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PREFACE 

I, the undersigned, Mr Tarik Citlak at the Durban University of Technology, declare that the 

work included in this thesis, “Mask R-CNN For Real-Time Parts Classification on an 

Enamel Paint Coating Line.”, forms the undertaking which I made concerning the research 

work carried out under the direction of Nelendran Pillay and Navin Singh at the Durban 

University of Technology. The motivation behind this research was to implement a deep 

learning model capable of delivering reliable data in an industrial setting. The current 

problem faced at the firm is related to manual data collection. The primary objective of this 

research would be to automate the manual process using the Mask R-CNN model as the tool. 

The thesis lays out the introduction, methodology, results and analysis of the use of the 

model. I hope that this thesis offers valuable insight into the application of deep learning 

models within an industrial environment and sparks further curiosity and innovation in this 

field. I invite the reader to delve into this work as we uncover the possibilities that these 

technologies hold for the future of manufacturing and automation. 
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ABSTRACT 

An enamel paint coating line has relied heavily on human intervention and observation to 

determine the total number of parts produced in one shift. This was done by manually 

counting the parts as they were taken off the conveyor line which has led to inaccurate or 

lately received production performance data. With a manufacturing process that has a 

changing number of classes and a variation of the part’s physical orientation within the 

process, the importance of investigating an object detection model was realized.  

 

The rising demand to attain live production data has added more importance to monitoring 

and reporting within the industrial automation sector. Real-time parts screening requiring 

human intervention for data input may not be a feasible solution within a fast-moving 

consumer goods manufacturing facility. This has led to the proposed study using Mask 

Region-based Convolutional Neural Network (R-CNN) to detect objects within an image.  

 

The state of research surrounding object detection has increased rapidly over the past decade 

with several models being developed and adapted for industrial automation applications. 

However, there has been limited research regarding models that can perform instance 

segmentation to provide production performance data. This has prompted the study within 

this field.  

 

The objective of the study is to classify and accurately report on manufactured parts 

identified on an enamel paint-coating conveyor line. At any given instant, the parts may not 

be in the exact coordinates within the desired area of interest and the classes of objects may 

vary based on changing production requirements. To mitigate these challenges, this study 

proposes the use of a trained Mask R-CNN model to detect the objects and their associated 

class. Images are acquired using a high-definition camera fixed to a position next to the 

enamel coating line.  

 

This study compared the average precision based on changes made to the learning rate and 

the intersection over union (IoU) thresholds of the model. The outcome was analysed using 

the precision-recall curve and the confusion matrix to determine the highest average 

precision and overall accuracy. The highest achieved average precision obtained from the 



 

 vii

model was 98.27% with an overall accuracy of 98.24% using real-time captured images of 

the manufactured parts. The results satisfied the acceptable standard for the average 

precision of 97.5% set by the plant production quality engineers. Future research would 

include the use of pixel-wise segmentation generated from the mask branch in determining 

the objects’ exact location, this would aid in efficient robotic spray positioning. 

 

  



 

 viii

TABLE OF CONTENTS 

 

PREFACE ......................................................................................................................... I 

DECLARATION 1: SUPERVISOR .............................................................................. II 

DECLARATION 2: PLAGIARISM ............................................................................. III 

DECLARATION 3: PUBLICATIONS ......................................................................... IV 

ACKNOWLEDGEMENTS ........................................................................................... V 

ABSTRACT .................................................................................................................. VI 

LIST OF FIGURES ...................................................................................................... XII 

LIST OF TABLES ...................................................................................................... XV 

LIST OF ABBREVIATIONS .................................................................................... XVI 

CHAPTER 1 INTRODUCTION ................................................................................. 1 

1.1 INTRODUCTION .................................................................................................... 1 

1.2 RESEARCH PROBLEM STATEMENT ................................................................ 6 

1.3 RESEARCH QUESTION ........................................................................................ 7 

1.4 RESEARCH AIMS AND OBJECTIVES ................................................................ 7 

1.5 STUDY LIMITATIONS .......................................................................................... 9 

1.6 RESEARCH CONTRIBUTIONS ............................................................................ 9 

1.7 STRUCTURE OF THE THESIS ........................................................................... 10 

CHAPTER 2 LITERATURE REVIEW ................................................................... 11 

2.1 INTRODUCTION .................................................................................................. 11 

2.2 TRADITIONAL METHODS FOR PRODUCTION DATA RETRIEVAL .......... 11 

2.3 CONVOLUTIONAL NEURAL NETWORKS FOR COMPUTER VISION ....... 12 

2.3.1 Convolutional Layer .................................................................................... 12 

2.3.2 Pooling Layer ............................................................................................... 13 

2.3.3 Fully Connected Layer ................................................................................. 14 

2.4 ARCHITECTURE OF CONVOLUTIONAL NEURAL NETWORKS ............... 15 

2.4.1 LeNet-5 ........................................................................................................ 15 

2.4.2 AlexNet ........................................................................................................ 16 

2.4.3 VGG Net ...................................................................................................... 17 



 

 ix

2.4.4 ResNet .......................................................................................................... 17 

2.5 HISTORICAL CONTEXT OF OBJECT DETECTION ....................................... 19 

2.5.1 R-CNN ......................................................................................................... 19 

2.5.2 Fast R-CNN ................................................................................................. 19 

2.5.3 Faster R-CNN .............................................................................................. 20 

2.5.4 SSD .............................................................................................................. 20 

2.5.5 YOLO .......................................................................................................... 21 

2.5.6 Object Detection Impact and Application.................................................... 21 

2.6 INTRODUCTION TO MASK R-CNN ................................................................. 26 

2.6.1 Mask R-CNN Architecture .......................................................................... 26 

2.6.2 Region Proposal Network (RPN)................................................................. 27 

2.6.3 Feature Pyramid Network (FPN) ................................................................. 28 

2.6.4 ROIAlign...................................................................................................... 29 

2.6.5 Mask Branch ................................................................................................ 30 

2.7 APPLICATION OF MASK R-CNN ...................................................................... 30 

2.7.1 Case Studies ................................................................................................. 30 

2.8 PERFORMANCE EVALUATION ....................................................................... 37 

2.8.1 Performance Criteria .................................................................................... 38 

2.8.2 Benchmarking and Datasets ......................................................................... 39 

2.8.3 Model Comparisons ..................................................................................... 40 

2.9 CHALLENGES AND LIMITATIONS ................................................................. 45 

2.10 SUMMARY ........................................................................................................... 46 

CHAPTER 3 METHODOLOGY .............................................................................. 47 

3.1 INTRODUCTION .................................................................................................. 47 

3.2 RESEARCH DESIGN ........................................................................................... 48 

3.3 RESEARCH METHOD ......................................................................................... 50 

3.3.1 Hardware and Software................................................................................ 51 

3.3.2 Data Collection Method ............................................................................... 54 

3.3.3 VIA Annotation Tool ................................................................................... 55 

3.3.4 Field Setup ................................................................................................... 56 

3.4 DATA PREPROCESSING .................................................................................... 58 

3.5 FUNCTION SELECTION ..................................................................................... 61 



 

 x

3.5.1 Learning Rate ............................................................................................... 61 

3.5.2 Learning Momentum ................................................................................... 62 

3.5.3 Activation Function ..................................................................................... 63 

3.5.4 Weight Decay Regularization ...................................................................... 63 

3.5.5 Images per GPUs ......................................................................................... 64 

3.5.6 Epochs .......................................................................................................... 64 

3.5.7 Steps per Epochs .......................................................................................... 65 

3.5.8 Validation Steps ........................................................................................... 66 

3.5.9 Backbone...................................................................................................... 66 

3.5.10 Backbone Strides ......................................................................................... 67 

3.5.11 ROI Positive Ratio ....................................................................................... 67 

3.5.12 Detection Minimum Confidence.................................................................. 68 

3.5.13 RPN NMS Thresholds ................................................................................. 69 

3.5.14 Loss Function ............................................................................................... 69 

3.6 TRAINING METHODOLOGY ............................................................................ 70 

3.6.1 Experimental Training Setup ....................................................................... 70 

3.6.2 Types of Datasets ......................................................................................... 71 

3.6.3 Practical Methodology ................................................................................. 73 

3.7 EVALUATION METRICS .................................................................................... 75 

3.7.1 Losses ........................................................................................................... 76 

3.7.2 Average Recall ............................................................................................. 77 

3.7.3 Average Precision ........................................................................................ 78 

3.7.4 Precision Recall Curve ................................................................................. 79 

3.7.5 Mean Average Precision .............................................................................. 79 

3.7.6 F1 Score ....................................................................................................... 80 

3.7.7 Overall Accuracy ......................................................................................... 80 

3.7.8 Confusion Matrix ......................................................................................... 81 

3.8 EXPERIMENTAL ENVIRONMENT ................................................................... 82 

3.9 LIMITATIONS ...................................................................................................... 83 

3.10 SUMMARY ........................................................................................................... 85 

CHAPTER 4 RESULTS ............................................................................................. 87 

4.1 INTRODUCTION .................................................................................................. 87 



 

 xi

4.2 DATASET ANOMALIES ..................................................................................... 87 

4.3 PERFORMANCE EVALUATION ....................................................................... 91 

4.4 OVERALL ACCURACY ...................................................................................... 94 

4.5 COMPARATIVE ANALYSIS ............................................................................ 105 

CHAPTER 5 ANALYSIS AND CONCLUSION ................................................... 109 

5.1 INTRODUCTION ................................................................................................ 109 

5.2 SUMMARY OF RESEARCH OBJECTIVES AND METHODS ....................... 109 

5.3 KEY FINDINGS AND ANALYSIS .................................................................... 110 

5.4 CONTRIBUTIONS OF FINDINGS .................................................................... 111 

5.5 CONCLUSIONS AND FUTURE RESEARCH RECOMMENDATIONS ........ 112 

CHAPTER 6 REFERENCES .................................................................................. 115 

 

 

 

 

 

  



 

 xii

LIST OF FIGURES 

Figure 1.1. Model of enamel coating spray booth. ................................................................ 5 

Figure 1.2. Model of enamel coating spray booth with proposed camera setup. .................. 8 

Figure 2.1. CNN layers. ....................................................................................................... 12 

Figure 2.2. 2-D convolution. ............................................................................................... 13 

Figure 2.3. Average pooling operation on a 5 x 5 input. ..................................................... 14 

Figure 2.4. Fully connected layer. ....................................................................................... 15 

Figure 2.5. LeNet-5 architecture [56]. ................................................................................. 16 

Figure 2.6. AlexNet architecture [15]. ................................................................................. 16 

Figure 2.7. VGGNet architecture [57]. ................................................................................ 17 

Figure 2.8. Training error and test error on CIFAR-10 with a plain network [58]. ............ 18 

Figure 2.9. Residual learning building block. ..................................................................... 18 

Figure 2.10. R-CNN algorithm framework [16].................................................................. 19 

Figure 2.11. Fast R-CNN algorithm framework [17]. ......................................................... 20 

Figure 2.12. Faster R-CNN algorithm framework [18]. ...................................................... 20 

Figure 2.13. SSD algorithm framework.[62] ....................................................................... 21 

Figure 2.14. YOLO algorithm framework.[19] ................................................................... 21 

Figure 2.15. Mask R-CNN algorithm framework for parts detection [20].......................... 27 

Figure 2.16. RPN structure [84]. ......................................................................................... 28 

Figure 2.17. Feature Pyramid Network [90]........................................................................ 29 

Figure 2.18. ROIAlign [20]. ................................................................................................ 29 

Figure 3.1. Object detection framework. ............................................................................. 51 

Figure 3.2. Global shutter type. ........................................................................................... 52 

Figure 3.3. Hardware configuration of field devices. .......................................................... 53 

Figure 3.4. VIA annotation tool. ......................................................................................... 56 

Figure 3.5. Field Setup. ....................................................................................................... 57 

Figure 3.6. Classes used in the dataset with the alphabets representing the classes. .......... 57 

Figure 3.7. Random set of images from the dataset used in the model. .............................. 58 

Figure 3.8. (a,b) Raw images with shadows circled; (c,d) augmented images with improved 

object details. ....................................................................................................................... 60 

Figure 3.9. Losses over epochs. ........................................................................................... 65 

Figure 3.10. Training process flow. ..................................................................................... 71 



 

 xiii

Figure 3.11. Sample of an additional dataset. ..................................................................... 72 

Figure 3.12. a) The second panel contains class B and the third panel contains class A; (b) 

the second panel contains class B and the third panel contains class C; (c) the second panel 

contains class E and the third panel contains no class; (d) the second panel contain class D 

and the third panel contains class A. ................................................................................... 73 

Figure 3.13. Confusion matrix. ............................................................................................ 76 

Figure 3.14. Precision–Recall curve. ................................................................................... 80 

Figure 3.15. Confusion matrix layout. ................................................................................. 81 

Figure 3.16. (a) Positive detection of class B and C; (b) positive detection of class A and B; 

(c) positive detection of class A and D; (d) positive detection of class B and E ................. 83 

Figure 4.1. Challenges faced during the testing process. .................................................... 90 

Figure 4.2. Mask R-CNN + ResNet50: (a) learning rate 0.00002 with an IoU of 50%, 75% 

and 90%; (b) learning rate 0.0002 with an IoU of 50%, 75% and 90%; (c) learning rate 0.002 

with an IoU of 50%, 75% and 90%. .................................................................................... 91 

Figure 4.3. Mask R-CNN + ResNet101: (a) learning rate 0.00002 with an IoU of 50%, 75% 

and 90%; (b) learning rate 0.0002 with an IoU of 50%, 75% and 90%; (c) learning rate 0.002 

with an IoU of 50%, 75% and 90%. .................................................................................... 92 

Figure 4.4. Mask R-CNN + ResNet50: (a) losses of the model with a learning rate 0.00002 

and an IoU of 50%, 75% and 90%; (b) losses of the model with a learning rate 0.0002 and 

an IoU of 50%, 75% and 90%; (c) losses of the model with learning rate 0.002 and an IoU 

of 50%, 75% and 90%. ........................................................................................................ 93 

Figure 4.5. Mask R-CNN + ResNet101: (a) losses of the model with a learning rate 0.00002 

and an IoU of 50%, 75% and 90%; (b) losses of the model with a learning rate 0.0002 and 

an IoU of 50%, 75% and 90%; (c) losses of the model with learning rate 0.002 and an IoU 

of 50%, 75% and 90%. ........................................................................................................ 94 

Figure 4.6. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.00002 and 

an IoU of 50%. .................................................................................................................... 95 

Figure 4.7. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.00002 and 

an IoU of 75%. .................................................................................................................... 96 

Figure 4.8. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.00002 and 

an IoU of 90%. .................................................................................................................... 96 

Figure 4.9. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.0002 and 

an IoU of 50%. .................................................................................................................... 97 



 

 xiv

Figure 4.10. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.0002 and 

an IoU of 75%. .................................................................................................................... 97 

Figure 4.11. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.0002 and 

an IoU of 90%. .................................................................................................................... 98 

Figure 4.12. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.002 and 

an IoU of 50%. .................................................................................................................... 98 

Figure 4.13. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.002 and 

an IoU of 75%. .................................................................................................................... 99 

Figure 4.14. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.002 and 

an IoU of 90%. .................................................................................................................... 99 

Figure 4.15. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.00002 

and an IoU of 50%. ............................................................................................................ 100 

Figure 4.16. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.00002 

and an IoU of 75%. ............................................................................................................ 101 

Figure 4.17. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.00002 

and an IoU of 90%. ............................................................................................................ 101 

Figure 4.18. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.0002 

and an IoU of 50%. ............................................................................................................ 102 

Figure 4.19. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.0002 

and an IoU of 75%. ............................................................................................................ 102 

Figure 4.20. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.0002 

and an IoU of 90%. ............................................................................................................ 103 

Figure 4.21. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.002 and 

an IoU of 50%. .................................................................................................................. 103 

Figure 4.22. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.002 and 

an IoU of 75%. .................................................................................................................. 104 

Figure 4.23. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.002 and 

an IoU of 90%. .................................................................................................................. 104 

Figure 4.24. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.002 and 

an IoU of 90% trained on additional data. ......................................................................... 105 

 

 

 



 

 xv

 

LIST OF TABLES 

Table 2.1. COCO dataset two-stage based models. ............................................................. 44 

Table 3.1. Dataset split. ....................................................................................................... 54 

Table 3.2. Image Preprocessing. .......................................................................................... 60 

Table 3.3. ResNet101 hyperparameter values. .................................................................... 75 

Table 3.4. Precision- Recall table. ....................................................................................... 79 

Table 4.1. Average precision over all classes. ................................................................... 106 

Table 4.2. Overall accuracy using Mask R-CNN + ResNet50. ......................................... 107 

Table 4.3. Overall accuracy using Mask R-CNN + ResNet101. ....................................... 108 

 

 

 

 

 

  



 

 xvi

LIST OF ABBREVIATIONS 

ANN      Artificial Neural Network 

AP      Average Precision 

AP50      Average Precision at IoU = 50% 

AP75      Average Precision at IoU = 75% 

AP90      Average Precision at IoU = 90% 

API      Application Programming Interface 

BG      Background 

CMOS      Complementary Metal-Oxide-Semiconductor 

CNN      Convolutional Neural Network 

COCO      Common Objects in Context 

DL      Deep Learning 

FAIR      Facebook™ Artificial Intelligence Research 

FC      Fully Connected 

FCN      Fully Convolutional Network 

FN      False Negative 

FP      False Positive 

FPN      Feature Pyramid Network 

FPS      Frames Per Second 

GPU      Graphics Processing Unit 

GUI      Graphical User Interface 

HOG      Histogram of Oriented Gradients 

IoU      Intersection over Union 

LSVRC     Large Scale Visual Recognition Challenge 

mAP      Mean Average Precision 

NMS      Non-Maximum Suppression 

OA      Overall Accuracy   

PCB      Printed Circuit Board 

POESTA     Powder Electrostatic Application 

R-CNN     Region-based Convolutional Neural Network 

RFID      Radio Frequency Identification 

RGB      Red, Green, Blue 



 

 xvii

ROI      Region of Interest 

RPN      Region Proposal Network 

SIFT      Scale-Invariant Feature Transform 

SPPNet     Spatial Pyramid Pooling Networks 

SQL      Structured Query Language 

SSD      Single Shot Detector 

SVM      Support Vector Learning Machines 

TP      True Positive 

UAV      Unmanned Aerial Vehicles 

VGG      Visual Geometry Group 

VIA      VGG Image Annotator 

VOC      Visual Object Classes 

YOLO      You Only Look Once    

  

 

 

 

 

 

 

 

 



 

 

CHAPTER 1 Introduction 

1.1 Introduction 

An enamel paint coating line has relied heavily on human intervention and observation to 

determine the total number of parts produced in one shift through manual counting. Current 

techniques for object detection, other than human intervention, include placing RFID tags 

on the parts themselves or using light curtains to determine the class from its size. Manual 

counting has introduced human error into production data, while light curtains aren’t able to 

accurately determine classes when parts are too close to one another. 

 

Digital transformation within the manufacturing industry has attracted significant attention 

due to the integration of Industry 4.0 technologies. This has posed a lot of challenges within 

the manufacturing industry. The organisational and technological structural changes 

required within industrial firms have not shown their full potential from digital 

transformation as these industries have been slow to implement. The challenges are generally 

related to realizing the impact or cost of the process [1]. In the transition towards digital 

transformation within the manufacturing industry, data analytics has become imperative 

within an industrial firm to realize production process improvements. However, data 

analytics requires readily available data from the processes within the industrial firm. The 

challenge of missing or non-existent data within an industrial firm may be due to missing 

technological infrastructure or cost related to models used to extract that data [2]. The 

missing data required may be collected traditionally using paper-based instruments. 

However, using these traditional techniques may lead to inaccuracies as data may be lost 

between the field and the management office [3]. Furthermore, the data would need to be 

checked for accuracy, adding more time and resources to the process, which may add 

additional inaccuracies due to human error [3]. The challenges posed by digital 

transformation and data analytics within an industrial firm have resulted in a lack of real-

time analysis and decision-making within the process [4,5]. Studies of human manual data 

capturing have indicated a 6.5% error rate, and for spreadsheet data entry it is expected to 

be in the range of 5% [6], [7]. While this is relative to the amount of data and the complexity 
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of the entered data. It has been shown that the human error rate may even vary between 5% 

and 26.9% [8]. 

 

The use of object detection applications in the manufacturing sector has seen a rise. This is 

evident from the state of research surrounding object detection which has increased rapidly 

over the last decade with several deep learning (DL) models being developed and adapted 

for industrial and robotic applications used in achieving improved production rates [9-12]. 

The use of DL models with the focus being placed on object detection applications within a 

production environment was realised to provide a solution to the challenges of digital 

transformation. 

 

Before DL models became prevalent, object detection applications used features such as 

History of Orientated Gradients (HOG) and machine learning models called Support Vector 

Learning Machines (SVM) as the classifiers. The earliest milestone contribution to object 

detection applications using HOG and SVM was documented in 2005 [13,14]. N.Dalal and 

B.Triggs focused on human detection [13], having achieved results that greatly contributed 

to the object detection field with a processing speed of 1 frame per second (FPS) with 320 x 

240 images [14]. Early contributions in DL–based models for image classification were 

documented in 2012, with the release of AlexNet, which discussed using convolution neural 

networks (CNN) based on the ImageNet Large Scale Visual Recognition Challenge 

(LSVRC) – 2010 dataset. Having achieved a top-1 and top-5 error rate of 37.5% and 17% 

respectively, performing better than previous state-of-the-art models in that year [15]. This 

development spurred the interest in using DL–based models for object detection 

applications. Thus Region-based Convolutional Neural Networks (R – CNN) were proposed 

in 2014, having achieved a mean average precision (mAP) of 53.3%, a greater than 30% 

improvement relative to the best-performing previous model based on the PASCAL Visual 

Object Classes (VOC) dataset [16].  

 

As progress based on Scale – Invariant Feature Transform (SIFT) and HOG were noted as 

“small gains” in the researched field between 2010 – 2012 [16], the interest in DL models 

for object detection applications increased. The proposed Fast R – CNN model was 

introduced in 2015, being 9 times faster to train on the Visual Geometry Group (VGG)-16 
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architecture as compared to R – CNN and with mAP of 4% greater than R – CNN based on 

the PASCAL VOC dataset [17]. With the advancement in Spatial Pyramid Pooling Networks 

(SPPNet) and Fast R – CNN in reducing computational resources and increasing network 

performance, a focus area was established to further improve previous models. Faster R-

CNN was introduced in 2016, with the introduction of the Region Proposal Network (RPN), 

focusing on decreasing the computational time required for region proposals [18]. Faster R-

CNN achieved a mAP of 70.4%, 4,7% higher than Fast R–CNN and the overall best-

performing model against SPPNet and R – CNN based on the PASCAL VOC dataset [18]. 

You Only Look Once (YOLO) was introduced in 2016 with the main objective of being fast 

and accurate [19]. While YOLO was able to achieve an FPS of 155 which outperformed 

Faster R-CNN at 7 FPS with the selected hardware, it did not surpass the mAP of 73.2% for 

Faster R–CNN, achieving 52.7% for YOLO based on the PASCAL VOC dataset [19].  

 

The Mask R-CNN model was trained and evaluated in this study to perform the task of 

predicting the classes and their related masks. The Mask R–CNN model was introduced in 

2017, and was developed by the Facebook™ Artificial Intelligence Research (FAIR) group 

[20], is an extension of Faster R-CNN by the addition of the mask branch. The addition of 

this branch performs the task of predicting the segmentation mask of each Region of Interest 

(RoI). This task is executed in parallel with the existing branch from Faster R-CNN that 

performs the task of classification and bounding box regression [20]. Mask R-CNN is 

capable of instance segmentation due to the addition of the mask branch making it unique in 

comparison to previous state-of-the-art models. Mask R-CNN outperformed Faster R-CNN 

with the highest AP across all categories of 62.3% compared to 57.5% achieved by Faster 

R-CNN, based on the Common Objects in Content (COCO) dataset [20]. The model detected 

parts on a conveyor line within a fast-moving consumer goods firm that manufactured 

household appliances. 

 

The manufacturing of household appliances follows a process starting from the raw material. 

Sheet metal forming takes place within a mould under a precalculated pressure setpoint, 

which results in the deformation of a thin metal sheet to produce a part that resembles 

predesigned drawings [21]. These formed parts are to be used in the assembly of products in 

the automotive, space, aviation and household appliance industries [22-24]. Before the 
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newly formed parts are sent to the assembly line, the metal surfaces of those parts would 

need to be enamel coated for protection against corrosion, high temperatures and high 

pressures [25]. The enamelling process follows the Powder Electrostatic Application 

(POESTA), which is the application of the coating material in an electric field [25]. The 

basic principle of POESTA is based on the electric charge transferred to the particles of the 

dry powder. In corona-charging systems, an electric field is created between the spray gun 

and the part through the generation of a high-potential electrode [26]. The dry powder 

particles passing through this electric field would become charged. The process of the dry 

powder particles being charged in the electric field of corona discharge is administered 

through Pauthenier’s Equation (1.1) [26]. Where Q is the charge accumulated, R is the radius 

of the sphere, E is the electric field, 𝜖଴ is the permittivity of free space and 𝜌 is the material-

dependent constant. 

Qmax = 4πR2ϵ0ρE                                                                 (1.1) 

 

As the charged dry powder particle travels from the spray gun through the electric field, the 

force applied to the particle is the electric force equal to the charge of the particle which is 

multiplied by the strength of the electric field that pushes the particle towards the parts 

surface [25, 26]. Once the part has been fully coated in powder, it would need to be cured in 

an enamelling furnace. Figure 1.1 illustrates a model of the enamel coating spray booth 

where the parts would be passing to be coated. 
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time monitoring, effective planning is not achieved in realizing the full potential of batch 

production. 

1.2 Research Problem Statement 

An enamel paint coating line within a household appliance manufacturing facility has relied 

heavily on human observation to determine the total number of parts produced in one 

production shift. This was performed by manually counting the parts as they were taken off 

the conveyor line and stacked into a trolley to be transported to the desired assembly 

workstation. This technique has introduced unpredictable errors within production data. The 

requirements needed for the currently available system such as Radio Frequency 

Identification (RFID) tags [32] required for the hangers or skids to be made specifically for 

the parts it would be transporting through the line as the tags would be placed on those 

hangers and not the part itself. The hangers on the coating line, that the research would be 

based on, are universal in design and can carry more than one model design. Therefore, each 

hanger cannot be attached to a single model and RFID tags being placed on these hangers 

would not provide reliable data, hence RFID tags were not a viable option. Alternatively, 

pattern recognition using light curtains may also be considered to identify certain classes of 

objects as they pass through the light curtain. This is accomplished through target objects 

blocking the transmission of light to the receiving sensor. The different classes may be 

defined by the hardware or software configuration. This approach, however, resulted in very 

poor accuracy due to the parts being in very close proximity to each other. As a result, the 

use of human intervention for manual data entry was instated. This archaic approach 

introduced inaccuracies and significant delays which hindered the process. This study 

focuses on applying an object detection model to automatically recognize the total parts per 

group/class to achieve the required production information and increase efficiency. With a 

manufacturing process that has a changing number of classes and variations of the part’s 

physical orientation within the process line. Therefore, the importance of investigating the 

use of an object detection model was identified. This study compared the Mask R – CNN 

DL model with the average precision across all classes based on changes made to the 

learning rate and the intersection over union (IoU) thresholds. To the author's knowledge, 

research on enamel-coated parts detection and classification has not been as prevalent in the 
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literature and this makes this application unique within similar industrial applications and 

the computer vision research community. Therefore, this research study proposes the Mask 

R-CNN model for metal parts detection and classification based on the results provided in 

the subsequent sections. During this case study, the industrial environment was controlled 

in terms of lighting, a predetermined fixed distance between the objects of interest and the 

camera to achieve a high level of average precision. One of the main aims of this study was 

to achieve an average precision that was greater than 97.5% to be deemed as a viable solution 

to meet the industry standard for usable information within the business which was far 

superior to manual data entry. 

1.3 Research Question 

The research aimed to implement a Mask R-CNN object detection model to detect and 

classify parts hanging on a monorail conveyor line. The question asked, “Can the use of 

Mask R-CNN object detection models to detect parts on a conveyor line be a viable option 

for monitoring and reporting production performance data as compared to traditional 

methods?” 

1.4 Research Aims and Objectives 

The research aims to solve the issue of incorrect data being received from the process line 

by incorporating an automated system that would replace a human-performed task that is 

currently being performed. This research would aim to provide a unique solution compared 

to what is currently available in the coating industry. The objectives are listed as follows: 

1. Conduct a literature review on DL–based object detection models that can perform 

object detection and classification of each class detected within an image. 

2. Install the required hardware to train, validate and test datasets on a DL model. 

3. Implement image augmentation on a dataset based on a literature review. 

4. Apply and compare fine-tuned hyperparameters of the model. 

5. Test and evaluate the performance of the model using the confusion matrix. 

6. Provide future recommendations that relate to the use of instance segmentation 

within the same process of this research. 
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1.5 Study limitations 

DL models require labelled data that would be used to train, validate and test. Inadequate 

data may lead to poor model performance or models that may overfit and not generalize well 

with new data [34]. This is a study limitation and is usually understood during the training 

and testing phase of the process. However, annotation of data is time-consuming and may 

add to poor model performance due to human error [34]. DL models require a powerful 

Graphics Processing Unit (GPU) to reduce the computational time required during training 

albeit at a high computational cost [35], and results may differ based on hardware 

configuration. Based on the requirements within the research, it must be determined whether 

a fast inference time is desired more than accuracy or vice versa. To achieve the objective in 

this work a trade off is required [34]. Furthermore, DL model hyperparameter tuning is time-

consuming in achieving optimal performance from the model. Variations in lighting 

conditions within the environment pose a risk as models tend to struggle under these 

challenging conditions [34].  

1.6 Research contributions 

This main contribution of this study is summarized as follows: 

1. We introduce a technique to automatically classify manufactured metal parts on an 

enamel paint-coating conveyor line, thus eliminating the need for repetitive human 

intervention. 

2. A trained Mask R-CNN model is proposed for object detection and classification 

tasks, which is a sophisticated DL technique known in the literature for its accuracy 

in detecting and segmenting objects in captured images. 

3. The study addresses the challenges of objects being outside the area of interest and 

shadows that distort the features of objects in an image. 

4. Based on production requirements, variability in different classes of objects is 

accounted for, therefore ensuring that the system can accurately adapt to changing 

production requirements. 

5. Finally, the proposed system achieves a high average precision and overall accuracy 

to meet the stringent demands of production quality requirements. 
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1.7 Structure of the thesis 

Chapter 1 is an introduction to the research. 

Chapter 2 provides a comprehensive literature review. 

Chapter 3 presents a detailed methodology. 

Chapter 4 gives comprehensive results using the Mask R-CNN model. 

Chapter 5 presents a detailed analysis of results obtained from the model with a conclusion. 



 

 

CHAPTER 2 Literature Review 

2.1 Introduction 

This chapter provides a comprehensive review of traditional methods used within the enamel 

coating line with a focus on production monitoring. Further in-depth literature review will 

be given on previous state-of-the-art object detection models and the architectures used 

within those models. The convolutional neural network layers would be expanded on 

together with illustrations. A detailed review of the Mask R-CNN architecture will be 

elaborated on. The training and implementation process and challenges would be explained 

relating to object detection applications. The literature review will provide evidence on 

applications that have used the Mask R-CNN model in different settings, thereby showing 

its efficacy.  

2.2 Traditional Methods for Production Data Retrieval 

For specific parts detection on a conveyor line, a common approach is to use Radio 

Frequency Identification (RFID) tags that are either attached to the product itself or the 

hanger on which the product is being conveyed [32,36-41]. These tags are thermally 

armoured to withstand the high temperature within the furnace after passing through the 

enamel coating process [38]. This method does not apply to the industrial application in this 

study, as an RFID tag would be required for each part which is not economically sustainable. 

In addition, due to workflow, quality, and company design standards, a single hanger was 

used to carry more than one product at any given instant. Therefore, RFID tags were not a 

viable option. Alternatively, pattern recognition using light curtains may also be used to 

identify certain classes of objects as they pass through the light curtain. This is accomplished 

through target objects blocking the transmission of light to the receiving sensor [42-45]. The 

different classes may be defined by the hardware or software configuration. This approach, 

however, resulted in very poor accuracy due to the parts being in very close proximity to 

each other. As a result, the use of human intervention for manual data was instated. This 

archaic approach introduced inaccuracies and significant delays which hindered the process. 
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2.3 Convolutional Neural Networks for Computer Vision 

Convolutional neural networks (CNN) have revolutionized the field of computer vision. 

While it has been known to be used since the late 1980s for a few computer vision tasks [46], 

progress was slow until the mid-2000s when computing power and availability of data 

increased [46]. Deep CNNs have allowed models with multiple processing layers to be able 

to learn details of data with the abstraction of these details occurring over multiple layers 

[47]. The use of CNNs has eliminated the use of manual feature extraction as the model can 

extract features directly from pixel data [48]. CNNs consist of key layer types, which are the 

convolutional layers, pooling layers and the fully connected layers [47, 49]. This is 

illustrated in Figure 2.1 with further explanation given in the subsections.  

 

Figure 2.1. CNN layers. 

2.3.1 Convolutional Layer 

The convolutional layer is the first layer that is used to extract local features from the input 

image. This is done through the application of multiple filters (or kernels) across the image. 

This process would create feature maps that would add to the creation of a new image with 

the selected filter [50]. An image filter is a matrix with predefined image pixel values that 

would be used in an element-wise multiplication with the receptive field. This is used to 

detect a pattern in the data or image that is used in the input [50].  This convolution operation 

is described by Equation 2.1. Where the output represents the feature map, x represents the 
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receptive field from the input image, w represents the kernel matrix and t represents the time 

index. This is further illustrated in Figure 2.2 with an example of a 2-D convolution. 

 

S(t)= (x ⋆ w)(t)                                                                 (2.1) 

 

 

Figure 2.2. 2-D convolution. 

2.3.2 Pooling Layer 

The pooling layer performs the task of reducing the spatial size of the feature maps [51]. 

This is done using a function that either takes the maximum or the average value within the 

subregion of a sliding window [51]. Figure 2.3 illustrates the use of average pooling with a 

computed 3 x 3 matrix from a 5 x 5 matrix within a feature map. This would reduce 

computational time and resources during the training period [50]. 
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Figure 2.3. Average pooling operation on a 5 x 5 input. 

2.3.3 Fully Connected Layer 

The Fully Connected (FC) layer is positioned at the end of the network and performs the 

task of classification. This is done by categorizing the features, which are extracted after the 

convolutional and pooling layer for a specific class [52]. The fully connected layer is a dense 

layer of connected neurons [53]. The images that were retrieved after the convolutional and 

pooling layer would be transformed into a 1-dimensional array (flattened) before being sent 

through the FC layer [53]. The output FC layer would have the same number of neurons as 

the number of classes. The connections between the neurons are called weights and these 

weights are the trainable parameters that our model needs to learn. The FC layer task for 

classification is done through learning and associating specific features with the correct 

classes [53]. This is illustrated in Figure 2.4. 
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Figure 2.4. Fully connected layer. 

 

2.4 Architecture of Convolutional Neural Networks 

CNNs have undergone stages of evolution since their inception, leading to improvements in 

the architecture. These improvements have led to better-performing models in the computer 

vision field [54]. These updated architectures have focused on the ability to recognize 

features and patterns within an image [55]. 

2.4.1 LeNet-5 

LeNet-5 was one of the earliest architectures used commercially as a recognition system 

within the banking industry, specifically document recognition [56]. The LeNet-5 

architecture contained 7 layers with the layers labelled “Cx” as the convolutional layers and 

the layers labelled “Sx” being the subsampling layers. The FC layer is labelled as “F1”. 
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Figure 2.5 is the earliest introduction to the convolutional and pooling layers [56]. The 

LeNet-5 architecture was trained on the Modified National Institute of Standards and 

Technology database (MNIST) database and achieved an error rate of 0.8% [56]. 

 

Figure 2.5. LeNet-5 architecture [56]. 

2.4.2 AlexNet 

AlexNet was introduced in 2012, the network contains 8 learned layers with 5 convolutional 

layers and 3 FC layers [15]. The output of the last FC layer is fed into a 1000-way softmax 

that corresponds to the ImageNet dataset. The first convolutional layer has 96 filters 

followed by the second convolutional layer of 256 filters. The last three convolutional layers 

have a filter of 384,384 and 256 respectively. The two FC layers both have a total of 4096 

neurons each [15]. The architecture is illustrated in Figure 2.6. 

 

Figure 2.6. AlexNet architecture [15]. 
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2.4.3 VGG Net 

The VGG Net architecture design focused on increasing the network depth while 

maintaining other parameters of the network in enabling the network to learn more complex 

features [57]. The latest version of VGG Net had a network depth of 19 weight layers [57]. 

The network has 16 convolutional layers followed by three FC layers. Layer one has two 

convolutional layers of 64 filters each, followed by two more convolutional layers with 128 

filters each in the second layer. This is followed by three layers of four convolutional 

networks, having 256, 512 and 512 filters respectively. The three FC layers have 4096, 4096 

and 1000 neurons respectively. This is illustrated in Figure 2.7. 

 

Figure 2.7. VGGNet architecture [57]. 

2.4.4 ResNet 

Residual Networks (ResNet) is a residual learning network proposed to ease training for 

deeper networks [58]. The layers are formulated as learning residual functions with the input 

as a reference. ResNet is easier to optimize with the added accuracy gain from a deeper 

network [58]. Stacking more layers to a network doesn’t always contribute to a better-

performing network, which leads to the problem of vanishing or exploding gradients which 

hampers the convergence from the beginning [58]. This issue was addressed through 

normalized initialization layers [59]. A degradation problem was exposed as the network 

became deeper, leading to poor accuracy. The addition of more layers with the intention of 

increasing accuracy led to greater training errors [58,60,61]. The degradation problem is 

illustrated in Figure 2.8 with a network with 56 layers having higher training and test errors 

[58]. 
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iteration (1e4) 
(a) 

iteration (1e4) 
(b) 

Figure 2.8. Training error and test error on CIFAR-10 with a plain network [58].  

(a) Training error. (b) Test error. 

The proposed ResNet aimed to address this problem with the introduction of a deep residual 

learning framework which has skipped connections. These skipped connections perform 

identity mapping that is later added to the outputs of the blocks containing the layers as 

illustrated in Figure 2.9.  

 

Figure 2.9. Residual learning building block. 

Equation 2.2 defines the building block of Figure 2.9. x and y are the input and output 

respectively. The function f (x, {Wi}) defines the residual mapping that needs to be learned. 

 

y= f (x, {Wi}) +x                                                     (2.2) 
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2.5 Historical Context of Object Detection 

2.5.1 R-CNN 

Region-based convolutional neural networks (R-CNN) were proposed in 2014, which 

represented a significant improvement in the computer object detection field. The model 

used CNNs to perform localization and classification operations [16]. The R-CNN model 

takes an input image and proposes around 2000 regions. Each proposal is then sent through 

the CNN where features are attained, followed by the classification of each region [16]. The 

selective search algorithm proposes the regions. Each region proposal is then warped to a 

fixed size before being sent into the CNN. The features are classified using linear SVM 

which is trained for each class of object [16]. This model is illustrated in Figure 2.10. 

 

Figure 2.10. R-CNN algorithm framework [16]. 

2.5.2 Fast R-CNN 

Fast R-CNN’s improvements over R-CNN included having a single training process, which 

reduced the training time. Feature maps were shared, which meant that an entire image was 

processed through the CNN to produce the feature map. Region proposals would then be 

projected onto the shared feature map. This would allow for features for each region to be 

extracted using ROI (Region of Interest) pooling [17]. Fast R-CNN uses a multi-task loss 

function that combines the classification and bounding box regression losses, allowing for 

refinement of each loss simultaneously [17]. Region proposals are generated the same as R-

CNN using the selective search algorithm. The ROI pooling layer extracts fixed-size feature 

maps for each region proposal. The feature maps are fed into the FC layer followed by the 

classification based on the class [17]. This model is illustrated in Figure 2.11. 
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Figure 2.11. Fast R-CNN algorithm framework [17]. 

2.5.3 Faster R-CNN 

Faster R-CNN improvements over Fast R-CNN included the introduction of Region 

Proposal Networks (RPN), which allowed the model to generate region proposals through 

the introduced network [18]. This advancement over the selective search algorithm 

positively contributed to computational resources and time required during training [18]. 

Faster R-CNN followed a two-stage detection operation due to the addition of RPN being 

one stage, followed by the Fast R-CNN architecture. This model is illustrated in Figure 2.12. 

 

Figure 2.12. Faster R-CNN algorithm framework [18]. 

2.5.4 SSD 

Single Shot Detector (SSD) is a single pass-through model unlike Faster R-CNN and Mask 

R-CNN which uses an RPN. This makes the model faster as it does not require the added 

stage [62]. SSD uses feature maps from multiple layers of the network to detect objects at 
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different scales. Each layer’s operation detects objects of different sizes, which enables the 

model to be able to detect different-sized objects [62]. SSD uses default boxes of varying 

aspect ratios at different locations within several feature maps. For each of the default boxes, 

the shape offset, and confidence are predicted [62]. This model is illustrated in Figure 2.13. 

 

Figure 2.13. SSD algorithm framework.[62] 

2.5.5 YOLO 

You Only Look Once (YOLO) shares the same network concept as SSD, being a single-

stage detector [19]. The YOLO architecture divides the input image into a grid format, 

creating blocks within the image. Confidence scores are calculated and classification 

probabilities are predicted within those boxes [19]. To eliminate redundant or multiple 

detections, YOLO implements Non-Maximum Suppression (NMS) to filter out overlapping 

or redundant bounding boxes [19]. This model is illustrated in Figure 2.14. 

 

Figure 2.14. YOLO algorithm framework.[19] 

2.5.6 Object Detection Impact and Application 

Research conducted in [63], proposed the use of an Artificial Neural Network (ANN) model 

developed for fault detection on specular painted surfaces of automobiles. The authors 

propose Histogram of Orientated Gradients (HoG) feature vectors of a 20 × 20 image patch 
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to train the ANN model. This approach could provide a clear distinction between dirt, 

scratches and no defect classes. Superior results were obtained using images that had a higher 

contrast, namely images with a darker background and brighter defects. However, the 

authors did note that the ANN model could not classify images of metallic surfaces with 

small irregular spots or blemishes in a reliable manner further suggesting that the algorithm 

could be improved for noisy images. In a similar application, [64] proposed the use of 

deflectometry and vision-based technologies to overcome the problem of specular defects 

on vehicle body surfaces. They proposed a two-stage algorithm, in which the first was 

developed to enhance the image contrast between the image pixels with high-level and low-

level intensity to distinguish between the presence of defects or lack thereof. For the second 

step, they present localized directional blurring to provide background exclusion.  

 

More recently, [65] presented the results of an automatic surface defect inspection using 

machine vision methods. The proposed automatic inspection system extracts candidate 

defective regions which are classified according to dents, scratches and pseudo-defects with 

their relative shape, size and diver-gent features. A Support Vector Machine (SVM) was 

used in the classification of each class. In the work [66], computer vision techniques were 

used to identify defective parts on an assembly line. The captured images were pre-processed 

to remove background artifacts, reduce noise, correct orientation, and provide scaling for 

further processing. Objects of interest were then extracted based on their unique contours 

and centroid distance computation. Lastly, the detection results were based on the objects’ 

similarity rating to other stored predefined model shapes and likeness matching.  

 

In another industrial application, machine vision was used to provide robot guidance in a 

collaborative framework. The authors in [67] highlighted the importance of computer vision 

as an effective tool for providing autonomous systems that enable collaborative work 

between humans and industrial robots, thereby improving the robotic device positioning 

accuracy as tasks become increasingly complex. The authors in [68] focus on YOLO updates 

over the decade and illustrate the architecture of each update. The applications that were 

mentioned included the use of YOLO for steel surface detection. An application using Faster 

R-CNN was used to detect defects in chemical fibre paper tubes where human judgment was 

lacking in tracking the defects [69].  Authors in [70] mention the significance of having an 
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object detection application based on R-CNN to identify different clothes that had more 

complex features, contributing positively to the clothing commercial industry. The rapid 

development of deep learning models has been mentioned in [71], with benchmarks through 

the use of datasets that have been openly available to the computer vision community. The 

study [71], describes the importance of training these models on new datasets which may 

affect the results of the model. In [72], the adaptation of object detection algorithms in 

combination with autonomous vehicles, health care and surveillance systems applications 

are described. The use of neural network architecture as compared to conventional methods 

has come with its own set of challenges. This has prompted researchers to further investigate 

real-time detection and its use cases. The rise of Industry 4.0 and the concept of sustainability 

being the main focus in Industry 5.0, has driven research in technology to new heights as 

mentioned in [73]. In relation, YOLO and Faster R-CNN were models used within the 

transformation goals within the industry. Real-time processing takes precedence in that 

YOLO can achieve greater speeds as compared to Faster R-CNN for industrial applications 

such as robotics. However, it is mentioned that the trade would be seen in the accuracy, as 

Faster R-CNN is proven as more accurate.  

 

The study by [73] states that applications relating to defect detection and analysis, show that 

Faster R-CNN provides superior results in accurate localization of defects ensuring high 

performance of the production requirements as compared to YOLO. This work [73], further 

explains that object tracking within a dynamic environment with moving parts on conveyor 

belts has seen viable results from Faster R-CNN being capable of automated material 

handling systems. The success of Faster R-CNN over YOLO is mentioned within inventory 

management, having avoided delays caused by material shortages. Material is identified and 

counted minimizing wastage and preventing overstocking [73]. The authors in [74], state 

that object detection, classification and tracking are three computer vision technologies that 

are important within industrial applications. The study mentions the challenges that are faced 

with deep learning models including acquiring good quality data, addressing overfitting and 

underfitting and how quantifying the uncertainty relating to prediction scores.  

 

A review of machine learning and deep learning for object detection was conducted in [75]. 

The review mentions that machine vision is a field that aims to provide visual perception in 
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computers like humans. The use of deep learning may achieve that aim using the neural 

network in attaining high-level features in data. A comparative analysis was conducted in 

[76]. The review compares multiple one-stage and two-stage detectors based on the COCO 

and VOC dataset, and the conclusion outlines key takeaways from the review. There is a 

relationship between processing speed and accuracy. As accuracy is increased, speed is 

decreased due to the requirements in computational resources required for accuracy. This 

challenges researchers to develop more efficient networks to address these two concerns. 

The challenge of smaller objects within an image does affect a model’s output results. This 

is due to the lower number of pixels found on those smaller objects. A survey [77] discussing 

deep learning methods for object detection within smart manufacturing, introduces a topic 

relating to quality control in a manufacturing assembly line. The challenge stated that errors 

in processing material with defects not visible to the human eye may corrupt the production 

line. Applying more human workers leads to an increase in manufacturing expenses. To be 

able to provide an increase in production while maintaining the quality of the product may 

be possible using intelligent manufacturing. The survey suggested that the use of computer 

vision techniques resulted in automated quality inspection and reduced manufacturing 

expenses through labour cost reductions. Deep learning models were stated as achieving 

more reliable and more efficient inspection in more complex environments. The use of these 

models may be used in environments to learn more complex features.  

 

Work conducted by [78], describes industrial inspection as a challenging task in 

manufacturing. The challenge states that humans are not able to provide reliable inspection 

as compared to machines. The literature provides a case study for the use of deep learning 

neural networks to detect different classes of objects within an image. The sequence of 

detected objects from the model of choice was then compared to previous methods to outline 

any flaws detected within the process with the evidence attained through the use of a deep 

learning model. The authors concluded that the use of a deep learning model was applicable 

for industrial inspection. The work conducted by [79], provides information on the demand 

for robot-based depalletization systems, attributing the increase in demand to the growing 

sector relating to logistics, storage and supply chains. The challenge of unknown pallet 

layouts prompted the authors to propose a robust solution based on deep learning methods 

for computer vision. The term robust was suggested by the authors as the application using 
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a deep learning model was effective in processing variability in the data. The authors 

concluded that by using a CNN-based model for object detection, robust detection accuracy 

was achieved with the minimization of data required. The outcome resulted in a decrease in 

the commissioning time.  

 

Within the mining industry, the authors [80] provide a solution to inspect belt conveyors 

automatically using object detection and thermal imaging. The authors concluded that based 

on the YOLOv2 deep learning framework, they were able to achieve a reduction in false 

discovery and false rates of 52.46% and 61.03% respectively as compared to previous works. 

The work of [81], provides valuable insight into the use of machine learning for object 

detection in manufacturing applications. The article states that for manufacturing industries 

to remain competitive, those manufacturers must adopt feature recognition technologies 

within the computer-aided design (CAD) analysis field. The authors mention that due to the 

improvement of data availability in cyber manufacturing, the use of machine learning in 

combination with big data generated more profits within the manufacturing sector. The 

authors conclude the need for the use of a machine learning model, but the challenges are 

noted as well. The challenges include overcoming complexity, calculation errors and 

ambiguity.  

 

Research conducted by [82], states that with the increase in pace in the industrial sector, the 

need for a smart environment is increasing proportionally. The challenge associated with 

reducing downtime, safety risks and quality issues in an industrial environment prompted 

the authors to propose an R-CNN model to detect the faults in the product. Faster R-CNN 

was used with a VGGNet backbone to detect the classes of objects. The authors mentioned 

the challenges of the objects being small, the dataset being imbalanced using their custom 

dataset and the classes of objects being similar in features for a few classes. These challenges 

were addressed through the use of data augmentation for the data imbalances, the addition 

of bicubic interpolation for feature amplification and an addition of a centre loss to combat 

the similarities with more than one class. The authors concluded that the proposed Faster R-

CNN model had performed better in comparison to R-CNN and Fast R-CNN.  
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CNNs used for object detection have contributed to applications outside of the industrial 

field that require accurate output for quick responses. The study by [83], emphasizes accurate 

and timely access to data is imperative relating to disaster management. Data acquisition 

using unmanned aerial vehicles (UAV) provides insight into disaster-affected zones. The 

challenge stated by the authors [83] included the processing of large amounts of data in 

identifying these disaster zones in real-time. The authors mention that the methods used 

before the study was conducted, were done manually. The authors proposed the use of CNN 

to detect ground objects of interest. The study concluded with achieving a mAP of 24.50% 

across all classes using the YOLO model. 

2.6 Introduction to Mask R-CNN 

The Mask R-CNN model can classify and locate multiple objects with complex features with 

high precision at a pixel level [84]. The focus of this model’s unique feature is placed on its 

ability to perform instance segmentation and being able to classify and separate same-class 

overlapping or proximity objects [85]. The following sections will provide an overview of 

the architecture of the Mask R-CNN model, followed by a detailed explanation of each 

section within the architecture. The types of data augmentation will be explained and their 

function within the preprocessing step. Hardware and software influence on results will be 

elaborated. This is followed by case studies using Mask R-CNN in real-world and industrial 

applications.  

2.6.1 Mask R-CNN Architecture 

As shown in Figure 2.15, the Mask R-CNN is a deep learning model with the ability to 

achieve pixel-wise instance segmentation through the combination of object detection and 

semantic segmentation [20]. This model is an extension of Faster R-CNN by the addition of 

the mask branch. The literature review on Faster R-CNN has shown positive results in 

comparison with previous models. The addition of this branch performs the task of 

predicting the segmentation mask of each Region of Interest (RoI). This task is executed in 

parallel with the existing branch from Faster R-CNN that performs the task of classification 

and bounding box regression. The backbone used for feature extraction is Residual Neural 

Networks (ResNet) with the addition of the Feature Pyramid Network (FPN). The Region 
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Proposal Network (RPN) performs the task of generating region proposals that may contain 

the object of interest [18]. Once the region proposals are generated, the Region of Interest 

Align (ROI Align) layer performs the task of extracting features from the feature map. Mask 

RCNN was chosen for this study’s application since it is capable of instance segmentation 

[86]. With instance segmentation, objects within an image can be split into their respective 

detected classes as a single object and not a part of a set of objects as one class [87]. This 

would enable the detection of individual parts from a production line. The notable change of 

Mask R-CNN in comparison with Faster R-CNN was the replacement of the ROI (Region 

of Interest) pool with ROI Align, which would handle the misalignment and data loss 

between the input image and feature maps [20]. 

 

Figure 2.15. Mask R-CNN algorithm framework for parts detection [20]. 

 

2.6.2 Region Proposal Network (RPN) 

The RPN was introduced in [18]. This innovative development performed the task of 

generating high-quality region proposals directly from the feature maps produced by CNN. 

The RPN is modelled with a Fully Convolutional Network (FCN) [84]. An image is taken 

as an input in the RPN producing multiple rectangular object proposals as the output [18]. 

The region proposals are generated by sliding a network over the feature maps. The network 

itself uses a window with a spatial window of n x n being mapped to a lower-dimensional 

feature. At each sliding window location or anchor point, multiple region proposals are 

generated. The anchor boxes which are located at each anchor point are predefined with 

various scales and aspect ratios. These would be the reference points for generating 
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proposals. The network follows a two-stage prediction; which include the objectness score 

associated with the prediction of whether an object is within an anchor box, and the bounding 

box prediction stage provides the coordinates of the anchor boxes. Through the use of the 

RPN, an efficiency gain is achieved over the previous selective search method. The 

generation of high-quality proposals directly from feature maps does improve the overall 

accuracy of the model [18].  The RPN structure is shown in Figure 2.16. 

 

Figure 2.16. RPN structure [84]. 

 

2.6.3 Feature Pyramid Network (FPN) 

The FPN plays an important role in extracting features from an image that forms part of the 

CNN backbone, as shown in Figure 2.17. The feature extractor would perform the task of 

taking a single image of an unknown scale as the input image and would output feature maps 

at multiple levels [88, 89]. The low-level feature maps would include information such as 

edges, colour and textures while high-level feature maps would include information such as 

the object components or the object itself. This multi-scaled feature map would include 

information from all the different levels forming a set that has rich semantic data [90]. The 

bottom-up pathway uses ResNet as its backbone which is used to structure the bottom-up 

pathway and is comprised of convolution modules. The ResNet module proposed in 2015 

[58] has greatly improved the accuracy of image classification. The advantage of ResNet is 

the ability for a model to be trained at a deeper level within the neural networks [91]. A 

degradation problem was exposed when deeper networks started to converge [58]. With the 
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network depth increase, accuracy was decreased due to saturation. ResNet was proposed to 

solve this issue leading to better accuracy with a deeper network [58]. 

 

Figure 2.17. Feature Pyramid Network [90]. 

2.6.4 ROIAlign 

In contrast to Faster R-CNN’s, ROI Pooling is an operation that is used to extract feature 

maps from an ROI. Faster R-CNN was not designed for pixel-to-pixel alignment using ROI 

Pooling. This performs stride quantization resulting in misalignment and loss of data. While 

ROI Pooling may not affect classification, it does have a negative impact on predicting the 

masks generated for each pixel of the object [20]. With ROIAlign, as shown in Figure 2.18, 

no quantization is applied. This eliminates misalignment and data loss between the extracted 

features with the inputs [20]. Bilinear interpolation is used to calculate the values at four 

locations within the bin location of each ROI. The final value is achieved by the maximum 

or average of those values [20]. 

 

Figure 2.18. ROIAlign [20]. 
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2.6.5 Mask Branch 

Mask R-CNN extends on Faster R-CNN with the addition of the mask branch, that is able to 

generate segmentation masks for each instance [20]. Instance segmentation comes with its 

challenges as two operations need to be processed. Namely, correctly classifying the objects 

within the image followed by the process of the precise segmentation of that object within 

the image [20, 84, 85]. As Faster R-CNN was not designed for pixel-to-pixel segmentation; 

Mask R-CNN makes use of ROIAlign to accomplish this task. The use of ROIAlign has 

assisted with the issue of misalignment. Binary masks are applied to each class of object 

independently. This is done to ensure that each mask that has been predicted does not 

interfere with the remaining predictions within the image thereby allowing for high-quality 

precise segmentation masks [20]. The mask branch as illustrated at the bottom right in Figure 

2.15, consists of multiple convolutional layers that take the features from ROIAlign as 

inputs. The refinements through these convolutional layers produce the required masks for 

each instance [84, 85]. With the addition of the parallel branch to the architecture; a multi-

loss function follows the combination of the classification, bounding box, and mask losses 

respectively [20].  

2.7 Application of Mask R-CNN 

The application of Mask R-CNN has been well documented in literature for industrial, 

medical, environmental, construction and agricultural fields. The case studies below 

elaborate on the viability and its ability to be used in an industrial environment. 

2.7.1 Case Studies 

The use of instance segmentation models within the industry can vary in applications from 

quality control to counting and size estimation of an object and represents one of the classic 

tasks in computer vision. Essentially image segmentation can be considered as a clustering 

problem. In the work of [92], the focus was to detect florae in aerial images and it showed 

that the Mask R-CNN model was not only effective in counting but was also able to 
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determine the size of each vegetable based on the segmentation mask. They achieved a 

detection accuracy of ~78% for potatoes and ~98% for lettuces [92]. In another study [93], 

a Mask R-CNN model was used to identify, and segment manufactured parts in an assembly 

line. The parts were recognized and segmented with an accuracy of 87.5%. Recently, in a 

study conducted by [94], the challenge of accurate instance segmentation to determine tree 

density within a forest was highlighted. While the paper does not consider the approach of 

utilizing a Mask R-CNN model, the challenge presented shows similarity within the 

manufacturing industry for determining the utilization of space on an assembly line or a parts 

hanger as in the case of this study. In [95], the study involved counting livestock using the 

Mask R-CNN model. In all the defined categories, it resulted in an Average Precision (AP) 

of ~95% and an overall accuracy of ~93%. In comparison to other approaches, such as the 

You Only Look Once (YOLOv3), Faster R-CNN and Single Shot Multibox Detector (SSD), 

Mask R-CNN was the superior model [95]. Further, in a research study based on counting 

bacterial growth within a petri dish whereby the illumination was controlled throughout the 

experiment, the highest scoring model was achieved using Mask R-CNN. Interestingly, it 

achieved an AP of 93.8% and a mean absolute percentage error of 2.3% [96]. In another 

unique study based on pest identification and counting, a modified version of the Mask R-

CNN model was used. The model was able to achieve an AP of 80.2% from 79.6% and was 

the highest-scoring model when compared to Faster R-CNN, YOLO and SSD500 [97].  

 

In a study conducted by [98], the application of Mask R-CNN for defect identification in 

printed circuit boards (PCBs) was evaluated. Two different datasets were used to test the 

efficacy of the model which included missing vias and electrical short-circuits of copper 

tracks on the PCB layers. An impressive high accuracy within the range of 95% and 99% 

was achieved. Hence, based on the diverse range of applications that the Mask R-CNN model 

has successfully been applied; we propose its use in this study. A work [99] relating to cabin 

pose measurements; discusses the challenges of using traditional image segmentation 

methods which may be influenced negatively by the industrial environment. It is explained 

that this negative influence may affect the recognition effectiveness. During the study, it was 

explained that the choice of hyperparameter has a significant influence on the results of the 

model. According to the authors, the use of deeper neural networks contributed to improving 
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recognition accuracy. The Mask R-CNN model was able to achieve an overall accuracy of 

98.84% using the ResNet101 network, which outperformed previous models.  

 

An article [100] describes the challenges in the industrial fiber cloth process. Stains and 

defects are produced as the material is being processed, thus impacting sales negatively. The 

manufacturer relied on manual inspection and classification of defect types. The authors 

explain that due to visual fatigue, classification errors are prevalent. This prompted the 

authors to use Mask R-CNN with the combination of the FPN and the ResNet101 network 

to decrease the impact. A learning rate of 0.001 and 0.0001 are used within this study. The 

authors concluded after achieving an overall accuracy of ~87% that the model’s results were 

acceptable to be applied in the production process of filter cloths. 

 

The Mask R-CNN model was used in a robotic system [101]. The authors describe instance 

segmentation as a fundamental skill in robotic or autonomous systems. The main objective 

of this paper was to identify and enumerate the object that was detected in the image. The 

use of object detection was implemented for a pick-and-place application. The authors were 

able to achieve a mAP of 35.1% using a modified Mask R-CNN model. Furthermore, the 

model was able to achieve an error rate of 0.82%. The authors concluded that the Mask R-

CNN had achieved high precision and recall rate and performed strongly in the robotic 

application. The main challenge noted in this study was related to occlusion due to objects 

being very close to one another. The use of instance segmentation was critical in addressing 

this challenge. A study [102], conducted on the application of Mask R-CNN used for 

automated identification of oil well sites using satellite imagery aimed to improve the 

efficiency and accuracy of detecting the sites. The main challenges included the use of 

images with smaller details. Atmospheric conditions did contribute to reduced performance. 

The oil sites themselves were able to be confused with other similar-looking features. The 

detection on the sites as compared to the area surrounding it did pose an additional challenge. 

A mAP of 63.02% was achieved which was higher as compared to Deeplab v3+ and HRNet 

v2.  

 

Human intervention within a process may sometimes be difficult to implement. This 

challenge was noted in [103], where a robot with a computer vision system was used to 
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detect the stones and remove them during inspection. Artificial light was used to obtain the 

images during processing. ResNet101 was chosen as the network backbone. The authors 

mentioned a 92% average detection precision rate and a recall rate of 90%. The authors 

stated that through their literature review, inspection in the same process usually focused on 

defect detection rather than classification as it posed more challenges. These studies were 

based on the YOLO framework. The focus with the use of Mask R-CNN was based on robust 

and accurate detection, with the possibility of detecting objects in low light conditions. The 

study methodology provided a dataset of 280 pictures in total, where the VGG Image 

Annotator (VIA) tool [104], was used to annotate each image. The model was tested in a 

real-world environment where the authors stated that the model was able to detect objects in 

low lighting conditions. It was concluded that the model was able to be used in real time. 

 

Occlusion has been a challenge in computer vision applications as noted in [105]. Moreover, 

accurate length estimation has been stated as a challenge in aquaculture environments. The 

study proposed the use of Mask R-CNN to determine the length of fish. The mask branch 

was used to eliminate fish which were incomplete within the image and only determine the 

length of fish which was fully available in the image. The results from this study showed a 

mean relative error rate of less than 5%. The authors concluded that the use of the Mask R-

CNN model may be applied in the aquaculture environment. A similar challenge in this 

research is present within the industrial environment. Having objects that are incomplete 

within an image may contribute towards false detections. Quality assurance usually requires 

human intervention where sensors or hardware are not available. This is usually done 

through the physical inspection of the part for defects. Defects may not only be an additional 

cost within the process but may pose a hazard for the user or customer that may use it. This 

challenge has been stated in [106]. The authors mention that the use of trained workers to 

inspect defects is inefficient and inconsistent. Traditional image classification methods may 

be able to solve this problem, however, these methods lack the robust capabilities required 

to perform within an industrial environment. The authors state that to be able to acquire 

usable data from the field, a fixed camera within the process is required. The use of computer 

vision applications within an industrial environment should only be trained on objects that 

need to be detected which would economically benefit the requirements of the company. 

The study achieved a mAP of 87.7% using an improved Mask R-CNN model with the 
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ResNet101 backbone architecture. The authors did highlight that due to the limitations of 

the selected GPU, the tuning of all hyperparameters would have not been viable to achieve 

optimum results. Hence the need for further studies on the model through optimal parameter 

selection. This need for further studies has seen an increase in the use of deep learning 

models being used in different types of industrial environments. This was noted in [107], 

where the authors mention that the implementation of unmanned cultivation and production 

methods in plant factories are aimed for the near future. Automatic plant growth monitoring 

was stated as an important technology required for further development in large-scale plant 

factories. The use of Light Emitting Diodes (LEDs) were used in the environment to ensure 

that the enhanced area where the images were obtained would produce high-quality data. 

The dataset was resized to avoid complexity while being trained with the model. The model 

was trained with pre-trained weights through transfer learning. The study conducted a 

comparative analysis between various backbone architectures. This included ResNet50, 

ResNet101, EfficientNet_B0 and MobileNet v3. The different networks were all trained on 

the same dataset. The results concluded that ResNet101 achieved the lowest losses of 0.09% 

as compared to the other stated networks. The ResNet101 was able to achieve a mAP of 

90.4% and was also the highest when compared with the other networks. The authors 

concluded that the use of Mask R-CNN with the ResNet101 backbone provided the most 

superior results in the study.  

 

After fine-tuning the model, a mAP of 91.32% was achieved. A comparison was done with 

existing models, which included PolarMask, BlendMask and Segmenting Objects by 

Location (SOLO). The main advantages of PolarMask include high efficiency with a 

simplified process. The disadvantage was the lack of robustness for complex cases. 

BlendMask’s advantages included the high precision with overall better performance 

relating to smaller objects while the disadvantages were noted as challenges relating to more 

complex applications. SOLO was noted as being highly efficient while performing poorly 

when being applied to detect smaller objects. The Mask R-CNN model was deemed highly 

precise in segmentation with the added advantage of being able to adapt to different objects 

that it was trained on. The disadvantage includes the high computational cost of training and 

testing the model. Although the food manufacturing process is not similar to the industry in 

this paper, the challenges are similar and may be related to general industrial challenges. The 
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following study conducted within the food manufacturing industry [108] indicated the use 

of deep learning models has seen an increase in interest within the food manufacturing 

industry. The main challenges for the use of such models are related to the increase in food 

quality requirements. This challenge is specific to insects that may damage or destroy crops. 

The need to monitor these insects may result in the reduction of crop destruction. The authors 

state that the need for manual intervention may be a time-consuming process, thus the study 

proposed the use of Mask R-CNN as the deep learning model for the food manufacturing 

field. The use of 165 images was used as the dataset in this training. A set of image 

augmentations were applied and included the rotation and zooming of the images. The 

training dataset was annotated using the VIA tool. A comparative analysis was performed 

between different models that ran on the same dataset. These models included the R-CNN, 

Faster R-CNN, RetinaNet, SSD and Mask R-CNN.  

 

Mask R-CNN with a ResNet101 backbone network was able to achieve a mAP of 96.89%, 

being the highest-performing model compared to previously stated models. The study 

illustrated that with the use of a deeper network such as ResNet101, the detection accuracy 

was higher as compared to the other networks. The authors did state that Mask R-CNN does 

require less time to train and validate as compared to other models. Further, it was able to 

achieve a training time of 3.1 hours and a testing time of 0.47 seconds, which was better than 

the other models on average. These results are dependent on the hardware and the dataset 

that was used within the study. SSD was noted as being slightly faster during testing, 

achieving 0.36 seconds. The authors concluded that the use of the model was able to assist 

farmers in cost saving and reduce damage to the environment through the use of the model 

in the fields. A paper providing a comprehensive literature review based on the deep learning 

models used for product recognition [109]. The challenges and techniques used are presented 

in the paper. Manually locating a barcode on a product due to uncertain printing positions 

was stated as a challenge when trying to determine the product at the counter. According to 

the survey [109], 45% of customers had complained about the difficulties related to scanning 

products. RFID was mentioned as being used in the field to identify products. However, the 

use of RFID is met with its challenges that relate to scanning multiple products. Products 

using this technology may produce high error rates due to radio waves being blocked or 

signals influencing one another as stated by the authors. Another well-known problem relates 



CHAPTER 2 LITERATURE REVIEW 

Department of Electronic and Computer Engineering 
Durban University of Technology 

36

to the cost of RFID tags and the difficulty with recycling the tags. These challenges may 

inadvertently increase the cost per product if incorporated within the manufacturing process. 

The authors noted that with the advancement of camera technologies, the accessibility to 

image data has become more readily available. This has prompted the use of computer vision 

applications within industrial and retail sectors to reduce manual identification.  

 

The process of image recognition systems according to the authors follows a step-by-step 

process. This process includes acquiring the image dataset, which would be through the use 

of cameras. The images would go through a preprocessing stage where it would be enhanced 

for better feature extraction. The feature classification process provides the output of the 

recognized object within the image. The main challenges relating to the use of deep learning 

models for product detection were summarized in four aspects. The first challenge included 

large-scale classification. The number of products needed to be identified may exceed the 

capabilities of the traditional object detectors. While most object detectors were evaluated 

on the COCO or PASCAL VOC dataset, the maximum number of categories were noted as 

80 and 20 categories respectively at the time of this paper’s publication [109]. The results 

gathered from those datasets may not have shown an accurate result to model performance 

to categories of products found in the retail industry as it surpassed the amount. The second 

challenge that was noted related to the data limitation when using deep learning models. To 

create a dataset with a huge, annotated image dataset is time-consuming. The authors 

mentioned that the majority of training data has been acquired under ideal lighting conditions 

where product detail is sufficient. This, however, is never the case in the practical 

environment.  

 

Another challenge that is of high interest is related to intraclass variations. This is the 

challenge to distinguish between sub-categories due to each product sharing similar features 

with minimal variation in the overall appearance of the product. The authors have stated that 

this challenge has also been a popular topic within literature. The environment greatly affects 

the overall accuracy of the model when identifying intraclass objects. The final challenge 

that was noted by the authors related to the flexibility of the model, as new products are 

being added or removed from production. The question of having a pragmatic model with 

the ability to adapt to these changes was raised. The authors proposed techniques to address 
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these challenges. The main problem of image classification lies in feature extraction, through 

the use of extracted features. Objects can be classified into groups. This has been addressed 

through the use of a deep learning model and addresses the challenge of large-scale 

classifications. Through the use of data augmentation, the challenge of data limitations can 

be overcome. The authors state that gathering large amounts of data may be time-consuming 

and expensive. Data augmentation is a common practice in deep learning model training for 

trying to handle the limitations of data. The technique takes a small set of data and applies 

image augmentation to enhance and enlarge the small set of data initially used. The challenge 

of fine-grained classification relating to intraclass variations may provide positive results if 

managed. Furthermore, the challenge of intraclass variation may worsen due to blur, 

lighting, deformation and the alignment of the product as noted by the authors. This 

challenge was addressed with a context awareness technique. Context information may be 

useful for model performance increases through the ability to provide information relating 

to spatial and semantic information between the classes of objects in an image. These 

intraclass variations may be detected if the different classes are next to one another in the 

image training dataset. The authors state this technique addresses the challenge not only 

through the visual features of the classes with these intraclass variations but also through the 

spatial location of the objects in the image. The study compared the performance of deep 

learning models based on the Densely Segmented Supermarket (D2S) dataset. The dataset 

provided pixel-wise annotations on 21000 high-resolution images of groceries. Mask R-

CNN achieved an mAP of 89.8% and was the highest-achieving model as compared to FCIS, 

Faster R-CNN and RetinaNet. The comprehensive literature review provided extensive 

information relating to the challenges. Mask R-CNN was highlighted as a model with robust 

capabilities being able to address these challenges while achieving high precision scores.  

2.8 Performance Evaluation 

The performance of Mask R-CNN can be evaluated quantitatively using Equations 2.3 – 2.5. 

The model’s performance has been compared with the previous state-of-the-art models and 

comparisons on key features will be elaborated on in the following section. The use of Mask 

R-CNN has been chosen in this study based on the performance of the model over previous 

models. 
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2.8.1 Performance Criteria 

The objective of evaluating the model’s performance is to provide information on its 

robustness capabilities. Furthermore, areas for improvements within the model based on the 

unique dataset used. The evaluation criteria used similar equations as mentioned in [110]. 

The AP determined the efficacy of the model. The precision and recall values were needed 

to generate a precision versus recall curve. The area under this curve would provide the 

percentage of the AP of the model after being trained. The AP relates to the average over all 

classes that were used in the model. This description is given in the COCO metrics 

description [111]. Thus, this would traditionally be called the mAP. Equations 2.3 – 2.5 

provide the definitions relating to each criterion. 

 

The model precision is calculated as: 

 Precision = 
TP

TP+FP
 (2.3) 

                                                    

where True Positive (TP) represents the objects that were detected by the model and are 

the correctly detected class. False Positive (FP) represents objects that were incorrectly 

classified 

 

The model recall is calculated as: 

 Recall = 
TP

TP+FN
 (2.4) 

where False Negative (FN) are objects with a positive class that were present in the image 

but were not detected by the model. 

 

The area under the precision-recall curve represents the AP of the model, where p and 

r represents the precision and recall, respectively: 

 AP = ∫ p(r)dr
ଵ

଴
 (2.5) 
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2.8.2 Benchmarking and Datasets 

Object detection has been described as a fundamental problem in [112]. This paper has 

highlighted that the main objective of object detectors is to detect and localize objects 

belonging to a predefined class. The number of applications that have been developed using 

deep learning models has span multiple fields. These fields include surveillance, robotics 

augmented reality and the use of applications that may lighten the repetitive work required 

by humans. The advancement of deep learning models has mostly used benchmark datasets 

that are readily available online. These datasets include the COCO, PASCAL VOC and 

ImageNet datasets. The PASCAL VOC is one of the most popular datasets available. The 

dataset is prevalent in the literature. The dataset has a total of 20 categories with a training 

and validation dataset of 11530 images containing 27450 ROIs [113]. The classes contain 

objects such as cars, people and various animals.  

 

ImageNet is an image dataset that contains a total of ~1.2 million training images, 50 

thousand validation images and 100 thousand test images with a total of 1000 object classes 

[114]. This dataset is considerably larger as compared to the other datasets. This dataset does 

not provide annotations for the images in the dataset as compared to the other datasets. 

However, it is noted in [112], that this dataset is used in pre-trained models before being 

finetuned on another dataset. The COCO dataset is the most recent and most popular dataset 

that contains both object detection, segmentation and captioning datasets. The dataset has a 

total of 330 thousand images for training and validation datasets with ~200 thousand labelled 

images. There is a total of 80 classes with a total of 1.5 million object instances. The dataset 

that is of importance in this work relates to the segmentation masks that have been provided 

for every instance in the dataset [111]. The main aim of these datasets that are readily 

available to the public is solely meant for the advancement in research relating to the field 

of object detection capabilities. These datasets are released to the public for educational and 

research purposes and not for commercial use [113]. The use of these datasets for 

benchmarking deep learning models does raise the question of whether the dataset itself has 

been vetted to be viable as a benchmarking tool. This question prompted the authors of [115] 

to investigate further. The authors state that the dataset used does contain errors and 

imperfections coming from the annotation process. However, the authors claim this error is 

common amongst large datasets done through human intervention. These errors, especially 
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in ground truth annotation, may pose as noise during the learning process. Throughout the 

study, specific types of errors were mentioned. These errors included in the study noted that 

the coarse boundaries aren’t able to wrap around the object's edges as tight as required. This 

may affect the pixel-precise masks of the objects in certain classes. The masks were also 

noted as not having holes in objects that did require it. This was due to the lack of capability 

of the provided COCO annotators. Masks were not able to handle occlusion consistently as 

objects that were too close to one another and were annotated together. Some masks of 

certain objects in an image were missing or a single mask was annotated to represent the rest 

of the objects. Duplicate masks were also discovered in the dataset. The authors have stated 

that a reassessment for the datasets may be needed due to these errors made through human 

intervention during the annotation process. However, the results in the study showed an AP 

difference of 4% using Mask R-CNN based on their improved dataset as compared to the 

COCO dataset, with the latter being lower. This uncertainty in dataset volume and quality is 

an ongoing topic of research within the computer vision research community as mentioned 

by the authors. 

2.8.3 Model Comparisons 

A comprehensive comparative analysis between the use of YOLO and Faster R-CNN in 

smart industries highlights the applications, challenges and opportunities of each model [73]. 

The authors compared the key features of the models as compared to the application 

function. YOLO was deemed as having the capability of real-time object detection and 

positively contributing to collision avoidance and pedestrian safety. Faster R-CNN was 

described as offering high accuracy scores relating to applications that focused on precision 

rather than speed alone. This would assist with understanding the situation when presented 

with obstacle avoidance. YOLO was able to detect cars quickly in autonomous driving 

systems while Faster R-CNN was able to accurately identify with a higher accuracy score as 

compared to YOLO. YOLO can handle complex scenes effectively with multiple objects. 

Faster R-CNN has shown a higher performance in areas which has occlusion, crowded 

situations and challenging conditions as compared to YOLO. YOLO's primary advantage 

has been described as having a faster real-time processing capability as compared to Faster 

R-CNN. While YOLO might be quicker in detections, Faster R-CNN can provide a far 

greater score in terms of accuracy and precision as stated by the authors. Both YOLO and 
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Faster R-CNN may be customized for different fields or environments. YOLO’s architecture 

allows for greater flexibility. This allows for greater adaptability and changes to be made 

when coming to fine tuning for an application. In terms of algorithm robustness, Faster R-

CNN may be deemed more robust as compared to YOLO due to the higher accuracy scores 

as stated by the authors. The authors in [76], outlined the advantages and disadvantages of 

various backbones that may be used with the models. Alexnet brought about the introduction 

of having consecutive convolutional layers with the use of down sampling was seen as an 

advantage. The network's use of non-linearity due to the Relu function within the model 

resulted in better performance. With the use of fewer parameters in the network, the 

computational resources and complexities were decreased. The limitations that were noted 

by the authors related to the use of large receptive fields during the feature extraction process.  

 

Even though the network introduced the use of consecutive convolutional layers, the 

accuracy through the network was still deemed as being low. The network did become 

memory intensive due to the overlapping of pixels from the blocks. Alexnet’s wasn’t as 

compatible as compared to other models and lacked adaptability when applied to complex 

tasks as described by the authors. As with technological advancements, VGGNets was 

introduced. The network was deeper as compared to AlexNet with the use of small 

convolutional filters. VGGNets were deemed as being able to generalize well with different 

datasets that were used in the training and testing process of the model. The network did, 

however, have limitations. More parameters were making the network more computationally 

intensive thereby leading to the network being slower to train. The use of this network did 

reveal a problem described as the exploding gradient due to having a deeper network. The 

network was stated as being specific to particular applications.  

 

ResNet addressed the challenges related to the exploding or vanishing gradient due to deeper 

networks through the use of skipped connections. There were fewer parameters used hence 

making it faster as compared to VGGNets leading to faster training times. The network was 

able to generalise well with a broad range of datasets. ResNet was computationally heavier 

as compared to VGGNets, requiring more floating-point operations per second. The 

architecture was more complex as compared to VGGNets. The review in [76], provided a 
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detailed comparison between the deep learning models with their key advantages and 

limitations.  

 

R-CNN was stated as simple to use in applications for classification and provided the 

foundation for future improvements to the field. The limitations were used as areas that 

needed to be improved going forward. This was related to the 2000 regions that needed to 

be classified separately, leading to high computational burden during the training process. 

Due to the model being slow, it was deemed not viable to be used in real-time applications. 

The selective search algorithm used had no learning capabilities when addressing the 

regional proposal process. These limitations as mentioned are investigated in the subsequent 

sections. SPPNet was faster as compared to R-CNN due to multi-scale allowed inputs to the 

feature extractor through the application of the spatial pyramid network. The limitations of 

SPPNet were carried over from R-CNN, namely, the use of the selective search algorithm 

adding to computational time resources. SPPNet does not provide an end-to-end learning 

architecture.  

 

With the introduction of Fast R-CNN, model performance was greater than that of SPPNet 

through the introduction of ROI pooling. The addition of bounding box regression in parallel 

to classification was a key feature along with the ability to use RPN in conjunction with 

CNNs. The limitations were similar to the previously mentioned model relating to the 

selective search algorithm and bottlenecks due to the region proposals process. Faster R-

CNN introduced the use of RPN instead of the selective search algorithm, this was a 

substantial achievement as compared to Fast R-CNN, hence decreasing the computation time 

resources needed during the training process.  

 

Another key feature was the introduction of the anchor boxes and the multi-task losses. This 

made the Faster R-CNN model quicker and more accurate in comparison to Fast R-CNN. 

The limitation of Faster R-CNN was noted as requiring several passes of an image through 

the model to extract an object. The model did have difficulties in detecting smaller objects 

due to the use of a single deep layer for predictions. There was a limitation relating to the 

class imbalance of data leading to biased predictions or lower performance scores. Mask R-

CNN improved performance through the replacement of the ROIPool layer with the 
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ROIAlign layer which was used in the model previously. A comparative analysis of the Mask 

R-CNN model with multiple backbones was conducted in [116]. As previously mentioned, 

the backbone architecture of the Mask R-CNN mode consists of the FPN, RPN and the 

ROIAlign. The paper [116] investigated the CNN backbone used in the model, specifically, 

ResNet101, ResNet50 and MobileNetv1.  

 

The models were compared using the PennFudan dataset [116]. The outcome results have 

shown that ResNet101 supersedes the other backbone CNNs having achieved a mAP of 

98.3% as compared to the other backbones. ResNet was developed to provide a deep network 

without having the vanishing gradient problem. This was through the acceleration of 

convergence of the network. ResNet101 was able to outperform other networks when 

comparisons were made to the RPN class losses with a value of 0.60 for the training and 

0.69 for the validation, which was lower in comparison to the other networks. This refers to 

the losses that are associated with RPN anchor classifiers providing information on whether 

an anchor box contains an object or not. The loss of the RPN bounding boxes were 8.03 and 

7.71 for the train and validation dataset respectively, which was lower than the other 

networks. The loss of the Mask R-CNN class losses was lower as well with a value of 7.41 

and 6.74 for the training and validation dataset. The multi-task losses were in total lower 

than the other networks, providing evidence that a deeper network using ResNet101 

achieved a better performance. The authors concluded that ResNet101 had performed better 

as compared to ResNet50 and MobileNetv1 in terms of mAP, Mean Average Recall (mAR) 

and F1- scores. The model performance of Mask R-CNN may not only be compared with 

other deep learning models but also with the other backbones using the same model. The 

dataset does influence the outcome as mentioned. Table 2.1 provides results on the mAP 

based on the COCO dataset using various models and backbones following the two-stage 

detector configuration. The table illustrates the performance of Mask R-CNN superseding 

other deep learning models. 
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Table 2.1. COCO dataset two-stage based models. 

Method Backbone Data rnAP mAP  

[0.5,0.95] 

Fast R-CNN [18], 2015 VGGNet-16 train 39.3 19.3 

Fast R-CNN [17], 2015 VGGNet-16 train 35.9 19.7 

Fast R-CNN [117], 2015 VGGNet-16 train 40.3 20 

Fast R-CNN [117], 2015 VGGNet-16 train 39.9 20.5 

Faster R-CNN [18], 2017 VGGNet-16 train 42.1 21.5 

Faster R-CNN [18], 2017 VGGNet-16 trainval 42.7 21.9 

OHEM [118], 2016 VGGNet-16 trainval 42.5 22.6 

SIN [119], 2018 VGGNet-16 train 44.5 23.2 

ION [117], 2015 VGGNet-16 train 43.2 23.6 

ION [117], 2015 VGGNet-16 train+S 46.3 24.6 

OHEM++ [118], 2016 VGGNet-16 trainval 45.9 25.5 

Faster+Cascade RCNN [120], 2018 VGGNet-16 train 44.3 26.9 

Faster R-CNN [58], 2016 ResNet-101 train 48.4 27.2 

Noc [121], 2015 ResNet101 train 48.4 27.2 

R-FCN [122], 2016 ResNet-101 train 48.9 27.6 

R-FCN multi-sc-train [122], 2016 ResNet-101 train 49.1 27.8 

MLKP [123], 2018 ResNet101 trainval35k 52.4 28.6 

R-FCN [122], 2016 ResNet-101 trainval 51.5 29.2 

R-FCN multi-sc-train [122], 2016 ResNet-101 trainval 51.9 29.9 

R-FCN w Cascade RCNN [120], 2018 ResNet-50 train 49.9 30.9 

R-FCN multi-sc-train, test [122], 2016 ResNet-101 trainval 53.2 31.5 

SMN [124], 2017 VGGNet16 trainva135k 52.2 31.6 

CoupleNet [125], 2017 ResNet-101 trainval 53.5 33.1 

ION [117], 2015 VGGNet-16 trainval35k+S 55.7 33.1 

MPN [126], 2016 VGGNet16 train 51.9 33.2 

R-FCN+Cascade RCNN [120], 2018 ResNet-101 train 52.6 33.3 
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ACoup1eNet [127], 2019 ResNet-101 trainval+S 54.1 34.1 

CoupleNet msc train [125], 2017 ResNet-101 trainval 54.8 34.4 

Faster R-CNN G-RMI [128], 2017 Inception-ResNet-V2 trainval 55.5 34.7 

Faster R-CNN+++ [58], 2016 ResNet-101-C4 trainval 55.7 34.9 

ACoupleNet mst train [127], 2019 ResNet-101 trainval+S 55.7 35.4 

RDSNet 600 [128], 2019 ResNet-101 trainval35k 55.2 36 

Faster R-CNN w/ FPN [90], 2016 ResNet-101-FPN trainva135k 59.1 36.2 

FPN FRCN [90], 2016 ResNet-101 trainval 59.1 36.2 

Faster R-CNN w/ TDM [130], 2016 Inception-ResNet-v2-TDM trainval 57.8 37.3 

TDM [130], 2017 Inception-ResNet-v2-TDM trainval 57.8 37.3 

Deformable R-FCN [131], 2017 Aligned-Inception-Resnet trainval 58 37.5 

RDSNet 800 [128], 2019 ResNet-101 trainva135k 58.5 38.1 

Mask R-CNN [20], 2017 ResNet-101-FPN trainva135k 60.3 38.2 

2.9 Challenges and Limitations 

In general, challenges relating to object detection applications and instance segmentation 

have been mentioned in multiple literature. A survey discussing deep learning models used 

for generic object detection applications [132], makes mention of the challenges relating to 

intra-class variations. The survey states that object instances that may be detected within 

intra-class variations may be considered a model robust if the model can address this 

challenge. Imaging conditions related to the environment may impact the results negatively 

of a model [132, 133]. The variability of an object may pose a challenge in itself as the object 

may appear with various colours, sizes and shapes. This may make it challenging for the 

model to be able to generalize well. Lighting conditions and occlusion may further 

complicate the outcome of the results as details may be missed in the image with the 

unfavourable conditions [13, 132]. Data annotation has been a challenge in all object 

detection applications as the task is time-consuming and may lead to human error due to 

fatigue or ambiguous requirements. The quality of data annotation has a direct impact on the 

model’s performance [134, 135]. For applications that require live data to calculate a 

response, real-time performance from a model becomes crucial. However, the balance 
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between accuracy and speed is a well-noted challenge in literature and is dependent on the 

efficiency required in the application [19, 62]. Detecting small objects based on a unique 

dataset may pose an additional challenge due to lower resolution making it difficult to 

identify features [90, 136]. For certain classes in a dataset, there may be an 

overrepresentation. This overrepresentation may bias the model resulting in false positives 

and no detections. Techniques like augmentation may be used to correct this issue as 

mentioned earlier in the literature [137, 138]. 

2.10 Summary 

The literature review expanded on key achievements in deep learning and computer vision. 

Focus was placed on the Mask R-CNN model and its capabilities in an industrial 

environment. Various object detection models were analysed, and their strengths and 

limitations were highlighted. Insights were provided into data selection, evaluation metrics, 

and hyperparameter tuning for enhanced model accuracy. Furthermore, challenges in real-

world settings, such as lighting and occlusion, were considered to shape the foundation in 

the methodology chapter of this study. 

 

 

 

 



 

 

CHAPTER 3 Methodology 

3.1 Introduction 

The current problem as mentioned previously stems from the error in data produced through 

human error. This data is not live and there is a delay in information travelling from one 

department to another. This challenge has prompted the investigation and application of the 

use of a deep learning model that could be used to provide live data to all relevant 

stakeholders in the firm. The main objective of the implementation of the deep learning 

model would be to provide accurate data with the lowest error rate from the model. The 

significance of solving this problem would not only provide the required data but this would 

streamline the manufacturing process relating to response management.  

 

Through the literature review, enough evidence has been provided to support that the Mask 

R-CNN model has sufficient capability to meet these objectives. As the study was done in 

an industrial environment, environmental conditions were maintained as much as possible 

to provide stability to the dataset and the performance of the model during the training phase. 

The data collection method will be explained with the hardware used to retrieve the dataset. 

The dataset went through a preprocessing phase where the benefits and methodologies  are 

explained. Elaborations are given on the calculations and decisions used in the model. The 

training methodology is explained with details on the hyperparameters and their effects on 

the model. The multitask losses is explained corresponding to the hyperparameter changes. 

During the evaluation phase, performance measures were used to determine whether a model 

was performing at a desirable level. The use of the model is not possible without correctly 

selected hardware. The types of libraries and the technologies used in the study will be 

further elaborated on. A methodology is provided for the iterative process of training and 

testing. The section will end with the limitations that were found during the study.  

 

The methodology provides a critical detail on how the results were achieved. The training 

and testing process of the study was time-consuming. Due to this challenge, a structured 

methodology had to be followed to complete the study. The research methodology has 
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contributed to the enamel coating manufacturing process and may provide other researchers 

with information on the implementation of deep learning models for similar applications. 

The implementation of the deep learning model revolved around the question of achieving 

the highest possible accuracy in the environment presented. The main challenge of detecting 

objects with intra-class variations and object class changes in location on the conveyor line 

is addressed in the methodology. As with the advancement of technologies within industrial 

firms, traditional methods for manufacturing and production may soon become obsolete and 

unable to cope with the rising customer demand. Therefore the need for research in new 

technologies is required to be viable within such an environment. There are multiple 

literature studies available on deep learning models using online accessible datasets but there 

are few literatures available providing results within an industrial environment.  

3.2 Research Design 

This study follows a quantitative approach due to the reliance on data retrieved from the 

evaluation metrics derived from mathematical equations. The research focuses on 

measurable data, which includes:  

1) Recall and precision: Precision is calculated through the number of true positive 

detections in comparison to the overall positive detections. Recall is calculated 

through the ratio of true positives in comparison to the overall number of all detected 

objects which would include true positive and false negatives. This equation is shown 

in Equation 2.3 and Equation 2.4, as previously described. 

2) mAP: Uses the area below the precision-recall graph. This is the average precision 

across all classes that were used in the dataset based on a predefined IoU. This is 

given in Equation 2.5. 

3) IoU: This metric measures the overlap between the bounding boxes that have been 

detected by the model and the ground truth that has been annotated in the dataset.  

4) Overall accuracy: This metric determines the viability of the model in the selected 

environment. A confusion matrix is used to determine the overall accuracy of the 

model based on how many correctly classified objects were detected on the test 

dataset in comparison to the total number of objects annotated in the dataset.  
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Most literature follows this approach in producing their results as described in the literature 

review and illustrated in Table 2.1. Following Table 2.1, benchmarking follows the 

quantitative approach as well. This is based on the datasets that are available online which 

include challenges for the public to participate in [134, 135]. The common datasets that have 

been mentioned in the literature review include the COCO dataset, the VOC dataset and the 

ImageNet dataset. A better-performing model is represented as having a higher mAP as 

illustrated in Table 2.1. However, once the research is completed and the results are 

satisfactory, the model may follow a qualitative approach during error analysis from the 

model in production. This is due to the live images not being annotated while being 

processed through the trained model. The qualitative approach may require manual analysis 

of the errors made by the model such as false positives or to conduct surveys to gather 

feedback on the usability of the model in the selected environment. A qualitative analysis 

was provided in the literature review under the model comparison sub-section. For this 

research’s methodology, the quantitative approach would be used only. The choice for this 

approach can be seen in the literature review whereby most researchers prefer to provide 

their findings through numerical values to prove a gain or loss by using a deep learning 

model in comparison to other models or with other selected datasets. The use of this 

quantitative approach allows for the object detection comparisons, testing and validations of 

the hypotheses through numerical evidence.  

 

Data augmentation techniques follow the adjustment of fixed values that have a major 

influence on the enhanced images. This includes rotating, flipping, colour adjustments and 

scaling. These changes also follow a quantitative approach as changes influence the 

evaluated metrics. Adjustments may then be made based on these evaluation metrics. The 

iterative process would determine a trend from the collected results. Tuning hyperparameters 

has a major influence on model performance being a topic within the computer research field 

that doesn’t have a fixed approach. The results after fine-tuning may provide more 

information on how the hyperparameter may affect the model based on the dataset and the 

backbone selected for the required application. As every application is different, the same 

approach may not provide the same outcome for another application. The main aim of 

following a quantitative approach advances the computer vision community by providing 
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information on achieving reliable and reproducible results in developing robust models for 

complex applications.  

 

While all evaluation metrics and results are based on a quantitative approach, the 

methodology for achieving a greater result follows a pragmatic approach. This approach 

focuses on the practical outcome of the model based on the inputs. As real-world applications 

in this study are non-linear, an iterative approach was used to solve specific problems within 

the study [139]. This approach allows for the adaptability of the model in the industrial 

environment. The focus on solving practical problems in the study takes higher precedence 

compared to purely theoretical results [140]. To focus on this approach requires an iterative 

process with the aim of gaining on certain parameters. For this study, the focus was applied 

on the mAP and the overall accuracy over all classes while meeting the speed requirements 

of the conveyor line in providing live data. This approach integrates different disciplines to 

use a deep learning model to contribute positively to the industrial sector in providing a gain 

and calculating inefficiencies from a production line output. Rather than just providing 

results only based on the unique dataset. The pragmatic approach emphasizes adaptability to 

different conditions in various industries. The focus is placed on whether the model may be 

able to be fine-tuned or if object classes may be added to the existing dataset. How would 

the addition in data affect the performance of the model, would there be an issue with class 

imbalances [141]? The pragmatic approach also looks at the continuous improvement of a 

system through the feedback from the methodology. The collaboration with all key 

stakeholders may influence how challenges are solved in the deployment of the model [142].  

3.3 Research Method 

The data collection method followed a process that required a script to acquire the required 

dataset from the field through cameras that were mounted in a fixed position relative to the 

parts on the conveyor line. The setup consisted of a PC as the main computing resource for 

the training, testing and validation of the model, and to run the script to capture the images. 

The images were captured using a camera and were triggered using a proximity sensor that 

would provide a signal when the hanger’s neck passed it. The same camera settings were 

used for all datasets used in the study. The images that were captured had a pixel size of 
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1920 x 1200. The study followed the CRISP-DM framework which included the collection 

of data, followed by data preparation to clean any unwanted images and preprocess through 

data augmentation. These images were then split into their individual class folders that would 

be used for the training, validating and testing dataset. The dataset followed a 80:10:10 ratio. 

Each class of images were then manually annotated using the VIA tool. The tool provided 

the ground truth for all the instances in the images concerning their individual classes. The 

Mask R-CNN model was downloaded from a GitHub repository [33]. The Mask R-CNN 

model was used with different backbone networks, Hyperparameters were adjusted for the 

model with the images themselves being augmented before being processed through the 

model. The trained model was processed using the validation dataset to evaluate the 

performance of the model providing the mAP. The efficacy of the was processed using the 

testing dataset to determine the overall accuracy score which was determined through the 

confusion matrix at different predetermined thresholds. The outcome of the system was 

analysed and the hyperparameters were re-adjusted, followed by an iterative process until 

satisfactory results were achieved. Following this outline, the framework outlined in Figure 

3.1 provides the framework to this research.  

 

Figure 3.1. Object detection framework. 

 

3.3.1 Hardware and Software 

The hardware consisted of two cameras that were mounted on either side of the monorail 

conveyor, these cameras faced the objects at an elevated height to be central to the cluster of 

objects within the image frame. A Basler™ ACE acA1600-60gc CMOS camera was used in 

this study. The choice for this sensor was due to its 42 frames per second capability and 
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2.3MP resolution. The sensor's pixels are exposed at the same time of acquisition. At the end 

of exposure, the data is read out sequentially until all data has been read. This setup of the 

sensor assists with fast-moving objects [143]. This global shutter description is illustrated in 

Figure 3.2. 

 

Figure 3.2. Global shutter type. 

The computer used to perform the training, and validation on the Mask R-CNN model was 

accomplished with an Nvidia® GTX 1650 4 GB with 32 GB of RAM running an AMD® 

Ryzen 5 3600 6-Core processor. The need for a computer with a dedicated Graphics 

Processing Unit (GPU) lies in the use of the Nvidia CUDA® Deep Neural Network (cuDNN) 

library that utilises the GPU to accelerate the learning time related to deep learning networks 

[144]. A generic retroreflective sensor was used to provide the trigger signal. The sensor was 

connected to a Moxa® ioLogik E1200 I/O module. The module was used to translate the 

digital signal as a trigger in the computer. Figure 3.3 illustrates the setup that was used in 

the field. 
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Figure 3.3. Hardware configuration of field devices. 

The script used to capture the images initially was developed using Python using the 

‘Pypylon’ library. The library allowed for the custom-created GUI to communicate with the 

cameras in the field. When the trigger signal was received, the grab command was activated 

which captured the images of the objects in the field. The script saved all images into the 

installed hard drives on site as they were captured. These images were displayed on the GUI 

as they were captured to fine-tune the focus of the camera lenses and make adjustments to 

any feature values that were available on the Pylon viewer software [145].  

 

The Mask R-CNN model found on Matterport’s GitHub repository [33] is used in a wide 

variety of open-source projects with more than a few forums explaining how the model may 

be used for unique applications. The implementation of the model is achieved through the 

use of the Keras and TensorFlow libraries. The Keras library is a neural network Application 

Programming Interface (API) which is written in Python. This library can be able to run on 

top of TensorFlow in implementing neural networks during the prototyping phase [146]. 

TensorFlow is a platform for data scientists, software developers and educators to use the 

capabilities of machine learning through the use of data flow graphs. The architecture allows 

for algorithms to be described as graphs of connected mathematical operations. This 

framework allows for the model to make predictions through the preprocessing of data 

followed by the developed model being trained [147]. The Mask R-CNN model has key 

sections that need to be understood in the codebase. The configuration of the model is 
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defined by the hyperparameters and the settings that were used to train, validate and test. 

This includes the number of classes, learning rate, steps per epoch and epochs. The model 

definition of the code applies the Mask R-CNN architecture parameters. This includes the 

backbone, RPN and the head used for the classification relating to the bounding box 

regression and mask predictions. For the training process of the model, the dataset is first 

loaded with all the correctly annotated objects attached to each image. Data augmentation is 

then applied according to the predefined parameters. This step would define the loss 

functions and the optimization steps. For the inference process, the trained model would then 

be processed through a new set of annotated test images to predict the objects with their 

respective classes. The utilization of the utilities function provides the user the ability of the 

model to visualize the results of the model during each step of the process [33].  

3.3.2 Data Collection Method 

The dataset had 5 classes and contained a “train”, “validate” and “test” section. The dataset 

split following the 80:10:10 ratio. The number of images that contained the classes of objects 

is presented under the images column while the total number of objects within all the images 

is presented under the Region of Interest (ROI) column as illustrated in Table 3.1. 

 

Table 3.1. Dataset split. 

Objects 
Physical 

dimensions 
Train (80%) Validate (10%) Test (10%) 

Class (mm) Images ROI Images ROI Images ROI 

A 300×210 88 188 11 22 13 26 

B 400×300 64 77 8 13 8 12 

C 600×600 26 51 3 6 3 6 

D 600×350 50 50 6 6 6 6 

E 550×300 18 51 2 6 3 6 
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The data that was collected from the field used in the model was selected individually 

through a qualitative approach whereby each image was manually selected through 

observation by human means. Each image was scrutinized for occlusion, shadows, object 

misplacement, incorrect lighting conditions and obstructions. This method of selecting the 

dataset used for the training, validating and testing process was critical and time-consuming. 

The need for a good dataset as mentioned in the literature review, has a major impact on the 

model’s performance. Once the images were selected, class folders were created with objects 

that had similar classes in the images. This was done to speed up the process of manually 

annotating each object within the object. This also allowed for quicker counting of objects 

that had been annotated in a certain class making our dataset that has been illustrated in Table 

3.1. This method of defining the size of the dataset followed a quantitative approach. The 

difference in objects per class was done intentionally to follow the percentage of objects per 

class from the production line in one full production cycle. This choice of method would 

have provided more information on how the model can handle class imbalances.  

 

A second set of data was added to the model after all results with the main dataset were 

collected. The second dataset had images that captured the object from different angles not 

seen on the production line. The idea behind this method was to provide more details of the 

object that may have not been seen from the fixed cameras. However, this method provided 

poor results when compared to the dataset from the fixed cameras only. 

3.3.3 VIA Annotation Tool 

The use of an annotation tool is a critical step in the object detection process. The main task 

of providing the correctly labelled data with its corresponding annotation of that object 

instance in the image has an impact on the performance and accuracy outcome after training 

and testing the model. Since the Mask R-CNN model provides the bounding box and mask 

prediction after inference, the need for good quality annotations relating to the mask is 

crucial in predicting the correct masks attached to the object. High-quality annotations 

ensure the model can learn accurately [132]. The use of high-quality annotations does allow 

for the model to better generalize in attaining a higher accuracy score with unseen data [134]. 

The tool that was used in this study was VIA is a manual annotation tool. The software is 

capable of annotating images, videos and audio. This software runs on a web browser and 
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was not installed, making it a lightweight tool. The tool is open-source and available for 

academic and commercial use. Once annotation is manually completed, a ‘JSON’ file can 

be saved. The JSON files are used in the Mask R-CNN model. The file provides the 

coordinates of the annotation that would serve as the ground truth in the dataset during the 

training phase. Figure 3.4 illustrates the annotation process completed using the VIA tool.  

 

Figure 3.4. VIA annotation tool. 

 

3.3.4 Field Setup 

Figure 3.5 illustrates the setup in the field. An aluminium frame was used to mount the 

cameras and proximity sensors. Due to the enamel process requiring enamel powder to coat 

the parts before being transferred into the furnace, a computer cabinet was used to protect 

the computer. The location of data capturing and testing was done before the enamel coating 

process. This was chosen to control the part’s surface as the parts after the enamel coating 

would cause variations due to the powder coating thickness on the surface of the part. The 

area after the furnace was not chosen due to significant heat leaving the part and the addition 

of reflection caused by the baked part.  
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Figure 3.5. Field Setup. 

Figure 3.6 illustrates the different classes that were used in the dataset during the training, 

validating and testing process. Figure 3.7 illustrates the group of classes that were used in 

the dataset. 

     

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

Figure 3.6. Classes used in the dataset with the alphabets representing the classes. 
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Figure 3.7. Random set of images from the dataset used in the model. 

 

3.4 Data Preprocessing 

Data preprocessing is required for training and is critical in maintaining the pixel value 

ranges in an image. The standardization relating to pixel values ensures that the model is not 

biased towards specific ranges of pixel values when being processed [15]. Techniques most 

used in data augmentation include rotating, flipping, colour enhancement and scaling. For 

this study, colour enhancements were used only. This enhancement does assist in the model’s 
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ability to generalize well with new unseen datasets [148]. Improving the generalization 

ability in a model is regarded as a difficult task. This is referred to as the ability of the model 

to generalize with previously seen data versus unseen data. The difference between these 

metrics provides performance indications of the model on whether the model is overfitting 

or underfitting [148].  

 

The method to discover if a model is overfitting or underfitting would be to plot the graph 

between the training and validation losses at each epoch. A model that generalizes well and 

is usable is a model where both the training and validation losses continue to both decrease 

with the increase in epochs. Data augmentation techniques focus on reducing these 

overfitting models to allow for better generalization. As mentioned in [148], focus on 

generalization may also be accomplished through looking at the model’s architecture. This 

path has also brought about major improvements in the computer vision field which include 

dropout regulation, batch normalization, transfer learning and pretraining. However, data 

augmentation is said to focus on the root cause of the problem at hand which is the dataset 

itself. This idea stems from the assumption that more information may be able to be retrieved 

from the current dataset that is available for use in the model.  

 

Data wrapping augmentation performs the task such as colour transformation. This process 

is done where the labels and annotations are kept in their original configuration. Image data 

for an RGB image is a stacked matrix compromising pixel values associated with an RGB 

value. Lighting conditions are one of the major issues which may cause biases during the 

training process. This challenge is addressed through colour space transformations also 

known as photometric transformations is common practice in the computer vision field. This 

is done by increasing or decreasing the pixel values per image by a constant value. This 

effect of manipulating the pixel values for the environmental condition is illustrated in Figure 

3.8. The image dataset had gone through multiple preprocessing techniques, which included 

manipulating data augmentation parameters, as illustrated in Table 3.2. The preprocessing 

parameters were applied sequentially to each image. Images were augmented in a fixed 

arrangement to produce and ensure stability with results after testing. This defines the 

sequence of augmentation techniques that need to be applied to each image. The sequence 

of augmentation was applied according to Figure 3.8. The lighting conditions were 
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controlled during the collection of training, validating and testing datasets; however, due to 

the slight angle formed as the object was suspended from the conveyor hanger, the brightness 

was increased to minimize the loss of detail due to this challenge. Saturation, grayscale and 

sharpness were increased until defined metal folds and edges from the objects of interest 

were noticeable. The final values from the experimental results are shown in Table 3.2 

 

  
(a) (b) 

  
(c) (d) 

Figure 3.8. (a,b) Raw images with shadows circled; (c,d) augmented images with improved object 

details. 

 

 

Table 3.2. Image Preprocessing. 

Augmentation Applied Units 

Grayscale 0.75 

Saturation 10 

Brightness 5 

Sharpen 0.5 
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3.5 Function Selection 

3.5.1 Learning Rate  

The learning rate is a critical hyperparameter that determines the step size change at each 

iteration while travelling towards a loss function minimum. This essentially determines the 

rate of change the model would make to the estimated error whenever the model’s weight is 

updated. The selection of the learning rate has a direct impact on the learning performance 

of the model with the input dataset. The learning rate is a scaling mechanism for the 

magnitude of weight updates during the training process. The path towards an optimal loss 

function is calculated through the gradient of the loss function. This means that the learning 

rate dictates how big the step jump is in the following path. The learning rate is defined in 

the range between 0 and 1. The learning rate determines the convergence speed, the training 

stability and the model performance [50]. If the learning rate is too high during the training 

process, the optimal point may be overshot. This may lead to oscillation or divergent 

outcomes from the model. If the learning rate is too low during the training process, the 

model may be too slow to learn. This may require more epochs to be able to allow the model 

to converge if it had not gotten stuck at a local minimum. The training stability of the model 

is determined by the learning rate as well, therefore a well-chosen learning rate may lead to 

the model being able to converge more efficiently [149]. This may reduce the requirement 

for more epochs, reducing the overall training time [50,149]. This affects the final accuracy 

of the model due to the ability to converge optimally. Through understanding the effect of 

the learning rate on the model, the focus to explore deeper how that may affect the results in 

the selected environment was conducted. Using the back-propagation method, the weight of 

the model is updated using the gradient descent optimization algorithm. The equation used 

to update the weights is given in Equation 3.1. Where W represents the weight parameter, α 

represents the learning rate and 
డ௅

డ௕
 is the partial derivative of the loss function concerning 

the weight.  

 

 W = 𝑊 − 𝛼
డ௅

డ௕
 (3.1) 

The Mask R-CNN model uses a fixed learning rate algorithm that is combined with a decay. 

This approach takes into consideration a stable fixed learning rate while reducing the 
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learning rate over some time to allow for a more finely tuned model. The fixed value that 

was manipulated did show to influence the model. These values were set at 0.2, 0.02, 0.002, 

0.0002 and 0.00002. The results will be discussed in further detail in the following section. 

The learning rate was reduced at specific epochs during the training process. The value of 

10 was used as the reducing factor. The learning rate decay is given in Equation 3.2, where 

α represents the learning rate and d and e represent the decay rate and epoch number 

respectively. This also allows a larger setpoint initially to be able to be decreased over time 

reducing the changes of the weight while training is proceeding. 

 

 α = 
ଵ

ଵ ା(ௗା௘)
 ∗  𝛼 (3.2) 

 

The need for this approach assists in achieving a balance between larger and rapid changes 

initially in the training process while allowing for fine-tuning as the training process 

continues. In selecting the different learning rates, the losses were affected which would be 

shown in the results. As mentioned in [150], a learning rate that is too big may result in 

overshooting the minimum thus having a negative effect on the accuracy. Due to this 

problem of overshooting, the model may take longer to train and may result in over learning 

of the required features. This may cause oscillations as seen in the results relating to poor 

generalization. The selection of learning rates provided evidence to confirm the findings in 

the literature review. Similarly, this method of selecting various learning rates illustrated the 

fine-tuning capabilities of the model. In summary, the learning rate may be adjusted 

pragmatically until desired outcomes are achieved. This method has been commonly used in 

the literature.  

3.5.2 Learning Momentum 

The learning momentum of the model assists with accelerating the gradient vectors leading 

to faster convergence of the model. The improvement to the convergence rate is done by 

smoothing out the updates based on the past gradient values. This is useful as losses within 

the model may be erratic [50]. The equation for this is given in Equation 3.3. Where v(t) 

represents the weights after being updated at iteration t. β represents the momentum constant, 

which was set to 0.9 for this study. δ (t) represents the gradient at iteration t.  
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3.5.3 Activation Function 

The ReLu activation function uses a mathematical operation that is added to the input value. 

If this input value is greater or equal to zero, the output value would be equal to the input 

value. If the value is less than zero, the output value would be equal to zero. The need for a 

ReLu function in the Mask R-CNN model allows for non-linearity, giving the model the 

capability to be able to learn complex tasks. This function assists with overcoming the 

vanishing gradient problem, which posed a big challenge in previous state-of-the-art models 

mentioned in the literature. It is more efficient as compared to other activation functions 

[50]. The function of the ReLu function is given in Equation 3.4.   

 

 F(x) = max (0, x) (3.4) 

 

3.5.4 Weight Decay Regularization 

A trained model may show signs of overfitting or underfitting. An underfit model is unable 

to understand the relationship between the features in the test dataset as compared to the 

training dataset. An overfitting model may generalize well with the training dataset, 

however, struggles to generalize well with a new test dataset. To achieve a model that both 

performs well on the training and test datasets, regularization techniques may be applied. A 

weight decay regularization was applied in the Mask R-CNN model. To reduce the 

overfitting of the model, weight parameters are kept small through the regularization 

technique to allow the model to generalize better with the new dataset. The weight decay 

regularization causes the weights to decay and is described by Equation 3.5. The 𝐿𝑜𝑠𝑠଴ refers 

to the original loss function, 𝜆 represents the regularization parameter, 𝑤௜
ଶ represents the 

coefficients of the model. Using the regularization parameter, the coefficients are reduced. 

This reduction ensures that the model doesn’t overfit while becoming reliant on certain 

 V(t) = β * v (t - 1) + (1 - β) * δ (t) (3.3) 
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features in the dataset [151]. The weight decay regularization parameter was set to 0.9 in this 

study.  

 

 

 

 𝐿𝑜𝑠𝑠௅ଶ =  𝐿𝑜𝑠𝑠଴ +  𝜆 ∑ห𝑤௜
ଶห  (3.5) 

 

3.5.5 Images per GPUs 

The images per GPU refers to the total amount of images that would be processed. Higher 

values did give an error relating to low memory availability from the GPU and was reduced 

to 2. A GPU with more memory would be more beneficial as more images may be processed 

in one cycle. This does add to the cost of the total project, so the GPU was not changed and 

an acceptable performance to cost ratio was achieved.  

3.5.6 Epochs 

An epoch is one complete pass through the entire dataset, the choice of epoch value selection 

has an impact on the model performance. This value would also affect the model’s ability to 

generalize well with new data. Selecting the correct number is crucial in determining a 

balance between underfitting and overfitting the model. A larger dataset generally does 

require a larger epoch number as this requires more iterations of the model to learn more 

features from the dataset [50]. This is also true for a more complex dataset. Conversely, a 

dataset that is simpler concerning its features may require fewer epochs to learn. As 

mentioned before the learning rate may influence the epochs number too. A learning rate too 

low may require more epochs to converge. The opposite is true, where a larger learning rate 

may require fewer epochs. The practical approach used in this study considered the loss 

curve relating to the train and validation dataset. The curve was visualized to determine 

whether the model was overfitting or underfitting. This practical approach assisted in 

determining the epoch number. As the dataset was not complex, due to the controlled 

environment. The number of epochs was set to 10 which showed a converging curve on both 

the training and validation dataset without overfitting and underfitting. The gaps between 
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each curve were not diverging from one another, which indicated that the model was 

generalizing well with the given dataset. This curve is illustrated in Figure 3.9.  

 

Figure 3.9. Losses over epochs. 

3.5.7 Steps per Epochs 

The steps per epoch are referred to as the total number of batches of samples before the 

finishing of one epoch. During the training process, the value would be calculated by the 

total number of training samples in the dataset divided by the batch size [152]. This is 

illustrated in Equation 3.6. The batch size is determined by the number of images selected 

per GPU multiplied by the number of GPUs available for use. The size was set to 2 for this 

study, with a dataset that is over 200, and the selected steps per epoch were set to 100. This 

selection has a direct effect on the training duration of the model and memory allocation 

from the processing unit. A balance between hardware allocation and time resources needs 

to be satisfied.  

 

 𝑆𝑡𝑒𝑝𝑠 𝑝𝑒𝑟 𝐸𝑝𝑜𝑐ℎ𝑠 =  
்௥௔௜௡௜௡௚ ா௫௔௠௣௟௘௦

஻௔௧௖௛ ௌ௜௭௘
  (3.6) 
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3.5.8 Validation Steps 

The validation steps run at the end of every epoch training interval [152], while a greater 

number may improve accuracy, it may slow down the training process. This step is used to 

evaluate the model’s performance based on unseen data. This tool is essential in monitoring 

the model’s performance while being trained relating to the generalization capabilities of the 

model. As this is more of an assessment and not used to update the weights of the model, 

this forms a separate function within the model. The validation step is dependent on the 

dataset amount that has been selected. Similarly to the steps per epoch, the validation steps 

are calculated based on the validation batch size used in the model. The number was set to 

50 in this paper. Equation 3.7 illustrates what has been mentioned.  

 

 𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑆𝑡𝑒𝑝𝑠 =  
௏௔௟௜ௗ௔௧௜௢௡ ா௫௔௠௣௟௘௦

௏௔௟௜ௗ௔௧௜௢௡ ஻௔௧௖௛ ௌ௜௭௘
  (3.7) 

 

3.5.9 Backbone 

The backbone used in this paper was set to ResNet101 [20]. The choice for this selection 

was dependent on the information and results that were provided in the literature review. 

Table 2.1 has provided a clear idea of which is the superior backbone to select based on 

previous state-of-the-art models. The literature review adequately provided details on the 

use of a deeper network and its advantages and disadvantages. As the network does have 

more layers, the model would have the capability to extract more detailed and complex 

features from the dataset. Making the model more robust as compared to the other network. 

This would lead to a better output regarding object detection and instance segmentation. 

ResNet50 has been shown to perform well based on the literature review. However, this 

network is shallower, having 50 layers as compared to 101 layers. This may not have the 

capability to extract higher detailed features. However, it would be quicker during the 

training process requiring less computational resources. The ResNet101 network was 

selected as the purpose of this study was to have a model that was more robust with the 

selected application and the environment. According to [20], the ResNet101 network did 

provide a higher accuracy score as compared to the same Mask R-CNN model being used 
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with the ResNet50 network. A higher AP was preferred with the sacrifice being placed on 

the training time. 

3.5.10 Backbone Strides 

The backbone stride down samples the input image as the image passes through the 

convolution blocks in the ResNet backbone. The use of different stride values is related to 

the different features that are extracted at different levels of the network. With the maximum 

stride value being set to 64 for this study. The values per convolution block were set to [4, 

8, 16, 32, 64]. The first convolutional layer would have a stride of 4, which would reduce 

the spatial resolution by 4. This would be followed by a max pooling function which would 

further reduce the resolution of the image [90]. The cumulative strides of the model would 

down sample the image with a spatial resolution calculated by the image resolution being 

divided by the final stride value after passing the convolutional layers. The final feature map 

would have a lower value as compared to the start of the model. Equation 3.8 shows this 

concept. As mentioned, the images used in this paper has a pixel size of 1920 x 1200. After 

using Equation 3.8, the final feature map would be 30 x 18. The smaller resolution feature 

map allows the model to be able to capture high-level features without excessive 

computational resources required to perform the task.  

 

 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝑚𝑎𝑝 𝑅𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 =  
ூ௡௣௨௧ ௜௠௔௚௘ ோ௘௦௢௟௨௧௜௢௡

ௌ௧௥௜ௗ௘ ௏௔௟௨௘
  (3.8) 

 

3.5.11 ROI Positive Ratio 

The ROI positive ratio relates to the percentage of positive ROIs used to train the mask 

heads. Positive ROIs are those that overlap with the predefined ground truths within the 

dataset. This overlap percentage that determines whether an ROI is positive or not is 

determined through an IoU value that has been predefined as well. Once the ROIs are 

determined in the RPN determining if an object may potentially contain the object of interest, 

the IoU would determine the positive or negative ROIs. The thresholds for this study were 

varied between 0.5, 0.75 and 0.9. The positive ROIs would have a value greater than these 

selected thresholds. Conversely, if the value of the ROIs is less than the predefined threshold 
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values, this would make this a negative ROI. The ROI positive ratio is calculated through 

the number of total positive ROIs divided by the total amount of ROIs that were generated. 

The importance of having the ROI positive ratio in the model assists with the model not 

being biased towards background objects. This is relevant in this study as the background 

does pose additional noise in the model's training process. The chosen value in this paper 

was set to 33% which would ensure that the model can distinguish between objects that are 

present in the background versus the objects that are of interest. This selection would have 

assisted in training stability by ensuring that the model received enough positive samples to 

learn the required features efficiently.  

3.5.12 Detection Minimum Confidence 

In the Mask R-CNN model, the detection minimum confidence value is related to the IoU 

threshold value. As mentioned in the literature review, the threshold values play a significant 

role in the ROIs that would be used in the model. The threshold values determine whether a 

detected object may be considered to be valid or not. The confidence score is a probability 

output of the model concerning whether the object detected is an object relating to a specific 

class in the dataset. If the value of the detection is greater than the threshold, it is kept. If the 

value is less than the threshold, it is discarded. The use of this threshold is useful in filtering 

out all detections that have a low probability score that may be related to false positives. This 

selection in threshold values does have an impact on the model’s AP across all class values 

and the overall accuracy. The selected values in this paper were set to 0.5, 0.75 and 0.9. With 

these values, a difference in AP values was noted and will be described in the results section. 

The setting of different values for the threshold does impact the output concerning the 

number of false positives. Having a higher threshold value may eliminate false positives, 

however, it may also eliminate true positives in the process. Conversely, if the threshold is 

too low, the chances of including more false positives increase as with a reduced precision 

score. The choice for selecting the final value for the model followed an iterative process 

which included the review of the results of the once the model went through the inference 

process. The IoU is determined through Equation 3.9. 

 𝐼𝑜𝑈 =  
௔௥௘௔ ௢௙ ௢௩௘௥௟௔௣

௔௥௘௔ ௢௙ ௨௡௜௢௡
  (3.9) 
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This experimental process included the review of the results of the precision-recall curve 

and the analysis of the confusion matrix.  

 

3.5.13 RPN NMS Thresholds 

The RPN Non-Maximum Suppression (NMS) refers to the threshold that is used in the RPN 

stage of the model. The function of the NMS filters out redundant or overlapping bounding 

boxes that are generated by the RPN. This ensures that the most relevant bounding boxes are 

further processed by the model [153]. The function selects the highest confidence score of 

the overlapping bounding boxes.  The bounding boxes with a confidence score that is lower 

than the maximum bounding box is suppressed. The NMS threshold is predefined, the value 

selected in this study was set to 70%. Based on the NMS threshold, the train ROIs per image 

may then be adjusted. This refers to the ROIs used during the training process for each image. 

As the model would not use all ROIs that were generated, it would be fixed to the ROIs 

allowed per image. Through the limiting of ROIs used during the training process, the 

memory and computational resources are regulated, allowing the model to be more efficient.  

3.5.14 Loss Function 

The Mask R-CNN model generates classes, bounding boxes and masks as the output. This 

model utilizes multitask losses relating to classification, localization and mask generation, 

which is illustrated in Equation 3.10. Where L refers to the loss. 

 

 𝐿்௢௧௔௟ =  𝐿௖௟௔௦௦ + 𝐿௕௕௢௫ +  𝐿௠௔௦௞  (3.10) 

 

The 𝐿௖௟௔௦௦ measures the error between the ground truth class and predicted classes. Equation 

3.11 illustrates the class loss as a log loss function between the ground truth class and the 

predicted class. This loss function is used to determine whether the predicted class is related 

to the ground truth class. Where 𝑝௜ represents the predicted class and 𝑔௜ represents the ground 

truth class. 
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 𝐿௖௟௔௦௦(𝑝௜, 𝑔௜) =  −𝑔௜ log 𝑝௜ − (1 −  𝑔௜) log(1 −  𝑝௜)  (3.11) 

 

The 𝐿௕௕௢௫ measures the difference between the ground truth bounding box and the predicted 

bounding box through a smoothing function. The smoothing function reduces the sensitivity 

of the loss function to outliers. Equation 3.12 and Equation 3.13 represents the bounding box 

losses and smoothing function respectively. Where 𝑡௜ represents the predicted bounding box 

and 𝑣௜ represents the ground truth bounding box. 

 

 𝐿௕௕௢௫ =  ∑ 𝐿ଵ
௦௠௢௢௧௛

௜∈௫,௬,௪,௛ (𝑡௜ −  𝑣௜)  (3.12) 

 

 
𝐿ଵ

௦௠௢௢௧௛ =  ൜
0.5𝑥ଶ, 𝑖𝑓 |𝑥| < 1

|𝑥| − 0.5, 𝑒𝑙𝑠𝑒
 

(3.13) 

 

The 𝐿௠௔௦௞ measures the error between the ground truth mask and the predicted mask. Since 

there is no competition in mask generation relating to classes as the model learns each mask 

that relates to a specific class. Equation 3.14 provides the average binary cross-entropy loss 

including the mask if the region of the mask is associated with the class ground truth. Where 

𝑚ଶ is the size of the mask, 𝑖, 𝑗 is the cell, 𝑦௜௝ is the label of the cell and 𝑝௜௝
௞  is the predicted 

value of the cell. 

 

 𝐿௠௔௦௞ =  − 
ଵ

௠మ
∑ ൣ𝑦௜௝ log 𝑝௜௝

௞ + ൫1 + 𝑦௜௝൯ log(1 − 𝑝௜௝
௞ )൧ଵஸ௜,௝ஸ௠   (3.14) 

 

3.6 Training Methodology 

3.6.1 Experimental Training Setup 

After fine-tuning the final process flow is shown in Figure 3.10. If a change was observed 

in False Positives (FP) or AP or Overall Accuracy (OA), the dataset and hyperparameters 

would be investigated and adjusted. The process would be iterative until results were 

considered satisfactory. 
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Figure 3.10. Training process flow. 

 

3.6.2 Types of Datasets 

There were two types of datasets used in this study. The main dataset that produced stable 

results was illustrated in Table 3.1 and produced the highest AP and OA scores. The second 

dataset that was used in an experimental attempt to add more images from different angles 

other than what was seen on the production line provided a unique set of results that were 

lower as compared to the first set of data. The second set of data was gathered using a mobile 

smartphone’s camera. The dataset was captured off the main production line. This addition 

of data of 130 ROIs on top of the 188 ROIs gathered for Class A in Table 3.1 was only 
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gathered for the class that was the highest produced part in one production shift. Figure 3.11 

illustrates samples from the second dataset used in this paper. 

 

Figure 3.11. Sample of an additional dataset. 

 

Figure 3.12 illustrates the segmentation of objects within an image into its respective classes. 

Each class belongs to its group when isolating objects and their corresponding masks. This 

operation is applied to every annotated image in the dataset and is fed into the model for 

processing during the training process. The isolation of each mask relating to each class is 

crucial for the model to be able to learn the features of each object class. The isolation of 

each class is used to calculate the mask losses of each class independently as illustrated in 

Equation 3.14. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3.12. a) The second panel contains class B and the third panel contains class A; (b) the 

second panel contains class B and the third panel contains class C; (c) the second panel contains 

class E and the third panel contains no class; (d) the second panel contain class D and the third 

panel contains class A. 

 

3.6.3 Practical Methodology 

According to [50], successfully applying deep learning techniques does require more than 

understanding the algorithms or principles associated with how the model works. The 

additional requirements related to how to analyse and respond to the feedback and results 

from the model is another important function. The choice of whether to gather more data, 

add or remove the regularization feature, increase or decrease the model’s capacity, debug 

the software or tune hyperparameters is dependent on the study and its requirements. Since 
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every method mentioned is time-consuming, testing each method may prolong the desired 

output of the model. A planned-out approach must be made on which method needs to be 

selected. In this study, dataset and hyperparameter manipulation were used as the approach 

to output refinement. The incremental changes made to hyperparameters and the dataset 

were recorded. The need to increase the model capacity was not a requirement as the model 

performed sufficiently being able to provide information about production requirements that 

met the speed of the line.  

 

The code was refined to provide the required visual results. However, modifications to the 

structure of the model were not necessary as the dataset used in the model was minimal. The 

need to make changes to the instruments that were used on the line was not required as the 

cameras were able to keep up with the FPS requirements of the line. The resolution of the 

images was also considered sufficient as smaller objects were still being detected after 

training. The performance of the model was deemed satisfactory if the overall accuracy was 

above 97.5%. This would have been higher than the output related to human observation as 

mentioned previously.  

 

The goal of this study relating to performance metrics was to increase the AP of the model 

while reducing the FP which would lead to higher OA of the model. This was achieved 

through the utilization of the manipulation of the hyperparameters of the model. With 

enough information gathered from the literature, ranges on the selection of the epochs, steps 

per epochs and learning rates were attained in training an improved Mask R-CNN model 

that was different to the original values used in previous studies [20]. Due to the hardware 

configuration, a simpler ReLu activation function was used to learn complex tasks. Since the 

initial dataset did provide close to satisfactory results, there was no initial need to increase 

the dataset. However, it was noted that there were instances during the testing phase of 

detecting FPs. The idea of adding more unique data to the dataset was prompted. However, 

this did not eliminate the FPs that were detected in the background of the images. The model 

did fail to generalize well with the new dataset that was illustrated in Figure 3.11.  

 

Hyperparameter selection was made on the observation of training and validation losses and 

the AP of the model after changes were made. Adjustments made to epochs, steps per epochs 
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and the learning rate did influence the computational resources available for this study. If 

the changes were observed to have a positive influence on the losses and the AP of the model, 

the results were kept and the direction of the hyperparameter path was adjusted until 

undesired values were released. The values of certain hyperparameters were then fixed once 

a balance between performance and computational resources was achieved. These values are 

illustrated in Table 3.3. 

 

Table 3.3. ResNet101 hyperparameter values. 

Hyperparameters Experiment Value  

Epochs 10 

Steps per Epoch 100 

Weight Decay 0.0001 

Learning Momentum 0.9 

 

3.7 Evaluation Metrics 

The performance evaluation of the Mask R-CNN model took place in two instances. After 

the model had been trained using the training and validation dataset, the model was run with 

the test dataset which was the unseen data that included the annotated ground truth. The 

average precision and average recall were calculated from the results that were retrieved 

after the test results. The AP was calculated using the area underneath the precision-recall 

curve which provided insight on how the model was performing with quantitative results. 

This however provided the information about the AP across different IoU thresholds. The 

model was then evaluated using the confusion matrix, this result provided more information 

on how well the trained model was able to classify unseen data. This information represented 

the prediction summary in a matrix format. The results from the confusion matrix illustrate 

the number of predictions being placed in the correct class or the incorrect class. An example 

of the confusion matrix with the column and row titles is illustrated in Figure 3.13. 
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Figure 3.13. Confusion matrix. 

 

The AP across all classes is commonly used as a metric for object detection applications as 

mentioned in the literature review. The measure provides details relating to the precision and 

recall of the model across multiple classes and the predefined IOU threshold, providing 

insight into how well the model can perform with the various selected object overlaps. As 

described in the literature review this metric was used in the challenges that included the 

readily available datasets. This was important in this research study and was also used as 

part of the evaluation step. The average precision and average recall values are important in 

determining how well the model may be able to preserve a high precision while recalling the 

required objects. This value is important when FPs are of concern during the testing phase. 

These metrics were selected as the evaluation criteria as they provide different insights 

related to different aspects of the model. A holistic approach to the evaluation of the model 

is needed to determine the effectiveness of the model in general.  

 

3.7.1 Losses 

The classification losses may be defined through a cross-entropy loss function for multi-task 

losses. The regression losses are defined in Equation 3.15. Where R represents the robust 

loss function, 𝑡 and 𝑡∗ represents the four vertices of the vector of the predicted and ground 

truth bounding box. 

 𝐿 =  𝑅 (𝑡 − 𝑡∗)  (3.15) 
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(𝑡௫, 𝑡௬, 𝑡௬, 𝑡௪, 𝑡௛,𝑡௫
∗ , 𝑡௫

∗ , 𝑡௬
∗ , 𝑡௪

∗ , 𝑡௛
∗) are computed as defined using Equation 3.16 to Equation 

3.23. Where x,y,w and h represents the x-axis coordinates of the box centre, y-axis 

coordinates of the box centre, width of the box and height of the box respectively. This forms 

part of the total losses of the model and can be visualized as seen in Figure 3.9. 

 

 
𝑡௫  =  

(𝑥 − 𝑥௔)

𝑤௔
 

(3.16) 

 

 
𝑡௬  =  

(𝑦 − 𝑦௔)

ℎ௔
 

(3.17) 

 

 𝑡௪  = log(
𝑤

𝑤௔
) (3.18) 

 

 
𝑡௛  = log(

ℎ

ℎ௔
) 

(3.19) 

 

 
𝑡௫

∗  =  
(𝑥∗ − 𝑥௔)

𝑤௔
 

(3.20) 

 

 
𝑡௬

∗  =  
(𝑦∗ − 𝑦௔)

ℎ௔
 

(3.21) 

 

 
𝑡௪

∗  = log(
𝑤∗

𝑤௔
) 

(3.22) 

 

 
𝑡௛

∗  = log(
ℎ∗

ℎ௔
) 

(3.23) 

 

3.7.2 Average Recall 

The average recall is defined as the model’s ability to detect objects at varying IoU 

thresholds. Equation 2.4 illustrates this definition for a single class. In this study, the micro 
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averaging technique was used as compared to the macro-averaging technique. The macro-

averaging technique is given in Equation 3.24 representing the average recall over all classes 

with N representing the total number of classes. The micro-averaging technique takes the 

total number of TP across all classes and divides it by the total number of TP and FN over 

all classes. This is given in Equation 3.25. 

 

 
𝑅𝑒𝑐𝑎𝑙𝑙௠௔௖௥௢ ௔௩. =

𝑅𝑒𝑐𝑎𝑙𝑙௔ + 𝑅𝑒𝑐𝑎𝑙𝑙௕ + ⋯ 𝑅𝑒𝑐𝑎𝑙𝑙ே

𝑁
 

(3.24) 

 

 
𝑅𝑒𝑐𝑎𝑙𝑙௠௜௖௥௢ ௔௩. =

𝑇𝑃௔ + 𝑇𝑃௕ + ⋯ 𝑇𝑃ே

𝑇𝑃௔ + 𝐹𝑁௔ + 𝑇𝑃௕ + 𝐹𝑁௕ + ⋯ 𝑇𝑃ே + 𝐹𝑁ே
 

(3.25) 

 

3.7.3 Average Precision 

The average precision for a single class is calculated in Equation 2.3. The average precision 

is the model’s ability to identify objects that are in the correct class over all classes. In this 

study, the micro averaging technique was used as compared to the macro-averaging 

technique. The macro-averaging technique is illustrated in Equation 3.26 representing the 

average precision over all classes with N representing the total number of classes. The micro-

averaging technique takes the total number of TP across all classes and divides it by the total 

number of TP and FP over all classes. This is illustrated in Equation 3.27. 

 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛௠௔௖௥௢ ௔௩. =

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛௔ + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛௕ + ⋯ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛ே

𝑁
 

(3.26) 

 

 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛௠௜௖௥௢ ௔௩. =

𝑇𝑃௔ + 𝑇𝑃௕ + ⋯ 𝑇𝑃ே

𝑇𝑃௔ + 𝐹𝑃௔ + 𝑇𝑃௕ + 𝐹𝑃௕ + ⋯ 𝑇𝑃ே + 𝐹𝑃ே
 

(3.27) 
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3.7.4 Precision Recall Curve 

The precision-recall curve is a useful metric to be used when the class from the dataset is 

imbalanced as conducted in this research [154]. The precision-recall curve illustrates the 

trade-off between the precision and recall of the model at different thresholds. The area under 

the curve closer to the value of one shows us that the model is performing well with both 

metrics. In other words, the model can return accurate results (high precision) while 

providing many positive results (high recall). An example of a model with high recall and 

low precision values may result in the majority of it being incorrectly classified. During the 

testing phase of the model, a script takes the calculated micro-averaged precision and recall 

values over all classes and tabulates it to generate a curve which would be used for analysis. 

Table 3.4 illustrates how the calculation is entered. Where the ‘Image’ column represents all 

the images in your test dataset, ‘Detection’ is the total detection made in the test dataset, 

‘TP’ and ‘ACC’. TP is the TP detected in that instance and the accumulated TP across the 

entire dataset. FP and ACC. FP is the FP detected in that instance and the accumulated FP 

across the whole dataset. The recall and precision values are calculated using Equation 3.25 

and Equation 3.27, with N representing an image and their respective values. 

 

Table 3.4. Precision- Recall table. 

Image Detection Confidence TP FP ACC. TP ACC. FP Precision Recall 

1 A 98% 1 0 1 0 1 0.0666 

2 B 95% 0 1 1 1 0.5 0.0666 

N … … … … … … Eqn. 3.27 Eqn. 3.25 

 

The detection with the highest value would be at the top of the table followed by the 

confidence score that is lower in value. This list of values would continue until all values 

have been tabulated from the test dataset.  

3.7.5 Mean Average Precision 

The mean average precision is calculated from the area under the precision-recall curve. 

Once all precision and recall values have been tabulated as shown in Table 3.4, the precision-
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correctly classified objects, sum of TP and TN, relative to the total amount of objects, sum 

of TP,TN, FP and FN, that were classified. This metric provides an indication on the model 

ability to classify the correct objects per class. 

3.7.8 Confusion Matrix 

The confusion matrix was used to determine the overall accuracy of the model, which is 

calculated by summing the number of correctly classified objects and dividing that by the 

total number of objects that were detected. This calculation is illustrated in Equation 3.28. 

 

 
𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑜𝑏𝑗𝑒𝑐𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑜𝑏𝑗𝑒𝑐𝑡𝑠 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑
 

(3.28) 

 

Following Figure 3.15, the correctly detected objects are found highlighted going diagonally 

from the top left corner to the bottom right corner belonging to each class.  

 

Figure 3.15. Confusion matrix layout. 

 

The kappa coefficient may have been used as another method to determine the overall 

accuracy other than the use of the confusion matrix. For this study, the confusion matrix was 

used only. Equation 3.29 illustrates the use of the Kappa’s coefficient. Where 𝑃௢ represents 

the correctly observed agreement and 𝑃௘ represents the expected agreement. 
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𝐾 =

𝑃௢ − 𝑃௘

1 − 𝑃௘
 

(3.29) 

 

Using the confusion matrix in Figure 3.15, there are additional metrics that may be attained. 

The error of commission represents the objects that were predicted to be in the wrong class 

when referring to one class. This is the measure of the false positive values attained from the 

model and it is represented as the total number of incorrectly detected objects divided by the 

total number of predicted objects per class. This definition is represented in Equation 3.30.  

 

 
𝐸𝑟𝑟𝑜𝑟 𝑜𝑓 𝐶𝑜𝑚𝑚𝑖𝑠𝑠𝑖𝑜𝑛 =

𝐼𝑛𝑐𝑜𝑟𝑒𝑐𝑡𝑙𝑦 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑜𝑏𝑗𝑒𝑐𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑜𝑏𝑗𝑒𝑐𝑡𝑠
 

(3.30) 

 

 

3.8 Experimental Environment 

The lighting conditions were maintained at a level where the edges of the objects of interest 

were identified. The cameras were installed in a controlled environment where the 

illuminations were maintained at 8000 lumens per 20 square meters with a colour 

temperature of 4000K. Lighting conditions needed to be maintained so as not to overexpose 

an image and introduce blur. If the lighting conditions were inadequate, this may not allow 

for adequate detail to be captured by the camera. The objects were at a height where human 

interference from encountering the objects was at a minimum. Figure 3.16 illustrates objects 

that were detected after the model went through the training and testing phase. All objects 

that have been detected have been shaded in a different colour in the images from Figure 

3.16 (a) to Figure 3.16 (d). 
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(a) (b) 

  

(c) (d) 

Figure 3.16. (a) Positive detection of class B and C; (b) positive detection of class A and B; (c) 

positive detection of class A and D; (d) positive detection of class B and E 

 

 

 

3.9 Limitations 

Several limitations and challenges were encountered during the study. These challenges did 

have an impact on the overall effectiveness and feasibility of the deployment. The majority 

of the limitations were related to the industrial environment. In this study, the environment 

lighting was well controlled considering that the majority of studies based on object 

detection did not focus on having a dataset with good lighting conditions. This however did 

not mean that this environmental challenge was eliminated in total. The environment did still 

provide unpredictable conditions relating to dust, occlusion and blur. As the room where the 

cameras were installed was near the enamel powder coating booth, this dust travelled from 

the booth to the area under consideration. This dust laid on the lens of the camera, reducing 

the quality of the image feed into the model. This challenge needed to be addressed through 

general cleaning at the start of every shift.  
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Due to power-saving initiatives, the lighting around the area close to the study was switched 

off close to the end of the shift while the line was still moving. This challenge did pose a risk 

of losing data from the production line due to the objects not being able to be detected in the 

dark. This challenge was addressed by adjusting the power-saving schedule to be adjusted 

after the shift ended. The extreme changes in the lighting conditions had a direct impact on 

the accuracy of the model. There were instances where objects on the hanger were not placed 

correctly by the operator. These objects were near one another, causing an issue of occlusion 

with one another. Occlusion did affect the model’s accuracy due to the unknown shape not 

being able to be detected or segmented.  

 

There were instances that due to the system being unfamiliar to the operators in the firm, 

human presences were detected in the images that cancelled all detections in the model. 

These challenges were addressed through training the operators on the floor on object 

placement on the line and to avoid any interruption of the study due to humans. The paint 

and enamel area was close to the heavy press area. This area did have a lot of vibration due 

to the moulding of parts from a heavy press. This constant motion that was detected in some 

images did add time to data sorting as these images were discarded. This issue would have 

had an impact on the robustness of the model. This challenge was addressed by adding more 

support to the stand that held the cameras, lowering the vibration from the nearby area. Due 

to the dust and vibration as mentioned above. This prompted the choice to select robust 

hardware that was able to handle these harsh conditions. This included well-known 

industrial-grade hardware that was available.  

 

The deep learning Mask R-CNN model was computationally heavy, and a balance needed 

to be met between the hardware and performance criteria. As in the literature review, the 

processing speed is heavily dependent on the selection of the hardware. A GPU was one of 

the requirements within this study to be able to complete this study promptly. The Nvidia 

GPU proved to be sufficient for this application. Usually, industrial environments operate 

on existing systems that may pose a risk in being compatible with the implementation of 

new systems. The data received from this system would be integrated into the existing 

ecosystem being able to communicate over Open Platform Communications Unified 
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Architecture (OPCUA) to the relevant dashboards. The data would be saved to an SQL 

database which was not a concern in this study. The effectiveness of an object detection 

application is highly dependent on the quality of the dataset as mentioned in the literature 

review. This task was highly time-consuming in the study requiring manually annotating 

each object within an image. Each object was then assigned to a specific class after being 

annotated. This labour-intensive process did pose a huge risk if not done correctly. Each 

object that was annotated was checked multiple times to confirm if the annotations included 

all edges of the objects and excluded any background objects due to occlusion. The object’s 

classes were also checked multiple times to confirm whether each object in the image was 

correctly assigned the ground truth classification. The incorrect assignment of classes would 

have resulted in noise being added to the training process, effectively producing incorrect 

results on the model’s capabilities.  

 

In the industrial environment, some objects were seen more often than others while being 

captured through the camera. This was due to the production requirements of the business 

and the firm. This frequency of a certain object may pose a risk relating to imbalanced data. 

Scaling may be seen as a challenge to come after this study with the addition of more classes 

as the business requirements change. However, with the results achieved in this study, 

training on a smaller dataset has been shown to produce good results if all environmental 

conditions are met.  

 

The last challenge and one of the aims of this study was to implement an object detection 

application that could produce results that superseded the human requirements in producing 

data manually. This task posed a challenge as the industry standards require the outputs of 

any system to be stable, viable and feasible when used as the truth when being referenced. 

The study provided great insight into this challenge as it is an ongoing challenge and 

investigation within the computer vision community. 

3.10 Summary 

The methodology of this study provided a comprehensive understanding of the research 

design approach being pragmatic. The framework provided the path to achieving the 
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required results promptly. The method of the topic was demonstrated through the hardware 

selection, software selection and annotation tool. The importance of the data selection and 

sorting process was highlighted explaining its impact on the model’s performance relating 

to the mAP and OA. Once the data was cleaned, the preprocessing requirements were 

described, illustrating how the controlled environment still has an impact on the object. Each 

function used in the model was discussed and the influence it plays on the model training 

and testing capabilities. The experimental application of the object detector was developed 

and studied on two datasets after being tuned with the mentioned limitations of applying the 

model in an industrial environment.  

 

 

 



 

 

CHAPTER 4 Results 

4.1 Introduction 

In this chapter, the results are provided from the experiments using the Mask R-CNN model 

following the methodology mentioned in chapter three. The focus is placed on the 

observation of the actual output from the model and the evaluation of the performance of the 

model based on selected parameters and methods. The performance of the model is based 

on the various IoU thresholds and learning rates that were selected. This selection provided 

an understanding of the impact it has on the model’s performance. The quantitative approach 

in this study was achieved through the use of key metrics such as precision, recall and 

average precision over all classes. The results were split into their respective IoUs and 

learning rates which were further evaluated based on the ResNet101 and ResNet50 

architecture. The IoUs were set from a common baseline of 50% to a stricter value of 75% 

and 90%. The best-modified model was also subject to two datasets to evaluate how the 

model would perform. The initial dataset split, which is illustrated in Table 3.1, contained 

images that were similar to what would be detected in the field by the fixed cameras. The 

second dataset had additional images from different angles related to the objects of interest. 

The second dataset did have more detail of the object as this captured the features of the 

objects that would have not been detected by the fixed cameras. The overall accuracy of the 

model was determined using the confusion matrix after the testing process. Through this 

chapter, the aim is to discover the strengths and weaknesses of the proposed modified model 

being used in an industrial environment based on an imbalanced dataset that matched the 

production line's requirements per shift.  

4.2 Dataset Anomalies 

The types of datasets used have been explained in section 3.6.2, each having five distinct 

classes marked as A, B, C, D and E. A few anomalies were observed and are illustrated in 

Figure 4.1. This included false positive detection, no detection, multiple detections, incorrect 

mask detections or a combination of the mentioned challenges on some of the test datasets. 
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This was found to be more prevalent using Mask R-CNN and ResNet50 as compared to 

Mask R-CNN and ResNet101. Images (a) to (d) illustrate false positive detections where 

objects are detected belonging to a specific class which is not true as compared to the ground 

truth. Figure 4.1 (a) illustrates an object being detected which is physically not in the image. 

Figure 4.1 (b) illustrates the toolbox in the background being detected as belonging to a 

specific class which is false. Figure 4.1 (c) illustrates an object with an unknown mask that 

has been falsely identified where no object is physically visible. Figure 4.1 (d) illustrates an 

object being detected in the middle of two other objects. These detections may be related to 

similarities in features that may result in the detection of false positives. Figure 4.1 (e) to (h) 

illustrates the challenge of multiple detection on a single object within an image. Class A 

and B both share similar features and only differ in size, the similarity in features may 

confuse the model in determining which class the object may belong to. Figure 4.1 (i) to (l) 

illustrates the challenge of no detection being made on certain objects. This may relate to 

more training required and the use of higher IoU thresholds as mentioned in the literature 

review. Figure 4.1 (m) to (p) illustrates a combination of false positives, no detections, 

multiple detections on one object and irregular masks. These errors may be present due to 

feature-level similarities that would exist with the background and the object itself. The 

errors that were more prevalent in the ResNet50 backbone, compared to the ResNet101 

suggests that a deeper neural network provides more robust results and should be considered 

in an industrial environment. Mitigation strategies include refinement of anchor points used 

to create bounding boxes, an increase in training iterations and to reduce or eliminate 

background objects that are not part of training samples. 

 

  

(a) (b) 

Continued… 
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(c) (d) 

  

(e) (f) 

  

(g) (h) 

Continued… 
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(i) (j) 

  

(k) (l) 

  

(m) (n) 

  

(o) (p) 

Figure 4.1. Challenges faced during the testing process. 

 



CHAPTER 4 RESULTS 

Department of Electronic and Computer Engineering 
Durban University of Technology 

91

4.3 Performance Evaluation 

The performance of a model may be evaluated quantitatively using the precision–recall 

curve in determining the AP per IoU over all classes. This metric provides an understanding 

of how the model is performing concerning the recall and precision capabilities. Equation 

3.25 and Equation 3.27 were used to determine each metric. This was followed by the use 

of Table 3.4 to get all the data required to generate the curve. The model with an area closer 

to one is considered better in comparison to a lower value. Figures 4.2 and 4.3 illustrate all 

the curves used in calculating the AP of each model at various learning rates and IoUs. 

 

 
(a) 

 
(b) 

 
(c) 

Figure 4.2. Mask R-CNN + ResNet50: (a) learning rate 0.00002 with an IoU of 50%, 75% and 

90%; (b) learning rate 0.0002 with an IoU of 50%, 75% and 90%; (c) learning rate 0.002 with an 

IoU of 50%, 75% and 90%. 
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(a) 

   
(b) 

   
(c) 

Figure 4.3. Mask R-CNN + ResNet101: (a) learning rate 0.00002 with an IoU of 50%, 75% and 

90%; (b) learning rate 0.0002 with an IoU of 50%, 75% and 90%; (c) learning rate 0.002 with an 

IoU of 50%, 75% and 90%. 

 

The losses of a model during the training process indicate whether a model can generalize 

well with the dataset it has been trained with and the new dataset that it is tested on. Figures 

4.4 and 4.5 illustrate the loss characteristics of the models at learning rates of 0.00002, 

0.0002, 0.002 and IoU thresholds at 50%, 75% and 90%. The blue line indicates how the 

value of the losses after each epoch relates to the training dataset, while the orange line 

indicates the losses after each epoch relating to the validation dataset that the model was 

tested on during the training process. As the model is trained, the losses are preferably 

decreased. If both values are decreasing as training continues. This illustrates that the model 

is generalizing well with the training and validation dataset. 
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(a) 

   
(b) 

   

(c) 

Figure 4.4. Mask R-CNN + ResNet50: (a) losses of the model with a learning rate 0.00002 and an 

IoU of 50%, 75% and 90%; (b) losses of the model with a learning rate 0.0002 and an IoU of 50%, 

75% and 90%; (c) losses of the model with learning rate 0.002 and an IoU of 50%, 75% and 90%. 
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(a) 

   
(b) 

   

(c) 

Figure 4.5. Mask R-CNN + ResNet101: (a) losses of the model with a learning rate 0.00002 and an 

IoU of 50%, 75% and 90%; (b) losses of the model with a learning rate 0.0002 and an IoU of 50%, 

75% and 90%; (c) losses of the model with learning rate 0.002 and an IoU of 50%, 75% and 90%. 

4.4 Overall Accuracy 

The confusion matrix was used to assess how well the model was able to identify objects 

belonging to a certain class based on new unseen data. The output of the confusion matrix is 

the overall accuracy of the model. The training process provided information based on two 

backbone architectures used with Mask R-CNN. This was ResNet50 and ResNet101. Figures 

4.6 to 4.8 illustrate the overall accuracy of the model with a learning rate of 0.00002 over 

50%, 75% and 90% IoU thresholds using ResNet50 architecture. The model was not able to 

detect class D and E with multiple false positive detections. The model could not detect all 

objects related to classes B and C. Figures 4.9 to 4.11 illustrate the overall accuracy of the 

model with a learning rate of 0.0002 over 50%, 75% and 90% IoU thresholds using 

ResNet50 architecture. The model struggled to detect class E with multiple false positives. 
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Figures 4.12 to 4.14 illustrate the overall accuracy of the model with a learning rate of 0.002 

over 50%, 75% and 90% IoU thresholds using ResNet50 architecture. The model’s 

performance has superseded the previous results with a learning rate of 0.002. The model 

was able to detect all objects belonging to the correct class. False positive detections of 

classes A, B and E belonged to the background in all IoU thresholds.  

 

 

Figure 4.6. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.00002 and an 

IoU of 50%. 
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Figure 4.7. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.00002 and an 

IoU of 75%. 

 

 

Figure 4.8. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.00002 and an 

IoU of 90%. 
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Figure 4.9. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.0002 and an IoU 

of 50%. 

 

 

 

Figure 4.10. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.0002 and an 

IoU of 75%. 

 



CHAPTER 4 RESULTS 

Department of Electronic and Computer Engineering 
Durban University of Technology 

98

 

Figure 4.11. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.0002 and an 

IoU of 90%. 

 

 

 

Figure 4.12. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.002 and an IoU 

of 50%. 
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Figure 4.13. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.002 and an IoU 

of 75%. 

 

 

Figure 4.14. Confusion matrix: Mask R-CNN + ResNet50 with a learning rate of 0.002 and an IoU 

of 90%. 

 

The second group of results were achieved from Mask R-CNN using ResNet101 as the 

architecture. This is illustrated in Figures 4.15 to 4.23. Figures 4.15 to 4.17 illustrate the 

overall accuracy of the model with a learning rate of 0.00002 over 50%, 75% and 90% IoU 

thresholds using ResNet101 architecture. The model struggled to identify all objects 
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belonging to class E and had multiple false positive detections in classes A, B and D. Figures 

4.18 to 4.20 illustrate the overall accuracy of the model with a learning rate of 0.0002 over 

50%, 75% and 90% IoU thresholds using ResNet101 architecture. The model performed 

better detecting all objects in comparison to the previous model. Figures 4.21 to 4.23 

illustrate the overall accuracy of the model with a learning rate of 0.002 over 50%, 75% and 

90% IoU thresholds using ResNet101 architecture. The set of results belonging to this 

model’s parameter selection performed the best in comparison to all previous results 

mentioned. All objects were correctly detected as belonging to the correct class. There are 

instances of false positives being detected in the background only. These false positives may 

be removed in future works by sizing the detection window to only include the objects of 

interest. 

 

 

 

 

Figure 4.15. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.00002 and an 

IoU of 50%. 
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Figure 4.16. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.00002 and an 

IoU of 75%. 

 

 

 

Figure 4.17. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.00002 and an 

IoU of 90%. 
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Figure 4.18. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.0002 and an 

IoU of 50%. 

 

 

 

Figure 4.19. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.0002 and an 

IoU of 75%. 
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Figure 4.20. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.0002 and an 

IoU of 90%. 

 

 

Figure 4.21. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.002 and an 

IoU of 50%. 
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Figure 4.22. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.002 and an 

IoU of 75%. 

 

 

Figure 4.23. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.002 and an 

IoU of 90%. 

An additional dataset was used as illustrated in Figure 3.11. The addition of class A objects 

were added. However, using the best-performing hyperparameter, the model performed 

slightly worse as compared to the initial dataset that was used, this was due to the additional  

training dataset not matching the orientation of the validation dataset. All objects were 
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detected, however, there were a few instances where false positives were detected that 

belonged to the background of the object. This is illustrated in Figure 4.24. 

 

 

Figure 4.24. Confusion matrix: Mask R-CNN + ResNet101 with a learning rate of 0.002 and an 

IoU of 90% trained on additional data. 

4.5 Comparative Analysis 

Table 4.1 contains values relating to the average precision over all classes based on the 

learning rate of 0.00002, 0.0002 and 0.002 across IoU thresholds of 50%,75% and 90%. The 

AP is calculated from the area under the precision-recall curve as illustrated in Figure 4.2 

and Figure 4.3. The precision and recall values at IoU = 50% are generally higher across all 

learning rates as this threshold is lenient when coming to bounding box overlap 

requirements. IoU = 75%, has a slight drop in average precision values as compared to IoU 

= 50%. This can be related to the model finding it more difficult to detect the objects 

accurately. IoU = 90% does have a lower score in comparison to the other mentioned 

thresholds. However, the opposite is noticeable when observing results using a learning rate 

of 0.002, which also was the best-performing model in both uses of ResNet50 and 

ResNet101. The third loss curve illustrated in Figure 4.4 (c) and Figure 4.5 (c) both show 

that the models with a learning rate of 0.002 at IoU = 90% seem to generalize better with the 

training and validation dataset during the training process showing no signs of overfitting or 
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underfitting. The AP values belonging to each learning rate do seem consistent irrespective 

of IoU values selected. Having attained a better value at a higher learning rate may be 

attributed to faster convergence. The quality of annotation used in the study followed a 

process of including all edges of objects within the dataset, allowing the model to learn to 

distinguish finer details between classes more effectively. The best-performing model based 

on the precision-recall curve was achieved through Mask R-CNN using ResNet101 based 

on a learning rate of 0.002 at an IoU = 90% as illustrated in Table 4.1.  

Table 4.1. Average precision over all classes. 

 Learning Rate AP50(%) AP75(%) AP90(%) 

Mask R-CNN + 

ResNet50 

0.00002 70.60 68.95 59.59 

0.0002 92.22 90.93 84.05 

0.002 96.45 96.33 96.49 

Mask R-CNN + 

ResNet101 

0.00002 95.01 91.45 91.28 

0.0002 96.01 96.43 95.98 

0.002 95.55 96.55 98.27 

 

 

Table 4.2 illustrates the overall accuracy of the Mask R-CNN model using the ResNet50 

backbone based on the learning rates of 0.00002, 0.0002 and 0.002 across IoU thresholds of 

50%, 75% and 90%. Class A had a constant error rate across learning rates 0.0002 and 0.002 

while class B’s error rate was higher in IoU thresholds 75% and 90%. Class C showed an 

instance of an error rate at a lower learning rate of 0.00002 while classes D and E showed 

error rates at higher learning rates of 0.0002 and 0.002. 
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Table 4.2. Overall accuracy using Mask R-CNN + ResNet50. 
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B 4.17 32.26 17.86 29.73 21.21 29.73 3.70 10.34 3.70 

C 16.67 0 0 0 0 0 0 0 0 

D 0 0 0 0 25 14.29 0 0 0 

E 0 0 0 100 0 0 0 14.29 25 

 

Table 4.3 illustrates the overall accuracy of the Mask R-CNN model using the ResNet101 

backbone based on the learning rates of 0.00002, 0.0002 and 0.002 across IoU thresholds of 

50%, 75% and 90%. The model performed better at a higher learning rate of 0.002 with an 

increase in AP values at IoU = 90%. The model has learnt effectively at this threshold 

allowing for better object localization and mask segmentation. The best-performing model 

of 98.25% with relation to the overall accuracy was achieved at a learning rate of 0.002 at 

an IoU = 90% with an inference time of 400ms.The model was able to obtain real-time parts 

classification at a high overall accuracy. In comparison to the use of ResNet50, there is a 

notable increase in OA values across all learning rates. Suggesting that the use of a deeper 

neural network provides more robust results in an industrial environment. Class A showed a 

consistent error rate through all learning rates. This, however, was an object that was 

detected in the background and not a misidentification of other objects. Class B’s error rate 

decreased as the learning rate increased. Class C, D and E had no error rates except class D 

at a lower learning rate. The results from both Tables 4.2 and 4.3 suggest that a model with 

a dataset given in an industrial environment tends to perform better at a higher learning rate. 

The analysis suggests that for the task required in an enamel coating line requiring a high 

IoU threshold, the use of Mask R-CNN using ResNet101 performed better with an optimized 
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learning rate of 0.002. An interesting observation based on the additional dataset used as 

illustrated in Figure 3.11 suggests that the model performed worse when using the 

parameters of the optimized model due to the variation in orientation of the objects between 

the training and validation dataset. The model with the additional data achieved an OA value 

of 90% as compared to 98.25%. This suggested that the model did not require additional 

data for better feature extraction. 

 

Table 4.3. Overall accuracy using Mask R-CNN + ResNet101. 
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CHAPTER 5 Analysis and Conclusion 

5.1 Introduction 

In this chapter, a comprehensive analysis is provided based on the results obtained from 

chapter four using the Mask R-CNN model following the prescribed methodology. Key 

findings are further discussed and limitations of the method are highlighted. 

Recommendations for further improvements in the industrial settings is given. 

5.2 Summary of Research Objectives and Methods 

The research aimed at solving the issue of incorrect data being received from the process 

line by incorporating an automated system that would add redundancy to a human-performed 

task that was currently being performed. This research aimed to provide a unique image 

processing solution compared to what is currently available in the coating industry. Mask R-

CNN was used for this study with the choice of various learning rates and IoU thresholds. 

The methodology included the use of Mask R-CNN with two different ResNet backbones. 

The research objectives included the literature review of objectors used within an industrial 

environment in delivering robust results from the model while being fast enough to provide 

live data. After hardware configuration, the focus was placed on collecting data and building 

high-quality datasets. This dataset comprised of a train, validate and test portion which 

followed an 80:10:10 ratio split. Once the dataset was built, data augmentation was applied 

to further enhance the quality of the dataset to be used in the model during the training 

process. During the training process, the hyperparameters were adjusted and analysed to 

determine an optimized model. The trained models were then tested and evaluated to 

determine which model performed better. The evaluation was conducted through the use of 

the AP and the OA of each model. The models that had a higher AP and OA were determined 

as the superior model as compared to lower values. The dataset had 5 classes. Each portion 

was separated, and data was not shared amongst the portions. The number of images and 

their classes are presented in Table 3.1.  
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5.3 Key Findings and Analysis 

The literature review in chapter two provided a base on model selection and establishing a 

balance between performance and speed. Table 2.1 provides a comparative analysis of 

previous state-of-the-art models and how they compare with the Mask R-CNN model based 

on the COCO dataset. Mask R-CNN had the highest mAP of 60.3% in 2017 as compared to 

other models. The backbone selection within a deep learning neural network has a notable 

impact on the results of the mAP as seen in Table 2.1. Where Faster R-CNN with 

ResNet101/FPN had achieved a mAP of 59.1% as compared to Faster R-CNN with 

VGGNet-16 achieving a lower mAP of 42.7%. This observation has also been investigated 

in this study with two backbone selections. These backbone selections included ResNet50 

and ResNet101. The analysis of the model’s performance based on the unique dataset can 

be split into sections that include the IoU thresholds, learning rates, backbones and error 

analysis. The IoU threshold selection when training the model provides crucial information 

on how well the model can generalize with all datasets relating to the overlap between the 

detected objects and the ground truth as illustrated in Table 4.1. The AP performance of a 

deep learning model tends to decrease as the IoU thresholds are increased as stricter criteria 

are applied to the model. This is true for the learning rates of 0.00002 and 0.002. However, 

it must be noted that for a larger learning rate, the model was able to achieve a higher AP 

using ResNet50 and ResNet101 of 96.49% and 98.27% respectively at IoU = 90%. The 

model's ability to attain a high AP at a high IoU suggests that the model is capable of 

producing robust detections with relation to the precision and recall metrics. With the chosen 

dataset size and maintained industrial environment conditions, the model achieved higher 

APs with a learning rate of 0.002. This suggests that the model can learn more complex 

patterns and features at an aggressive learning rate with the selected dataset and architecture. 

With the lower learning rates of 0.00002 and 0.0002, the model was able to perform 

moderately well. However, these AP values were lower as compared to the higher learning 

rate. Observing a learning rate of 0.00002, the AP values were lower with smaller increases. 

This suggests that the model was slower at learning not being able to provide the required 

optimal recall and precision performance. The performance across different model 

backbones like ResNet50 and ResNet101 illustrated in Table 4.1, provided insight into the 

model’s robust capabilities. Having achieved a higher AP in both architectures at a learning 
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rate of 0.002. These results were consistent across all IoUs, being able to balance 

computational resources and detection performance. The ResNet101 provided a deeper 

network for training, allowing the model to learn more features from the objects in the 

dataset. This deeper network had a significant impact concerning multiple detections on one 

object, false detection on actual objects and no detection as illustrated in Figure 4.1. The 

detailed explanation regarding Figure 4.6 to Figure 4.23, illustrates the reduction of false 

positives on multiple object classes to only having false positives being detected in the 

background of the image. The initial challenges of multiple objects being detected on one 

object and no detections of certain objects were eliminated using Mask R-CNN with 

ResNet101. The overall accuracy as illustrated in Table 4.2 and Table 4.3 provides insight 

on the model’s detection capability with unseen data and provides error analytics data. The 

error of commission, which is the false positive detection of the model, is another crucial 

metric displaying the model’s mistakes. From the observation of both models’ architectures, 

there has been a low error rate across all classes' overall learning rates and IoU thresholds 

not exceeding 33.33% except for the one instance of 100% for class E for a learning rate of 

0.0002 at IoU = 50%. Suggesting that the model has a high sensitivity rate on average across 

all metrics. Based on the error rate related to class-specific performance in Table 4.2 and 

Table 4.3, classes A and B show the most instances of errors attained. This suggests that the 

model has had more of a challenge regarding intra-class variances between the classes.  

5.4 Contributions of Findings 

The main contribution of this study is the introduction of an automated technique for 

detecting and classifying manufactured metal parts on a conveyor line into their respective 

classes. The classification of these parts was done on a unique area of the manufacturing 

plant, which was the enamel paint coating line, thus eliminating the need for manual 

inspection. The contribution of this study resulted in the reduction of error rate as compared 

to manual human intervention. The adoption of Mask R-CNN, for this specific case study 

was highlighted. Mask R-CNNs of segmentation and classification allowed for detailed 

analysis with detected objects and the ground truth. The study also addressed the challenge 

of objects being detected in the background of the area of interest. This is a significant 

challenge in a conveyor-based inspection system. This challenge was minimized through 
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determining an optimized model that performed better than initial training iterations. 

Another challenge which was evident in the literature was the use of imbalanced data that 

replicated the ratio of the production line in one running shift. The imbalanced data provided 

insight into model performance based on the error analysis and the adaptability of intra-class 

variability as seen in classes A and B. With this variability, the optimized model was able to 

achieve a high AP and OA, suggesting that the Mask R-CNN model is capable of flexibility 

and scalability based on the dataset and environment used in this study. Finally, the 

optimized model met the stringent requirements needed within an industrial firm, achieving 

a high AP and OA relating to data quality requirements. 

5.5 Conclusions and Future Research Recommendations 

In this research, a novel application was presented using the Mask R-CNN model for 

detecting and classifying parts on an enamel coating line which has contributed to the field 

of image processing in industrial automation. The main objective of this research was to 

create a system that could be used locally to identify and count each part on a conveyor line 

after passing a certain process. This system was to be reliable in data capturing from the field 

and to provide information on production performance throughput. The aim included the 

reduction or elimination of repetitive human intervention needed to manually count the parts 

on the line.  

 

The Mask R-CNN model using ResNet50 and ResNet101 as backbones, illustrated its 

capability to provide reliable and robust data in a controlled industrial environment. The 

Mask R-CNN model using ResNet101 as its backbone was able to achieve an impressive 

AP of 98.25% and an OA of 98.27% with a real-world image dataset from the field. The 

results highlight the model’s ability to deliver reliable data with the challenges faced in 

computer vision applications. The model’s ability to deliver high precision and recall values 

suggests that the model is well-suited for use in an industrial environment where precision 

and reliability are critical. The main finding during the analysis is that increasing the learning 

rate of the model resulted in a better AP and OA. This was true across all IoU thresholds 

used in the model. However, it must be noted that when the learning rates were set to 0.02 

and 0.2, the model wasn’t able to generalize well with the dataset which led to the model's 
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unstable convergence during the training process. The model’s inference time of 

approximately 400 ms per frame made this application a viable solution for real-time data 

capturing on the production line. The line speed operates at 0.1m/s. The required capturing 

of 10 frames required a capture window of 4 seconds, the averaging of the objects in the 10 

frames allowed for a reduced false positive detection. This made for a travel distance of 0.4 

m, which was subsequently within the capture window period. The model was able to 

provide high accuracy values, however, there were instances in class A having a constancy 

false positive in all thresholds of 7.69%. This was due to the model predicting an object of 

class A in the background. When observing the results between classes B and E, which share 

the same features with differences in size only, the optimized Mask R-CNN model was able 

to differentiate between both classes even near one another.  

 

Future improvements include the isolation of the area of interest where the objects of interest 

may be. This improvement would eliminate all false positives and reduce noise in the 

background. Another future improvement based on the accurate localization of the masks 

generated by the mask branch would be to incorporate the segmentation mask localization 

feature in determining spray gun localization to reduce enamel powder consumption and 

increase manufacturing quality during the spraying process. This research has successfully 

illustrated the potential of applying a deep learning model, specifically Mask R-CNN, to 

improve the efficiency relating to data quality through the automation of industrial processes. 

The insight in this research contributes to the future development of industrial automation 

and process optimization using deep learning techniques. The objectives met from this study 

are listed as follows: 

 

1. A comprehensive review was conducted into state-of-the-art deep learning models 

with specific attention to Mask R-CNN, the review provided information on model 

selection, backbone selection, environment consideration and hyperparameter 

considerations. 

2. Hardware was installed and successfully captured data used for training and 

validation processes. The hardware was capable enough to complete the study. 

3. Image augmentation was applied to images to improve generalisation within the 

model. This contributed to the robustness of the model. 
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4. Comparative analysis after hyperparameter tuning illustrated performance 

improvements through an iterative process. 

5. The results of the model were quantitatively evaluated using the confusion matrix, 

providing information on model detection accuracy. 

6. Identification of future research recommendations was recognised with practical 

suggestions. 
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