Recall measures the proportion of true positive instances that the model correctly 

identifies among all actual positive instances in the dataset. 

From Table 6.8 we can understand that, YOLOv5L has an overall recall of 0.246, 

giving it an accuracy of 24.6%. This model shows differed recall values across 

different classes. Certain classes like "BillGates," "ElonMusk," and "MarilynMonroe" 

achieve relatively high recall values. The high recall value is directly propionate to the 

efficiency and true positive instances. However, indicating the model effectively 

captures most true positive instances for these classes. On the other hand, classes such 

as "Axe," "Hammer," "Handgun," and "Knife" exhibit very low or zero recall values. 

YOLOv5L misses a significant portion of positive instances for these categories. 

In Table 6.8, YOLOv7L shows advancement in overall recall compared to the 

previous version, with a value of 0.474, indicating better performance in detecting 

true positive instances. Certain classes like “BillGates," "ElonMusk," 

"MarilynMonroe," and "WillSmith" achieve relatively high recall values and showing 
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true positive instance. Also, the remainder of the classes showed significant 

improvement. 

The highest recall is seen with the YOLOv8L with a value of 0.75, indicating superior 

performance detecting all true positive instances across all classes as shown in Table 

6.8. This version gives a higher recall value consistently as compared to the previous 

versions. The classes like "BillGates," "ElonMusk," "MarilynMonroe," and 

"WillSmith" show enhanced ability of the model to capture most true positive 

instances. 

YOLOv8L out performs the previous versions in terms of precision and object 

detection. While the YOLOv7L shows improvements in recall compared to the other 

two, YOLOv8L still make it the most a advanced and accurate for object detection. 

Table 6.9 : F1 Score Performance of Individual class using YOLOv5, YOLOv7 

and YOLOv8 models. 

CLASS YOLOV5L YOLOV7L YOLOV8L 

all 0.2955 0.4537 0.7875 

Axe 0.0000 0.0620 0.6035 

BillGates 0.1742 0.4994 0.9749 

Bottle 0.0097 0.2208 0.3803 

ElonMusk 0.1286 0.4408 0.9253 

Hammer 0.0000 0.2777 0.6121 

Handgun 0.0725 0.3927 0.7770 

Knife 0.0000 0.3590 0.6067 

LeonardoCaprio 0.2000 0.4871 0.9691 

MarilynMonroe 0.0319 0.7357 0.9725 

WillSmith 0.2914 0.5071 0.9279 

The F1 score combines both precision and recall into a single value, providing a 

balanced insight of a model's performance. 

YOLOv5L achieves an overall F1 score of 0.2955, indicates a moderate balance 

between precision and recall. The model displays varied F1 score for different classes.  

The classes like "Axe," "Bottle," "Hammer," "Knife," and "LeonardoCaprio" exhibit 
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zero or significantly low F1 scores as shown in Table 6.9. This indicates limitation in 

the ability of the model to maintain a balance between recall and precision. 

When it comes to YOLOv7L we see an overall improvement in the F1 score in Table 

6.9, with a value of 0.4537, highlighting an enhanced performance in maintaining a 

balance between precision and recall. Just as YOLOv5L, certain classes like 

"BillGates" and "WillSmith" achieve improved F1 scores. On the other hand, classes 

such as "Axe," "Bottle," "Hammer," "Handgun," "Knife," "LeonardoCaprio," and 

"MarilynMonroe" display improved F1 scores. 

Coming to the latest YOLOv8L we witness highest overall F1 score as compared to 

all previous versions. The value of 0.7875 indicates superior performance of the 

model in balancing precision and recall.  YOLOv8L consistently achieves higher F1 

scores across classes. Remarkably, classes such as "BillGates," "ElonMusk," 

"MarilynMonroe," and "WillSmith" show substantial improvements in F1 scores 

compared to previous versions as shown in Table 6.9. 

The consistent development in improvements in F1 scores across various classes for 

YOLOv8L emphasize its dependability and effectiveness in achieving a balanced 

combination of precision and recall. Making this the most dependable and advanced 

model for accurate object detection tasks. 

Precision Confidence Curve 

A Precision-Confidence Curve is a graphical representation showing relationship 

amongst precision of the model's predictions and confidence scores. 

 Precision: Precision measures the proportion of true positive detections (correctly 

identified objects) out of all positive detections (both true positives and false 

positives). 

 Confidence Score: This is the score assigned by the model to indicate the 

likelihood that a predicted bounding box contains an object of interest. Higher 

confidence scores indicate greater certainty in the prediction. 

Precision Confidence Curve of Yolov5, Yolov7 and Yolov8 is shown in figure 

6.4,6.5, and 6.6 respectively 
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Fig. 6.4 : Precision -Confidence Curve of YOLOv5 

 

 

Fig. 6.5 : Precision -Confidence Curve of YOLOv7 
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Fig. 6.6 : Precision -Confidence Curve of  YOLOv8 

When analyzing the precision-confidence curves for YOLOv8, YOLOv7, and 

YOLOv5, considering that all models achieve a precision of 1.00 at different 

confidence thresholds, the interpretation is as follows: 

Precision-Confidence Curve Overview 

1. Precision: 

 Precision measures the accuracy of positive predictions made by the 

model (i.e., the proportion of true positives among all positive 

predictions). 

 A precision of 1.00 means there are no false positives within the 

predictions classified as positive above a certain confidence threshold. 

2. Confidence Threshold: 

 The confidence threshold is the minimum score at which the model 

considers a prediction to be positive. 

 Higher confidence thresholds mean the model is more selective about 

which predictions it classifies as positive. 
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YOLOv8, YOLOv7, and YOLOv5 Precision-Confidence Analysis 

YOLOv8 achieves perfect precision (1.00) at a notably high confidence threshold of 

0.969 indicating a confident model ensuring minimum false positive above this 

threshold as shown in Figure 6.6. 

Figure 6.5 shows that the YOLOv7 achieves a perfect precision (1.00) with a slightly 

lower confidence score. Despite lower threshold YOLOv7 maintains high accuracy 

for positive predictions. 

Figure 6.4 displays that the YOLOv5 with a lower confidence threshold of 0.516 with 

a precision (1.00). The YOLOv5 demonstrates significantly higher tolerance for 

positive detections while detecting a larger range of prediction confidence. 

Model Reliability and Stringency: 

In the processes of comparison of YOLOv8, YOLOv7, and YOLOv5, it is discovered 

that YOLOv8 displays higher threshold for perfect precision. This ensures predictions 

only when the model is confident.  In contrast YOLOv7 operates at a moderate 

threshold, striking a balance between stringency and reliability, avoiding false 

positives within broader true positives. 

Recall-Confidence Curve 

Recall-Confidence Curve in YOLO Object Detection demonstrates how recall varies 

with different confidence thresholds for an object detection model. Recall measures 

the proportion of actual positives correctly identified by the model. At a confidence 

threshold of 0.000, every detected instance, regardless of confidence level, is counted 

as positive. 

In this context, analyzing recall at a confidence threshold of 0.000 for YOLOv5, 

YOLOv7, and YOLOv8 reveals how well each model captures all possible positives 

without considering the confidence score. Recall-Confidence Curve of Yolov5, 

Yolov7 and Yolov8 is shown in figure 6.7,6.8, and 6.9 respectively 
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Fig. 6.7 : Recall -Confidence Curve of  YOLOv5 

 

 

Fig. 6.8 : Recall -Confidence Curve of  YOLOv7 
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Fig. 6.9 : Recall -Confidence Curve of  YOLOv8 

In evaluating the recall performance of YOLOv5, YOLOv7, and YOLOv8 across 

varying confidence thresholds, distinct patterns emerge that influence their suitability 

for different applications. YOLOv7 stands out with the highest recall rate of 0.92 at a 

confidence threshold of 0.000 as shown in Figure 6.8, indicating its exceptional 

ability to capture 92% of all true positive instances without filtering based on 

confidence. This makes YOLOv7 particularly well-suited for tasks where 

comprehensive detection of every possible positive instance is essential. Following 

closely, YOLOv8 achieves a recall of 0.86 under similar conditions as shown in 

Figure 6.9, showcasing strong performance in identifying a significant portion of true 

positives while potentially offering more selective detections at higher confidence 

levels. In contrast, Figure 6.7 shows that the YOLOv5 exhibits a lower recall of 0.67 

at the lowest confidence threshold, suggesting it captures a moderate proportion of 

true positives compared to YOLOv7 and YOLOv8. 

Precision-Recall Curve in YOLO Object Detection 

The precision-recall curve is a critical tool in evaluating object detection models, 

illustrating the trade-off between precision (the proportion of true positive detections 

among all positive detections) and recall (the proportion of true positive detections 
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among all actual positives) for different confidence thresholds. In the context of 

YOLO models, these metrics reveal the performance of each version in accurately 

detecting and classifying objects. The Precision- Recall Curve of YOLOv5, YOLOv7 

and YOLOv8 is shown in figure 6.10,6.11, and 6.12 respectively. 

 

Fig. 6.10 : Precision- Recall Curve of  YOLOv5 

For YOLOv5, the precision-recall analysis reveals a mAP@0.5 (mean Average 

Precision at a 0.5 Intersection over Union threshold) of 0.080 as shown in figure 6.10. 

This low score indicates that YOLOv5 struggles significantly with both precision and 

recall, resulting in a high number of false positives and missed detections. Essentially, 

YOLOv5's object detection capabilities are limited, making it less reliable for 

applications requiring high accuracy. 



 

 
CHAPTER-VI                    RESULTS AND DISCUSSION 

FACULTY OF COMPUTER SCIENCE                      Page 100 

 

 

 

Fig. 6.11 : Precision- Recall Curve of  YOLOv7 

In contrast, YOLOv7 shows a marked improvement with a mAP@0.5 of 0.432 as 

shown in figure 6.11. This indicates a moderate level of performance where precision 

and recall are better balanced compared to YOLOv5. YOLOv7 can detect and classify 

objects more accurately, leading to fewer false positives and false negatives. This 

moderate performance suggests that YOLOv7 is suitable for applications where a 

reasonable level of accuracy is acceptable but not critical. 

 

Fig. 6.12 : Precision- Recall Curve of  YOLOv8 
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YOLOv8, however, outperforms both YOLOv5 and YOLOv7, with a high mAP@0.5 

of 0.800 as shown in figure 6.12. This high score signifies excellent performance in 

terms of both precision and recall. YOLOv8 effectively detects and classifies objects 

with minimal errors, making it the most reliable model among the three. The high 

precision and recall indicate that YOLOv8 can accurately identify objects with few 

false positives and false negatives. 

In summary, the precision-recall analysis clearly distinguishes the varying strengths 

of YOLOv5, YOLOv7, and YOLOv8. YOLOv5 shows the lowest performance with 

significant room for improvement, YOLOv7 offers a better balance and moderate 

performance, and YOLOv8 excels with the highest accuracy and reliability. These 

insights are crucial for selecting the appropriate model based on the specific needs of 

real-world applications. 

F1 Confidence Curve 

The F1 confidence curve is a vital evaluation tool in object detection models, 

combining both precision and recall into a single metric. The F1 score is the harmonic 

mean of precision and recall, providing a balance between the two. The confidence 

curve shows how the F1 score varies with different confidence thresholds, revealing 

the model's performance across a range of detection confidences. The F1 -Confidence 

Curve of Yolov5, Yolov7 and Yolov8 is shown in figure 6.13,6.14, and 6.15 

respectively 

 

Fig. 6.13 : F1 Confidence Curve of  YOLOV5 
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For YOLOv5, the F1 score at its best is 0.09 at a confidence threshold of 0.051 as 

shown in figure 6.13. This indicates that YOLOv5 performs poorly in balancing 

precision and recall, leading to a low F1 score. The low threshold at which this F1 

score is achieved suggests that even at minimal confidence levels, the model struggles 

to identify and classify objects accurately, resulting in a high number of false 

positives and false negatives. This makes YOLOv5 less suitable for applications 

where accuracy is crucial. 

 

Fig. 6.14 : F1 Confidence Curve of  YOLOv7 

Figure 6.14 shows a significant improvement in YOLOv7, with an F1 score of 0.40 at 

a confidence threshold of 0.202. This higher F1 score reflects a better balance 

between precision and recall compared to YOLOv5. The model performs more 

reliably across various confidence levels, reducing the number of misclassifications. 

YOLOv7's performance indicates its suitability for applications where a moderate 

level of accuracy is acceptable and beneficial. 
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Fig. 6.15 : F1 Confidence Curve of  YOLOv8 

Through figure 6.15 we can understand that, YOLOv8 demonstrates the best 

performance, with an F1 score of 0.77 at a confidence threshold of 0.399 . This high 

F1 score indicates that YOLOv8 excels in achieving a balance between precision and 

recall, making accurate detections with fewer errors. The higher confidence threshold 

shows that the model maintains its reliability even as the confidence level increases, 

making it ideal for applications requiring high accuracy and minimal false detections. 

The superior F1 score of YOLOv8 underscores its effectiveness in detecting and 

classifying objects accurately, making it the most reliable choice among the three 

models. 

In summary, the F1 confidence curve analysis highlights the varying capabilities of 

YOLOv5, YOLOv7, and YOLOv8 in object detection. YOLOv5 shows the weakest 

performance, YOLOv7 offers moderate improvement, and YOLOv8 provides the best 

balance of precision and recall, making it the most accurate and reliable model for 

real-world applications demanding high accuracy and minimal errors. 
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CONFUSION MATRIX 

A confusion matrix for multiple classes provides a detailed breakdown of prediction 

results. Each row represents the actual class, while each column represents the 

predicted class. The diagonal elements represent the true positives (correct 

predictions), and off-diagonal elements represent false positives (misclassifications). 

The Confusion Matrix of Yolov5, Yolov7 and Yolov8 is shown in figure 6.16,6.17, 

and 6.18 respectively 

 

Fig. 6.16 : Confusion Matrix of YOLOv5 
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Fig. 6.17 : Confusion Matrix of  YOLOv7 

 

Fig. 6.18 : Confusion Matrix of YOLOv8 
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From the above figures of confusion matrices of yolov5, yolov7 and yolov8 we can 

interpret that yolov8 performs the best amongst other two. There are more diagonal 

elements in YOLOv8 confusion matrix compared to that of other two models. 

Conclusion 

The comparative analysis of YOLOv5, YOLOv7, and YOLOv8 reveals a clear 

progression in object detection capabilities, with YOLOv8 demonstrating the highest 

precision, recall, and MAP scores among the three. YOLOv5 shows moderate 

performance with balanced but subpar metrics, while YOLOv7 offers improvements 

over YOLOv5, especially in certain classes, yet falls short of YOLOv8's overall 

performance. YOLOv8 excels across most classes, though minor inconsistencies 

remain. The findings highlight YOLOv8 as the most effective version. 
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7.1 Summary of Findings 

In this study, I conducted a comprehensive comparative analysis of three versions of 

the YOLO object detection algorithm: YOLOv5, YOLOv7, and YOLOv8. My 

analysis involved evaluating these models on a dataset of 1550 images across various 

performance metrics, including precision, recall, F1 score, and mean Average 

Precision (mAP) at different Intersection over Union (IoU) thresholds. 

Table 7.1 : Overall Performance 

Metric YOLOv5 YOLOv7 YOLOv8 

Precision 0.37 0.435 0.829 

Recall 0.246 0.474 0.75 

F1 Score 0.296 0.454 0.788 

mAP@0.5 0.0803 0.432 0.8 

mAP@0.5:0.95 0.0407 0.238 0.596 

Precision: YOLOv8 demonstrates a substantial improvement in precision compared 

to YOLOv5 and YOLOv7, indicating its enhanced capability in correctly identifying 

true positives as shown in Table 7.1. 

Recall: Table 7.2 displays, YOLOv8's higher recall reflects its proficiency in 

capturing a greater number of relevant instances, reducing the chances of missing 

important detections. 

F1 Score: With the highest F1 score, YOLOv8 balances both precision and recall 

effectively, making it the most reliable model among the three. 

mAP@0.5: The significant leap in mAP@0.5 for YOLOv8 underscores its superior 

accuracy in object detection tasks. 

mAP@0.5:0.95: YOLOv8 excels in this more stringent metric, highlighting its 

consistent performance across varying IoU thresholds. 

Class-Specific Performance 

Our class-specific performance analysis further substantiates the advancements in 

YOLOv8 across a diverse set of categories. 
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Table 7.2 : Class-Specific Performance 

Class YOLOv5 

mAP@0.5 

YOLOv7 

mAP@0.5 

YOLOv8 

mAP@0.5 

Axe 0.0261 0.175 0.568 

BillGates 0.113 0.576 0.992 

Bottle 0.0124 0.144 0.379 

ElonMusk 0.192 0.712 0.99 

Hammer 0.00839 0.158 0.626 

Handgun 0.0252 0.325 0.804 

Knife 0.0191 0.296 0.674 

LeonardoCaprio 0.167 0.523 0.992 

MarilynMonroe 0.0424 0.826 0.993 

WillSmith 0.198 0.588 0.98 

Axe: YOLOv8 shows a marked improvement, increasing the mAP@0.5 from 0.0261 

(YOLOv5) and 0.175 (YOLOv7) to 0.568 as shown in table 7.2 

BillGates: Achieves near-perfect detection with an mAP@0.5 of 0.992. 

Bottle: Table 7.2 shows Significant improvement in YOLOv8, with mAP@0.5 rising 

to 0.379. 

ElonMusk: Near-perfect performance with an mAP@0.5 of 0.99 of YOLOv8 model. 

Hammer: YOLOv8 demonstrates improved detection with an mAP@0.5 of 0.626. 

Handgun: Substantial improvements in detection accuracy with YOLOv8. 

Knife: Significant performance increase in YOLOv8. 

LeonardoCaprio: High detection accuracy with an mAP@0.5 of 0.992. 

MarilynMonroe: Near-perfect detection with an mAP@0.5 of 0.993. 

WillSmith: High detection accuracy with an mAP@0.5 of 0.98. 

Recall 

Our recall analysis further highlights the advancements in YOLOv8. 
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Table 7.3 : Recall 

Class YOLOv5 Recall YOLOv7 Recall YOLOv8 Recall 

Axe 0 0.0345 0.586 

BillGates 0.469 0.831 1 

Bottle 0.00559 0.145 0.257 

ElonMusk 0.7 0.95 1 

Hammer 0 0.269 0.538 

Handgun 0.05 0.342 0.683 

Knife 0 0.296 0.629 

LeonardoCaprio 0.724 0.724 0.94 

MarilynMonroe 0.0345 0.722 0.966 

WillSmith 0.476 0.429 0.905 

Axe: YOLOv8 shows remarkable improvements, achieving a recall of 0.586 as 

displayed in Table 7.3 

BillGates: Table 7.3 shows Perfect recall in YOLOv8, indicating all instances were 

correctly identified. 

Bottle: YOLOv8 improves recall significantly to 0.257 as displayed in Table 7.3. 

ElonMusk: Perfect recall in YOLOv8, highlighting its reliability. 

Hammer: Improved recall to 0.538 in YOLOv8. 

Handgun: Significant improvements in recall with YOLOv8. 

Knife: Enhanced recall to 0.629 in YOLOv8. 

LeonardoCaprio: High recall of 0.94 in YOLOv8. 

MarilynMonroe: Near-perfect recall of 0.966 in YOLOv8. 

WillSmith: High recall of 0.905 in YOLOv8. 

7.2 Contributions and Implications of the Study 

Enhanced Object Detection 

This study demonstrates how YOLOv8 significantly enhances object detection 

accuracy and speed. The improvements in precision and recall metrics indicate that 

YOLOv8 can reliably identify and classify objects with higher confidence and fewer 
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errors. This enhancement is particularly crucial for real-time applications where quick 

and accurate detections are necessary. 

Facial Recognition Advancements 

Incorporating facial recognition within the YOLO framework presents a novel 

approach to early victim identification in forensic investigations. The high accuracy of 

YOLOv8 in detecting and recognizing specific individuals (e.g., celebrities) suggests 

its potential utility in forensic applications, where accurate identification can lead to 

quicker and more effective investigations. 

Resource Efficiency 

The study highlights how newer models like YOLOv8 manage to balance high 

performance and computational efficiency. This balance makes YOLOv8 suitable for 

deployment in resource-constrained environments, such as mobile devices and edge 

computing scenarios, where processing power and memory are limited. 

Forensic Applications 

The research underscores the potential of advanced YOLO models in forensic science. 

The high accuracy and reliability of YOLOv8 in identifying objects and individuals 

can significantly aid forensic experts in analyzing crime scenes, identifying suspects, 

and gathering evidence. This application is particularly relevant in scenarios requiring 

high accuracy and quick turnaround times. 

7.3 Future Research Directions in YOLO 

Exploring Lightweight Models 

Future work could focus on developing lightweight versions of YOLOv8 that retain 

high accuracy while being more efficient for deployment on edge devices. This 

direction involves optimizing the model architecture and reducing its computational 

requirements without compromising detection performance. 

Integration with Other Technologies 

Combining YOLOv8 with other AI technologies, such as natural language processing 

and context-aware computing, can enhance its application in more complex forensic 

scenarios. For instance, integrating YOLOv8 with a contextual analysis framework 

could provide deeper insights into the detected objects and their surroundings, 

improving the overall forensic analysis process. 
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Extended Datasets 

Applying the models to larger and more diverse datasets can further validate and 

refine their performance. Expanding the dataset to include more varied and 

challenging images will help ensure that the models generalize well across different 

scenarios and improve their robustness and reliability. 

Real-time Applications 

Investigating the application of YOLOv8 in real-time forensic analysis, including live 

video feeds, is crucial to assess its practical utility and performance under operational 

conditions. Real-time applications require the model to process and analyze video 

frames swiftly, making it essential to optimize YOLOv8 for such tasks. 

7.4  Concluding Remarks 

The comparative analysis of YOLOv5, YOLOv7, and YOLOv8 on a dataset of 1550 

images demonstrates clear advancements with each version. YOLOv8 significantly 

outperforms its predecessors across all key metrics, including precision, recall, and 

average precision (mAP), showcasing its superior capability in object detection and 

classification tasks. The study's contributions highlight the practical implications for 

enhanced object detection and facial recognition, especially in forensic applications. 

Future research directions suggest exploring lightweight models, integration with 

other AI technologies, validation on larger datasets, and real-time applications to 

further advance the field. 

In conclusion, YOLOv8 represents a significant step forward in the field of object 

detection, offering substantial improvements over earlier versions. Its enhanced 

performance metrics and potential applications in real-time and forensic scenarios 

underscore its importance and utility in advancing both academic research and 

practical implementations in various domains 
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