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Abstract 

 

In this study, a deep learning model was synthesized for object detection that can give better 

results than the state-of-the-art accuracy and reliability in production environments making it 

more accessible to production-ready applications. For this, a model architecture was used 

that is inspired by state-of-the-art Single Shot Detector architecture. Statistical analysis was 

performed on the results generated by the model to make final predictions in each frame. 

Experimental results outperform simple-SSD architecture. For 300 X 300 inputs, it achieves 

84.7% mean Average Precision on the system with Nvidia GeForce GTX 1660 Ti 14GB, 16 

GB ram, and Intel(R) Core (TM) i7-9750H CPU @ 2.60GHz at 60FPS, outperforming 

existing architectures of SSD, Faster Region - Convolutional Neural Network, You Only Look 

Once (YOLO), Resnet50, Resnet100 in use. 
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Chapter 1 

 

Introduction 

 

1.1 Introduction to Object Detection for Robotics Applications 

 

One of the most well-known and most extensively researched topics in the Computer Vision 

domain is Object Detection. It provides a base for a multitude of applications where you want 

to process that portion of the image where the object of interest is present. Thus, it is intuitive 

that most of the advanced computer vision problems usually have object detection (or a 

modified version of it like, car detection, pedestrian detection, face detection, vision-based 

object detection in robotic applications [49] etc.) as their first block of processing. Thus, it is 

one of those domains that have been continuously evolving on account of continued interest 

from the research community, and with each evolution, it gives life to a new set of 

possibilities or potential applications. 

Nowadays due to advancement and technologies in deep learning, robot vision [49] is not an 

exception. There are many machine learning algorithms introduced and implemented to solve 

computer vision problems but cannot be successful in solving robotic applications such as 

robotic grasping as it contains real-time constraints and dynamic nature of environment. 

There are very few algorithms which are proposed to solve these robotic applications. Robot 

vision is a robot's ability to sense its surroundings and communicate with the visual feedback 

in the context of the environment. Robot vision expands the concept of computer vision such 

that it is beneficial for a robot to execute tasks in a real-time and dynamic way. The main 

objective is to differentiate between objects in a congested scenario, and generate a region 

with recognition  

Objects to better grip or separate it to its desired location. 

Object Detection problem consists of taking an input image, processing it, then classifying it 

into one out of a set of class labels, and predicting a bounding box that would ideally enclose 

the object inside itself. In a sense, it is a combination of image classification and image 

localization Figure 1.1. 
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Figure 1.1 pictorially shows the difference between and relation to each other for "Image 

Classification," "Image Localization," "Object Detection."  

 

Figure 1.1 A visual representation of Object Detection task 

 

● Image Classification: Given an input image, the problem deals with predicting a 

class label for the image from a predefined set of labels. Notice that the label 

“APPLE” has been identified in the first step. 

 

● Image Localization: Given an input image and class label of the image, the problem 

deals with predicting a bounding box that would perfectly enclose the object present 

in the image. Notice that the bounding box in the second image perfectly encloses the 

apple. 

 

● Object Detection: The problem is a combination of both "Image Classification" and 

"Image Localization." Here, the issue deals with finding all objects (of any class) 

present in the image, detecting class labels for these objects, and then predicting a 

bounding box for each of these objects. 
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1.2 One-stage vs. Two-stage Detectors 

 

Based on the kind of approach followed to perform the classification and localization tasks, 

the object detection models can be broadly classified into the following type of detectors: 

● One-Stage Detectors: These models follow a more straightforward approach to 

detection as compared to the “Two-Stage Detectors." They do not have any separate 

heuristic to predict the enclosing bounding box of an object. Instead, they would 

simply iterate over a large number of possible positions of the detected class object. 

This method, although faster than the "Two-Stage Detector," does not achieve as good 

of accuracy as compared to the "Two-Stage Detector." The non-complex nature of the 

"One-Stage Classifier," allows it to perform detection at a much faster rate and thus 

makes it highly suitable for real-time face recognition in real-time e.g., YOLO (You 

Only Look Once), SSD (Single Shot Detector). 

● Two-Stage Detectors: These models differ from “One-Stage Detectors” in the 

manner that they perform detection in the images. They usually first select a set of 

regions of interest (ROIs) by algorithms like “RPN: Region Proposal Network” or 

“Selective search algorithm [50]". These selected ROIs are then processed to find the 

occurrence of any object. Although the "Two-Stage Detector" actually has to process 

lesser number of regions than “One-Stage Detectors," but they end up doing more 

computations due to their more complex nature. The complexity in their processing is 

mainly attributed to the compute-intensive algorithms used to find these ROIs. 

Examples of “Two-stage Detectors” include R-CNN (Region Based-Convolution 

Neural Network), FR-CNN (Faster Region Based-Convolution Neural Network). 

  

1.3 2D Vs 3D Object Detection 

 

Another factor that is often used as the basis to distinguish different object detection models 

is the “dimensionality of the objects” that is considered for making the predictions. Based on 

the dimensionality considered, object detection models can be classified into: 

● 2D Detectors: These detectors perform object detection in the 2D space. They take 

into consideration only the visible perspective of the object and are thus ignorant of 

the depth of the objects. For simplicity, one might say that these detectors assume any 
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scene to be a 2D surface, with objects being 2D projections of themselves. They 

(these detectors) then move on to predict bounding boxes such that a bounding box 

must enclose the 2D projection of the objects. Intuitively, the resultant bounding box 

itself will be a 2D bounding box.  

● 3D Detectors:  As a contrast to the 2D Detectors, these 3D detectors perform object 

detection in the 3D space by also taking into account the perceptible depth of the 

object in the image. They take into consideration the complete 3D perspective of the 

object. They (these detectors) then move on to predict 3D bounding boxes such that a 

bounding box must enclose the entire 3D body (perceptible) of the object same as 

they are in real-life. It is also important to note that while considering the complete 

3D perspective for all objects, their arises a very serious problem of occlusion (not 

discussed in detail as it is out of scope this study) 

Intuitively, the resultant bounding box itself will be a 3D bounding box, i.e. it will 

have coordinates specified in the 3D space, unlike the 2D Detectors where the 

coordinates of the bounding box are specified in the 2D space. 

Figure 1.2 shows the differences between 2D and 3D Detectors. 

 

Figure 1.2 An example of 2D (left) and 3D (right) detections 

 

For the scope of this study, we will be looking into the details of the 2D Detector models only 

as the problem being focused here is independent of the depth of the objects. Our goal in this 

research work has been to develop a 2D detection model that utilizes statistical analysis and 
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probability theory on top of the existing state-of-the-art models to achieve better accuracy 

and reliability in production environments. It is commonly noticed that the existing state-of-

the-art models which claim to achieve very high accuracy and reliability in the research 

environment fail to retain the same accuracy and reliability in the production environment. 

1.4 Objectives 

 

The main objective of this research study is to present an “Integrated Object Detection” 

system which combines SSD (a state-of-the-art deep learning-based object detection model) 

and some statistical analysis modules (inspired from [21, 22, 23]) to result into a robust 

object detection system that provides better than state-of-the-art accuracy and reliability in 

production environments making it more accessible to production-ready applications. 

Throughout this research study, we have kept in mind the existent and ever-growing gap 

between performance scores of such computer vision systems in the research environment 

and the production environment. It is of great importance for both academia and industry that 

performance scores achieved in the research environment be achievable in the production 

environment as well.  

Our experimental results outperform simple-SSD architecture for 300 ˣ 300 inputs it achieves 

84.7% mean Average Precision on a system with Nvidia GTX 1080Ti 14 GB, 16 GB RAM 

and Intel i7 7700HQ at 60FPS, outperforming existing architectures of SSD, Faster Region - 

Convolutional Neural Network, YOLO, Resnet50, Resnet100 in use. 

1.5 Proposed Method 

 

To solve the aforementioned issue of “lower than expected performance accuracy and 

reliability in production environment”, we propose an “Integrated Object Detection” system 

which would be a combination of SSD (a state-of-the-art deep learning-based object detection 

model) and some statistical analysis modules (inspired from [21, 22, 23]).  The idea is to use 

a model architecture that is inspired by state-of-the-art Single Shot Detector architecture and 

then perform statistical analysis on the results generated by the SSD model to generate final 

predictions in each frame. Figure 1.3 shows a broad overview of our Integrated Object 

Detection pipeline.  
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Figure 1.3 Proposed Pipeline for the Integrated Object Detection system 

 

Our system follows a two-block pipeline, wherein the first block corresponds to an "SSD-

inspired Object Detection module," and the second block corresponds to some pre-chosen 

statistical modules (to be discussed in detail later in this thesis). A brief description of the 

constituent blocks of our “Integrated Object Detection” system is as follows: 

● Object Detection Module: Our Object Detection module consists of a feed-forward 

Convolutional Neural Network (inspired from the state-of-the-art SSD model) which 

generates a definite sized collection of bounding boxes with probability scores for 

each class corresponding to the object instances enclosed by those boxes. These 

probability scores, along with the location of these bounding boxes, is packed and 

provided as input to the next block, i.e., "Statistical Analysis Module." Please note 

that we already have the object detection outputs for all the bounding boxes at this 

stage. But, to improve upon this output, we further process it through the "Statistical 

Analysis Module." 

● Statistical Analysis Module:  The output from the "Object Detection Module" is then 

fed to our "Statistical Analysis Module." The statistical analysis module (inspired 

from [21, 22, 23]) then processes it and compares the results of each box with every 

other box for contextual relevance to produce the final labels (shown in Figure 1.4). 
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Figure 1.4 A sample result of our Integrated Object Detection system 

 

1.6 Contributions 

The main contribution to the research is to use Bayes Inference instead of Non-Maximum 

Suppression. Using Bayes Inference rather than Non-Maximum Suppression increase 

accuracy and also helps to discard falsely labelled bounding boxes. As Non-Maximum 

Suppression keeps the bounding boxes which have intersection over union (IOUs) values 

greater than minimum threshold or confidence score greater than minimum threshold. This 

would result in keeping many falsely labelled bounding boxes which further results in the 

model ending up with the wrong detection in some cases. To tackle this problem Bayes 

inference alleviates this problem. In the Bayes inference the bounding box with the highest 

categorical score is selected as the cluster’s centre. If the score of the chosen bounding box is 

too low, then it will be discarded. First, we sort all the bounding boxes in decreasing order of 

the score and then choose the bounding box with the highest score which is considered as the 

cluster’s centre. Next, other bounding boxes are found which have bigger IOU than the 

threshold and those bounding boxes will be added to the cluster. If model is able to find the 

bounding box with higher categorical score as well as bigger IOU than the threshold then 

model updates the cluster’s centre. These steps are followed with all the remaining bounding 

boxes. At the end, only one bounding box would be kept for each cluster. This method helps 

to reduce the false bounding boxes compared to hard negative mining and that is how it 

increases the accuracy of the model. 
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1.7 Outline of the thesis 

 

This thesis is organized in the following structure: 

● Chapter-1 [Introduction]:  An introduction of the problem that we aim to solve has 

been discussed so that the reader is mindful of both the need and the benefits of our 

research work. A brief detail of Object Detection has also been provided in this 

section. 

● Chapter-2 [Literature Review]: A literature review comparing different existing 

state-of-the-art techniques is presented. The importance of our work in the context of 

the existing literature and their limitations is explained. 

● Chapter-3 [Dataset]: We have explained and analysed the dataset that has been used 

for this study. A detailed discussion over the validity and authenticity of the dataset 

has also been carried out in this section. 

● Chapter-4 [Methodology]: Detailed description and analysis of our final pipeline and 

the research methodology used in this thesis have been described in this chapter.  

● Chapter-5 [Results and Discussion]: This chapter includes the compilation and 

interpretation of the results. 

● Chapter-6 [Conclusions and Future Work]: In the final chapter, we conclude our 

study along with suggestions for future work. 
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Chapter 2 

 

Literature Review 

 

2.1 Introduction to Object Detection 

 

In this section, we will set the background for further discussion of our work in this thesis. 

We will look into various existing state-of-the-art solutions to the Object Detection problem 

and discuss different aspects of their development. In spite of being a relatively older 

research area, a massive number of contributions are made to this domain of problems every 

year. Object detection has also found a crucial place in the modern surveillance industry 

along with motion detection. But despite all the ongoing efforts from the research 

community, there is still a serious gap in the far-reaching research efforts and their 

production level implementation. This gap is the main area that we have aimed to improve 

through our work. In this thesis, we will also present an account of the problems that we aim 

to specifically tackle through our work. Further discussion will be done about the importance 

of context definition and how it will help fill in the drawbacks of the existing solutions. 

The first object detector was published in 2001 and was named the Viola Jones Object 

Detector [55]. Even though, facial detection was the primary use case, it was technically 

classified as an object detector.  It provided a solution in real time and was adopted at the 

time by many computer vision libraries. After that the field of Deep Learning was 

substantially accelerated. Overfeat Network [54] was the first deep learning object detector 

model which used Convolutional Neural Networks (CNNs) along with a sliding window 

approach. It classifies each part of the image as an object / non object and then combines the 

results to produce the final set of predictions. This method of using CNNs to solve detection 

has led to the introduction of new networks that boost the progress of the state of the art even 

further. 

There are actually two approaches for building object detectors: a single step 

approach and a two-step approach. We have also mentioned briefly about the approaches in 
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Chapter-1. The two-step approach has achieved better accuracy than the previous one, while 

the one-step approach has been quicker and has shown higher memory performance.  

 

One-Stage Detectors  

 

These approaches adopt a simplified detection strategy compared to the "Two-stage 

Detectors"[57]. They do not have any particular algorithm to find the regions of interests 

which makes these method faster as compared to two-stage detector. On the contrary, they 

will actually iterate over a wide range of potential positions of the class object being 

identified. However, this method is faster than the "Two-Stage Detector," but it is not as 

reliable as the "Two-Stage Detector" method. The non-complex design of the "One-Stage 

Classifier" enables it to execute detection at a much faster pace, making it highly suitable for 

real-time image recognition.  Examples of single-stage detectors include YOLO and SSD. 

 

Two-Stage Detectors 

 

Two-stage detectors use two different phases to get the final results which make them differ 

from one-stage detectors. In the first stage two-stage detector uses algorithms such as "RPN: 

Region Proposal Network" or "Selective search algorithm [56]" to select a set of regions of 

interest (ROIs). Possibility of the occurrence of an object is done using these selected ROIs 

from the previous step. Two-stage detector uses RPN: Region Proposal Network or 

"Selective search algorithm which helps to reduce the number of regions of interest. On the 

other hand, the "One-Stage Detector" needs to process a greater number of regions than "two-

Stage Detectors". However, because of the complex nature of the two-stage detectors they 

end up doing more computation. The magnitude of their processing is primarily due to the 

compute-intensive techniques used to identify these ROIs. Examples of two-stage detectors 

include R-CNN and FR-CNN. 

Object detection models have undergone various changes over the years since 2012. 

The first breakthrough in object detection was the RCNN [57], which resulted in an increase 

of almost 30% over the previous state of the art. 

The Two-Stage Detectors have shown remarkable performance accuracy. Also accompanied 

by the transformation in the digital industry, computation speeds have come down 

significantly and thus even real-time implementation of the Two-Stage Detectors has shown 
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very promising results. But context awareness is a crucial part of the visual information 

which was still missing from these modern architectures like R-CNN and Faster R-CNN. 

Contextual modelling increases the detection efficiency by leveraging features from or 

around RoIs of different regions of support and resolutions to resolve occlusions and local 

similarities [58]. Zhu et al. [59] proposed SegDeepM to exploit object segmentation that 

would minimise dependence with Markov Random Field on the initial candidate boxes. 

Moysset et al. [60] benefitted from 4 directional 2D-LSTMs (Long short-term memory) to 

convey global context between different local regions and reduced trainable parameters with 

local parameter-sharing [61]. Zeng et al. [62] proposed a novel GBD-Net by introducing 

gated functions to control message transmission between different support regions. 

The use of context description in the field of object detection and categorization has 

been evident since the beginning of this domain [19]. Researchers in various disciplines such 

as neurobiology [20], cognitive sciences, psychology [51], animal perception [52] and many 

others have examined background knowledge as a valuable step towards an accurate 

understanding of real-world visual data. Apart from some of the specific research questions 

discussed in this paper, the key emphasis of this analysis is on the application of contextual 

knowledge to the context model of a qualified object detection system. 

Although context studies are definitely relevant to the content of our thesis, the 

increase in the complexity of context-based algorithms has led to a growing significance for 

the consideration of context in visual data for detection and categorization tasks. A variety of 

algorithmic approaches to object recognition, such as partial matching, neural networks [53], 

support vector machines [24], random forest [25] and others have shown promising results 

compared to vanilla image correlation approaches. The data-driven context-sensitive object 

detection domain has shown promising results, which further highlight the importance of the 

context-dependent information analysis in the object detection mission.  

In the nascent field of computer vision, few object categorization architectures and 

methodologies have considered this point of view and demonstrated significant improvement 

in performance, hence concluding that not only contextual information can add to overall 

reliability of the models but it very successfully removes ambiguity that comes into picture 

due to differing appearances of inputs in different samples in task of object detection. 

In this research, we have tried to decode the problem of providing numerous 

contextual data points for the development of ready and reliable object detection in the field 

of computer vision. To that end, we introduced a simple layer of stochastic modeling on top 

of the results generated by the model. This system allows to solve a completely new class of 
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object detection problems that incorporate multiple contextual information types, and have 

proven to be effective at overcoming problems of context-resolution. This unique method of 

statistically analysing the object detection output to include contextual information enables us 

to solve many optimization and anomaly detection tasks, all in a much faster time. 

Multiple common approaches to context-based object detection models, optimum 

depth of context extraction and varying levels of contextual knowledge have been studied. 

The most basic approach is to identify objects with an attached dimension. At the highest 

level of contextual abstraction, these same categorizations apply to any item that may range 

from tree structure of particular object categories, to object part hierarchies, to associations 

with other categories ( e.g. hair) or word translations (e.g. eyes; nose). To date, these 

categorization models involve a number of different frameworks, classes, and vectors. 

Thus, as discussed above, our work on a Context-Aware Object Detection primarily 

focuses on using the contextual features to improve the object detection accuracy. The two-

layer method ("Deep Learning" and "Stochastic Modelling") followed by our model assures 

in bridging the performance gap that is usually noticed in the far-reaching research efforts 

and their production level implementation. Our results and analysis (discussed in Chapter-5) 

also reflects the same and shows higher performance accuracy in production environment as 

compared to the existing state-of-the-art solutions.  
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Chapter 3 

 

Dataset 

 

3.1 Machine Learning 

Machine Learning is a technique used to create models that can abstract data information to 

solve the given problem and ultimately improve their accuracy over and over again. The 

fascinating point of view which can be used to interpret machine learning as information 

encoding using fewer bits than the original version, in which the machine learning model 

attempts to get more input details to evaluate model summary. 

 

3.1.1 Machine Learning Approaches 

Machine Learning approaches have a wide hierarchical structure, but basically, it can be 

divided into two categories: 

 Unsupervised Learning 

 Supervised Learning 

 

Unsupervised Learning 

In the unsupervised learning approach, the model training is done by detecting new data and 

finding patterns from the given input data without instructing about the data. On the contrary 

to the supervised learning technique, this method has an advantage that the model has an 

ability to learn from data without supervision. Therefore, this method does not need to have 

an input data to be labelled, which means that it takes less time and amount of resources to 

train the model and deploy in practice. To obtain appropriate data could be the biggest 

difficulty of the supervised learning method in real-world applications. In this context, 

appropriate data means data which have been somewhat classified into various categories, 

which might not even exist in many circumstances. 
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The mainstream of unsupervised learning procedures is part of a group known as clustering  

algorithms. These algorithms concentrate on the concept of analysing organised data 

clustering in the input space to evaluate the relationship between them. This is achieved with 

the belief that the clustering of data points in input space is likely to display similar 

properties. Examples of unsupervised learning models are: 

 Principal Component Analysis (PCA) - dimensionality reduction 

 K-means -clustering  

 Self-Organizing Maps (SOMs) 

Classification of images generally does not rely on the use of unsupervised methods of 

learning. 

 

Supervised Learning 

Supervised learning has been used in this research, as labels have been assigned to the dataset 

images. When data is labelled, the supervised learning method is more frequently used. 

Training data with specific format is needed in a supervised learning method. Each image or 

instance in the training data has to be labelled, which ultimately provides supervision for a 

supervised learning algorithm. There are certain procedures involved in the training of 

supervised learning approach. Firstly, the data involved in training fits the model and 

generates equivalent output. This output is compared to the actual output labels that are 

assigned to it and compute the error to evaluate the model. It simply means that the error is 

the difference between the actual output and the output produced from the model. In order to 

reduce this error, the supervised learning algorithms alters the model’s parameters. Examples 

of supervised learning models are: 

 

 Support Vector Machines (SVM) 

 Linear regression 

 Logistic regression 

 Naive Bayes 

 Decision trees 

 k-nearest neighbour algorithm (KNN) 

Image classification task depends on the supervised learning algorithm. 
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3.2 Dataset introduction  

Dataset is very crucial in these kinds of task where one needs to train a model and use that 

trained model to detect the objects which are not in the dataset or the objects which are not 

familiar with the trained model. That is how we can fairly test our network. There are several 

datasets available online for object detection for e.g. MS COCO (Microsoft coco)
i
, 

ImageNet
ii
, Open Image Dataset

iii
. These datasets are very popular and huge in terms of 

images and best suitable for the task of real-time object detection. The alternative to using 

these datasets is to create your own dataset, which would be a very time-consuming task 

because one needs to collect multiple images per object categories and they have to be 

labelled using different tools like Labelimg
iv

, rectlabel
v
 and Labelbox

vi
 which are very useful 

tools for annotation task. The process of labelling the data on images is called the annotation 

process. An image can have one or more than one objects, and each object has to be perfectly 

detected in order to label the images. For example, to annotate an input image with a person 

and a dog any of the tools mentioned above can be used to make a boundary box around both 

the person and the dog and label them as person and dog respectively and then save it in a 

particular format like XML or PASCSLVOC which are standard annotation formats. The 

annotated images are then used in the training phase. Millions of images of different 

categories are used in the training phase as the computer does not know anything about any 

object categories. Using these images, we can teach computers to recognize the objects 

belonging to a particular category. To get higher accuracy, the more the number of images 

the better trained the model and better results can be achieved. It is a huge task to create a 

new dataset by oneself as it would in itself be a complete project. A number of datasets are 

available online by big companies like Microsoft and Google as discussed above. Moreover, 

a good computation power is required to process and train the models on huge datasets in 

order to detect the objects in real-time. In some cases, external GPUs can be used for large 

dataset to train the model. 

 

ImageNet Dataset 

WordNet is a huge hierarchy which contains a large number of datasets. ImageNet is one of 

the datasets in its hierarchy. There are Multiple words and word phrases used in this data set, 

such as “synonym” and “synset”. The nouns (80,000+) in this dataset are known as “synset” 

they are around 100,000 number of synsets in the WordNet. The ImageNet data set consists 

of 1000 images to describe a particular synset. Each and every image used in this data set are 

http://www.image-net.org/index


16 
 

high quality controlled and human-annotated. The ImageNet requires an extreme level of 

clean and sorted images for the WordNet to build its hierarchy. 

 

 

 

Open Image Dataset 

The open image dataset is provided by Google, and it has millions of images, and each and 

every image has its labels to identify the objects. It contains object bounding boxes, object 

segmentation masks, visual relationships, and localized narratives. There are 600 object 

classes used in this dataset which has 16M bounding boxes on 1.9M images, which makes it 

the largest data set with object location annotations. The professional annotators give a 

contribution of manually drawing all the object bounding boxes in order to ensure its 

accuracy and consistency. The open image contains the real-life annotations in which 

multiple objects are involved with human annotations such as (A Person sitting on a chair) (A 

woman playing the flute) and many more live things involved in the human life. The open 

image data set has 3.3M annotations from 1466 distinct relationship triplets. This dataset is 

huge (~500 Gb), so it takes too much time to train the model on the Laptop GPUs.  

 

Microsoft COCO Dataset 

Frames in COCO (Common Objects in Context) dataset is captured from real-world scenes 

and “context” is added to the objects found in those scenes. Multiple objects with varying 

features can be discovered in the same frame, and each must be detected as a separate object 

and segmented properly, providing an opportunity to further enhance the deep learning 

architecture for real-world applications. 

 

MS COCO 2017 dataset was used to train the model. COCO dataset has 91 object categories 

and a total 328000 images with its associated class labels. Only 80 of those object categories 

are labelled and have segmented images. All the annotated class labels are stored in one 

JSON file which contains all the annotation in just one file for the whole dataset.  

 

We partition the 328,000 images into three subsets: T1, T2, and T3 where T1 includes 

training, T2 consists of validation and T3 includes the test images for the COCO dataset 

context. T3 was used exclusively for computing and observing our performance measures 

https://storage.googleapis.com/openimages/web/index.html
https://cocodataset.org/#home
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once to ensure an unbiased comparison with different algorithms. COCO dataset has 30 GB 

of images, and it covers 90 different object categories which are shown in Table 3.1. 

 

 

 

 

Table 3.1 Object Categories of COCO dataset 

ID 

NAME OF 

OBJECT 

CATEGORIES 

OBJECT (2014 

REL.) 

OBJECT (2017 

REL.) 

SUPER 

CATEGORY 

1 person person person person 

2 bicycle bicycle bicycle vehicle 

3 car car car vehicle 

4 motorcycle motorcycle motorcycle vehicle 

5 airplane airplane airplane vehicle 

6 bus bus bus vehicle 

7 train train train vehicle 

8 truck truck truck vehicle 

9 boat boat boat vehicle 

10 traffic light traffic light traffic light outdoor 

11 fire hydrant fire hydrant fire hydrant outdoor 

12 street sign - - outdoor 

13 stop sign stop sign stop sign outdoor 

14 parking meter parking meter parking meter outdoor 
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ID 

NAME OF 

OBJECT 

CATEGORIES 

OBJECT (2014 

REL.) 

OBJECT (2017 

REL.) 

SUPER 

CATEGORY 

15 bench bench bench outdoor 

16 bird bird bird animal 

17 cat cat cat animal 

18 dog dog dog animal 

19 horse horse horse animal 

20 sheep sheep sheep animal 

21 cow cow cow animal 

22 elephant elephant elephant animal 

23 bear bear bear animal 

24 zebra zebra zebra animal 

25 giraffe giraffe giraffe animal 

26 hat - - accessory 

27 backpack backpack backpack accessory 

28 umbrella umbrella umbrella accessory 

29 shoe - - accessory 

30 eye glasses - - accessory 

31 handbag handbag handbag accessory 

32 tie tie tie accessory 
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ID 

NAME OF 

OBJECT 

CATEGORIES 

OBJECT (2014 

REL.) 

OBJECT (2017 

REL.) 

SUPER 

CATEGORY 

33 suitcase suitcase suitcase accessory 

34 frisbee frisbee frisbee sports 

35 skis skis skis sports 

36 snowboard snowboard snowboard sports 

37 sports ball sports ball sports ball sports 

38 kite kite kite sports 

39 baseball bat baseball bat baseball bat sports 

40 baseball glove baseball glove baseball glove sports 

41 skateboard skateboard skateboard sports 

42 surfboard surfboard surfboard sports 

43 tennis racket tennis racket tennis racket sports 

44 bottle bottle bottle kitchen 

45 plate - - kitchen 

46 wine glass wine glass wine glass kitchen 

47 cup cup cup kitchen 

48 fork fork fork kitchen 

49 knife knife knife kitchen 

50 spoon spoon spoon kitchen 
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ID 

NAME OF 

OBJECT 

CATEGORIES 

OBJECT (2014 

REL.) 

OBJECT (2017 

REL.) 

SUPER 

CATEGORY 

51 bowl bowl bowl kitchen 

52 banana banana banana food 

53 apple apple apple food 

54 sandwich sandwich sandwich food 

55 orange orange orange food 

56 broccoli broccoli broccoli food 

57 carrot carrot carrot food 

58 hot dog hot dog hot dog food 

59 pizza pizza pizza food 

60 donut donut donut food 

61 cake cake cake food 

62 chair chair chair furniture 

63 couch couch couch furniture 

64 potted plant potted plant potted plant furniture 

65 bed bed bed furniture 

66 mirror - - furniture 

67 dining table dining table dining table furniture 

68 window - - furniture 
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ID 

NAME OF 

OBJECT 

CATEGORIES 

OBJECT (2014 

REL.) 

OBJECT (2017 

REL.) 

SUPER 

CATEGORY 

69 desk - - furniture 

70 toilet toilet toilet furniture 

71 door - - furniture 

72 tv tv tv electronic 

73 laptop laptop laptop electronic 

74 mouse mouse mouse electronic 

75 remote remote remote electronic 

76 keyboard keyboard keyboard electronic 

77 cell phone cell phone cell phone electronic 

78 microwave microwave microwave appliance 

79 oven oven oven appliance 

80 toaster toaster toaster appliance 

81 sink sink sink appliance 

82 refrigerator refrigerator refrigerator appliance 

83 blender - - appliance 

84 book book book indoor 

85 clock clock clock indoor 

86 vase vase vase indoor 
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ID 

NAME OF 

OBJECT 

CATEGORIES 

OBJECT (2014 

REL.) 

OBJECT (2017 

REL.) 

SUPER 

CATEGORY 

87 scissors scissors scissors indoor 

88 teddy bear teddy bear teddy bear indoor 

89 hair drier hair drier hair drier indoor 

90 toothbrush toothbrush toothbrush indoor 

91 hair brush - - indoor 

 

Below are some sample images from MS COCO dataset. 
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Figure 3.1 Sample images from Dataset 
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Chapter 4 

 

Methodology 

 

4.1 Deep learning 

The idea of deep learning was first introduced by Geoffrey Hinton et al.  [39] as a new 

research area of machine learning to learn data features as well as find better data 

representation through multi-level structure and layer-wise training. The main idea is to 

acknowledge all kinds of data like image, text, sound etc. in simulating the human brain in 

order to learn things through multilayer network construction. Unlike conventional methods 

of machine learning, deep learning can combine the extraction of features and categorical 

regression into one model and thus significantly reduce the artificial feature design function. 

Deep learning models can be divided into three groups based on their frameworks and 

applications: deep generative architectures, deep discriminative architectures, and deep 

hybrid architectures [40]. Deep generation architectures such as Deep Boltzmann Machine 

(DBM) and Deep Belief Network (DBN) are used to describe the high-level connection 

between data. Observation sample category is obtained through a combined distribution of 

probability in order to better quantify both prior and posterior likelihood. Discriminatory 

deep architectures are commonly used to define the posterior probability of data in 

classification problems, one common example being the Convolutional Neural Networks 

(CNN). Hybrid deep architectures like the Recurrent Neural Networks (RNN) incorporate the 

properties of both generative and discriminative structures. They make good use of the 

feedback from the generative architecture while solving the classification problem to simplify 

as well as optimize the entire model. 

The superior ability to extract global features and context details from the input data's 

inherent features makes deep learning the first option to solve several complicated issues. 

Scholars have now conducted remarkable research in this field and have proposed a large 

number of efficient models that can be used and improved directly according to the specific 

needs. 
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4.2 Convolutional Neural Networks (CNN) 

Convolutional Neural Networks (CNN) is a discriminative, multi-layer perceptron classifier. 

In other words, the algorithm will output the predicted probabilities of each existing category 

for new data, given labelled training examples. It is designed to identify complex patterns 

with minimal pre-processing, directly from image pixels. CNN is also known as Shift-

Invariant Artificial Neural Networks (SIANN) [41] because of the ability to proceed with 

shift-invariant classification based on its hierarchical structure. 

Two neuro-scientists, Hubel and Wiesel, began CNN's earliest research in 1959. 

During their experiments on the visual cortex of cats, they found that neurons used for 

selection of local sensitivity and direction could effectively reduce the complexity of the 

neural feedback network, and thus proposed the concept of the receptive field. Later in 1980, 

influenced by their theory, the Japanese scholar Kunihiko Fukushima proposed the 

neocognitron model [42] that decomposes a complex visual pattern into several sub-patterns ( 

known as features) and proceeds with a series of hierarchically linked feature planes. This 

model could be considered the first CNN implementation. It tries to mimic the visual system 

to still perceive objects with distortion or a slight deformation. A multi-layer CNN structure 

built by Yann LeCun et al.[43], LeNet5 achieved great success in the task of handwritten 

digit recognition in 1998. CNN has been attracting significant attention from researchers 

since 2012 and is widely used in the computer vision field.  

With the continuous advancement of computing power on computer chips, the 

generalisation of GPU clusters, as well as the emergence of the analysis on various 

optimization theories and fine-tuning technologies, new CNN models were continually 

proposed with improved structures and improved results.  
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Figure 4.1 Architectural innovations in CNN [37] 

From 1989 until now, numerous changes have been made in CNN architecture. These 

improvements can be classified as optimization of the parameters, regularisation, structural 

reformulation, etc. It is however observed that the key thrust in CNN performance 

improvement came from processing unit redesign and new block design. Most CNN 

architecture innovations were made in relation to depth and spatial exploitation. Depending 

on the form of architectural modifications, CNNs can be loosely classified into seven 

different groups, namely spatial exploitation, distance, multi-path, width, exploitation of 

feature maps, channel boosting, and CNN's based on attention as shown in Figure 4.1. 

 

4.2.1 Basic CNN Structure 
 

A complete CNN architecture, as shown in Figure 4.2, consists mainly of convolution layers, 

pooling layers, and fully connected layers. 

 

 

Figure 4.2 CNN Architecture Based on VGG16 [38] 

 

Convolutional Layer  

Key building block on CNN is the convolutional layer. The principal idea is to extract 

patterns contained within the input image local regions that are typical across the dataset [44]. 
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Figure 4.3 Convolution Process 

 

As shown in Figure 4.3, the convolution operation is performed by sliding the kernel across 

the input from left to right, top to bottom to produce the feature maps by making the 

calculation as follows [47]: 

 

, 1, 1 ,1 1
( )

h w

m n m x n y x yx y
Wx x W    

    

( )i i ih x W b                                                  (1) 

 

where 𝑊𝑖 represent weight vector of size 𝑤×ℎ  in layer 𝑖, and 𝑏 is the value of bias. ‘⊗’ 

shows the convolution operation, that denotes sums elementary products between 𝑊𝑖 and its 

corresponding pixel values from layer 𝑖−1 output. σ reflects the activation function that 

focuses specifically on incorporating non-linear variables to the model to help solve more 

complex issues. Sigmoid, Tanh, and Rectified Linear Unit (ReLU), are the most widely used 

activation functions.  

Essentially, outputs obtained from the convolutional layer are the combination of 

features that have been extracted from the receptive field with their remained relative 

position. These outputs may be further processed by another layer with vectors of higher 

weight to detect larger patterns from the original image. 
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Pooling Layer  

Pooling layer is another important concept in CNN that was usually put after the 

convolutional layer and provides a non-linear down-sampling process. This divides output 

from the convolutional layer into disjunct regions and provides a single description for each 

region to obtain convolution characteristics.  

 

Figure 4.4 Pooling Methods 

 

As shown in Figure 4.4, in the local receptive area, max-pooling takes the highest value while 

mean pooling averages all of those values. Stochastic pooling [45] assigns a probability value 

to each sample point in the locally receptive region, and then randomly selects a value based 

on its probabilities. Different pooling approaches are also suggested based on unique 

requirements, such as adaptive pooling, mixed pooling, spectral pooling, spatial pyramid 

pooling, etc. [46]. 

 

By taking the desired features from the local environment, pooling activity increases the 

distortion and displacement tolerance to enhance fault tolerance. In addition, the use of 

pooling greatly reduces the spatial data size and thus improves computational efficiency. 
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Fully connected layer 

Typically, one or more completely connected layers are positioned at the very end of a CNN 

model prior to obtaining the classification result. Similar to layer structures in the neural 

network, the fully connected layer consists of a certain number of disconnected neurons, and 

the neurons are fully connected between adjacent layers as seen in Figure 4.5. 

 

Figure 4.5 Fully connected layer 

 

This fully connected layer structure develops a shallow multi-layer perceptron which aims to 

integrate the local feature information previously extracted with categorical discrimination to 

classify the input data. 

 

4.2.2 CNN Working Mechanism 

In order to enhance the classification accuracy, CNN uses existing samples and their 

corresponding labels to train the model such that parameters such as weights and bias can be 

modified by backpropagating loss during the training phase. The training phase is as below: 

(1) Initialize all model parameters to few random numbers. 

(2) Randomly pick n samples ((𝑥1, 𝑦1), (𝑥2, 𝑦2), …, (𝑥i, 𝑦i ), …, (𝑥𝑛,𝑦𝑛)), from the training 

results, and feed them into the model, where 𝑥𝑖, 𝑖=1,2,…,𝑛 represents the sample data, 𝑦𝑖 
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∈{1,2,…,𝑘}, 𝑖=1,2,…,𝑛 is one of the sample data categories of k, also known as the 𝑖-th 

sample predicted label.  

(3) Propagate input data forwarding the model layer by layer and obtain the model's expected 

effects of classification. In CNN, the classifier most widely used to produce the answer is the 

classifier SoftMax. The estimate is laid down as follows [47]:  
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where 𝜃 represents the parameters of the CNN model. This equation scales the resulting k-

dimensional vector output to numbers between 0 and 1, with the total sum being equal to 1. 

Each element of this vector is therefore also known as the probability of the input belonging 

to its corresponding class.  

(4) Predicted class label, 𝑦̂𝑖, is compared with actual label 𝑦𝑖, use the following equation to 

measure the cross-entropy cost function [47]: 
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where W denotes the weights and b represents the bias value.   

If the estimated value is identical to the expected value, the cross-entropy will be near 0 for 

all training samples. 

(5) Using the following formula [47], measure the gradients of W and b of the cost function 

to obtain the weight and bias that contributed most to the loss. 
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where 𝜎(𝑧) is the activation function, 𝜎(𝑧)−𝑦 denotes the error between the predicted value 

and the estimated value. Thus, as the error becomes greater, the gradient will continue to 

increase, and the parameters will be adjusted at a faster rate.  

If the gradients, weights, and biases have been calculated, they will be modified [47] such 

that the overall cost will decrease as given below. 
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𝜂 representing the learning rate in the above equation is a hyperparameter that is usually set 

manually. High learning rate implies taking a bigger step during the parameter update and 

will result in less time being taken for the model to converge to an optimal value. 

Nevertheless, if the move is too huge, each time the modified values will move too far so that 

the optimal result point is not sufficiently accurate. 

 

4.2.3 Explicit Training of CNN 
 

The key factors affecting the entire process are the amount of input data and the method of 

modifying parameters during the CNN training session. Batch training, stochastic gradient 

descent, and mini-batch training have been the most usually utilized training methods. 

All data is fed into the model in batch training to measure total gradient increment, 

and this value is further used in updating parameters. This approach decreases the number of 

model parameter changes and thereby decreases the model's calculation costs as well as 

shortening the training time. In addition, it also helps to prevent over-fitting caused by 

training on a limited number of samples. However, averaging the entire samples to get the 

gradient decreases the impact of parameter-provided changes, and therefore more training 

epochs are required. For large scale data sets this issue is severe. 

While preparation, stochastic gradient descent method feeds randomly disordered data 

into the model one at a time to independently produce the gradient and update the parameters 

for each sample. This algorithm significantly decreases the number of training iterations as 

opposed to batch training. 
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Mini-batch training is implied by integrating the strengths of both batch training as well as 

stochastic gradient descent. This algorithm converts the randomly disordered data into small 

batches and measures the gradient for the updating of parameters for each batch.   As the 

datasets used for deep learning appear to be extremely wide, this is perhaps the most widely 

used form of training. 

 

4.3 Single Shot Multibox Detector (SSD) 

The SSD network introduced by Liu et al. [12] is one of the more commonly used 

architectures for object detection. The network can be used for any image resolution because 

it is the fully convolutional network. In the original paper author proposed two architectures, 

one for an input resolution 300 ˣ 300 and one for an input resolution of 512 ˣ 512. Our 

baseline for this research is the 512 ˣ 512 for an input image resolution, but 300 ˣ 300 input 

image resolution model is the default model mentioned in the original paper by Liu et al. 

[12]. 

Since both object localization and classification phases are being done in a single pass 

through the single feed-forward network, that is why the SSD network is called single shot 

detector. In contrast to the Faster-RCNN network [26], which differs from SSD because it 

does not have a separate Regional network plan. Moreover, feature maps with different scale 

ratios are combined in the SSD network to generate predictions to be more scale invariant to 

objects. By using this technique, the network gives two outputs, a bounding box around the 

objects and class confidence of the predicted objects. The traditional SSD network consists of 

three parts, a base network, SSD layers and prediction layers attached to multiple feature 

maps in the network. 
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Figure 4.6 Flow Chart of SSD Network 

 

Figure 4.6 shows the flow chart of the process of SSD network working mechanism. 

Firstly, Microsoft COCO dataset is used to train the SSD model. Then Error estimation has 
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occurred if it is less than the trained model is saved if not than training phase will continue 

after altering the training parameters. Then saved model is used for real-time object detection. 

Real-time video feed from the webcam is the input for the loaded model, which saved after 

the training part.  Feature Extraction part is done using the convolution process throughout 

the network layers, and bounding boxes are generated from the process. Object ness score is 

calculated if it is more than 0.5 then class confidence is calculated of the selected bounding 

boxes; otherwise bounding boxes are ignored. Bayes inference is applied for the final 

detection, and output frame is generated with object detection.   

 

4.3.1 Base Network (VGG-16) 
 

 
 

Figure 4.7 Traditional SSD architecture [12] 

 

Figure 4.7 shows the traditional SSD architecture used in the original paper [12]. First layers 

in Figure 4.7 are called base network. VGG-16 is used as the base network. The base network 

is a collection of 5 convolutional layers in decreasing order. The main objective of the base 

network is to extract feature from the given input and create feature maps that allow 

detections in different sizes. The base network VGG-16 is used without the fully connected 

layers followed by SSD layers. 

Additional layers (conv6-conv11) are added after the base network VGG-16 and these 

layers are referred to as SSD layers. Similar to the VGG-16 base network, SSD layers also 

decrease the size of the features which helps in creating feature maps for different size of 

objects. However, these SSD layers can have a larger receptive field which can be very 

helpful to detect objects of a bigger size. 
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Some layers are attached to the base network and SSD layers and these are called prediction 

layers. Feature layer of size m ˣ n ˣ c, where c is the number of channels m ˣ n is the size of 

the feature map. A kernel with a size of 3 ˣ 3 ˣ r ˣ (classes + off-set) is attached with the 

convolutional layer where r is the number of default bounding boxes. The main objective of 

this kernel is to generate the confidence score of the detected object and bounding box around 

the predicted object. Throughout the SSD layers and Base network, these prediction layers 

are attached at different points conv4_3, conv7_2, conv8_2, conv9_2, conv10_2, conv11_2. 

From these layers, lower layers are able to find small details from the input and can capture 

objects of a smaller size. On the other hand, higher layers are able to find semantically 

meaningful details and find objects of a big size. 

 

4.3.2 SSD Network 

Our proposed model uses a feed-forward convolutional neural network (CNN) which 

generates a definite sized collection of bounding boxes with probability scores for the 

corresponding class assignment of the detected objects inside the boxes, followed by a 

statistical analysis module [13], [14], [15] to compare results of each box with each other box 

for contextual relevance to produce the final labels (Figure 4.8). The initial layers of the 

network are based upon state-of-the-art SSD [12] architecture used for high accuracy image 

classification. CNN model architecture is used from the existing research on SSD [12] as it 

utilizes a block-sparse architecture which gives a huge improvement in the reduction of 

inference times. This existing SSD as developed by W. Liu et al. [12] is used as the default 

layer, which is adapted appropriately to be used in our final network model. 
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Figure 4.8 Image with Ground Truth Boxes 

 

4.3.3. Model Architecture 
 

Detailed below are the different stages of our context-aware Object Detection system: 

Variable ratio feature matrices: Figure 4.8 was acquired and standard vector scores were 

mapped to locations in the target image to determine the minimum number of image features 

needed to simultaneously resolve a set of masking targets. Object detection results were 

extracted using fuzzy parametric labelling (FPL), i.e. first the labels were generated by the 

base SSD network [12] and then this output was processed through a statistical model which 

employs fuzzy logic to add its own scores to each label and the final score generated by the 

statistical model is the final output.  In the absence of any response to the probabilities, 

objects are assumed to be contained in the scene.  

However, quite frequently, there are multiple image locations which can contribute to 

an object detection result. When the object detection model is trained to learn a single object, 

detection accuracy tends to be high in the majority of the target conditions. As a result, the 

object detection model frequently produces results superior to traditional SSD. 

Statistical analysis of results generated by object detection in the first stage. We primarily use 

stochastic modelling (Bayesian Tree), and variable probability distribution heatmaps (Figure 

4.9) for each object class.  
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To make these feature maps (Figure 4.9) precise in whatever case, we convert the 

objects into a count matrix from which probabilities can be calculated as follows: P(d) = E(p) 

| L(z), where P(d) represents the probability distribution of the previous step number, E(p) is 

the probability from the first data row, z is the number of previous steps (for instance 1), and 

L(z) is the L stochastic instance.  

After the statistical results, there will be two levels of predictions. One is from 

traditional SSD and the other from contextual statistical analysis of probability distributions 

using stochastic modelling. This adds to the accuracy and variability of the architecture. 

 

 

Figure 4.9 Feature maps and bounding Region of Interest boxing by SSD [35] 

 

Traditional SSD only requires the input image and truly labelled bounding boxes on 

all objects while training the network. In the convolutional process, it evaluates a specific set 

of default sized regions each with varying aspect ratios on each region of interest in few 

feature maps at varying scales. From all boxes, it predicts a shape offset with the confidence 

in all objects’ categories ((c1, c2, _ _, cp)) from the COCO dataset. While training, it first 

matches all default boxes with the labels.  

However, it is based on the assumption that the network has a proper error margin to 

bootstrap the decision tree correctly. Finally, it relies on its own correctness. Any node is 

considered as invalid and dropped if its region is incorrect. The result of these areas matches 

the re-weighted contour, minimizes both the sum of squared difference and the differences 

between boxes of the same size as the starting box and otherwise. However, it does not 

ensure that there would be no errors in the resulting convolution. In the convolutional 

process, it evaluates a specific set of default sized regions each with varying aspect ratios on 

each region of interest in few feature maps at varying scales.   
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4.3.4 Model Training 
 

 

 

Figure 4.10 The architecture of the SSD 

 

Figure 4.10 shows the architecture of the model. The main change from training a 

typical detector which finds region maps to training SSD is that object labels information 

must be assigned at specific outputs for a specific set of detector output neurons. Certain 

versions of this also require training in YOLO [16] and for the region maps stage in Faster R-

CNN [26] and MultiBox [27]. Once the assignment is achieved, both loss function and 

backpropagation are implemented end-to-end. Set of default boxes, scales for detection and 

hard-negative mining are included in the training phase. 

 

Optimal bounding boxes and aspect ratios: Set of default bounding boxes with each 

feature map cell for multiple feature maps is associated at the beginning of the network. By 
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default, these boxes correspond to the real or bounding box of the pixel grid (or space) of the 

image. To illustrate these rules, we define a particular subspace for our grid of COCO 

images. For each particular scene, we define two items that are drawn to this subspace. In 

these cases, an extra box representing the top-left corner of a cell in the feature map is used to 

reflect the ideal bounding box for a point on the sky (just a little bit above our ground plane). 

In certain instances, it is convenient to define more than two regions of interest. 

 

Comparison process: while training, we have to choose which optimal boxes belong to 

object labels detection to train the network accordingly. This step of the algorithm is often 

called "weak first match". If this fails, then we re-learn or update the network using a strategy 

called "strong first match". 

Rather than using the methodology of Multi-Box (method for bounding box regression which 

was developed by Szegedy et al. [12]), our model matches optimal boxes to any object label 

with Jaccard overlap (Intersection over Union) that is higher than the certain threshold for 

example 0.5.  

 

Training goal: first stage training goal is derived from MultiBox training goal and is 

elaborated to control all object categories. The training objective allows the user to modify 

training targets based on environmental criteria, not just for one object category. The 

objectives and training targets can be saved to a user-defined table. Stage 2 performs daily 

scaling of tree height based on which tree had the most growth in the given day. 

 

Scales selection and aspect ratios for optimal boxes: To control all object scales, Takeki 

and Trinh [30] recommend processing the image with varying sizes and combining the results 

afterwards.  

 

After concatenating predictions of all optimal boxes with different scales and aspect ratios 

with locations in all feature maps, the model creates a diverse set of predictions, including 

various input object sizes and various shapes. In order to evaluate these predictions, we 

performed a 2-D point-to-point classification task on a set of pictures. A classifier then found 

the correct class for each image. We can see that the potential to categorize objects into 

different classes (assigned class) is strongly predictive of object recognition accuracy. This 

suggests that a robust feature-extraction method must be able to recover from the reduced 

similarity between features. 
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Hard negative mining: The “Hard Negative Mining” concept has been borrowed from Wei 

Liu [12]. After the matching step, when the number of possible default boxes is large most of 

the default boxes are falsely labelled. However, if there is a minimum match threshold, then 

the default boxes are actually positive. This can be addressed by sorting the input space of the 

nearest solution space over all the smaller spaces and using that as an indicator of positive 

placement. Hard negative mining only uses IOUs (intersection over unions) and confidential 

scores to eliminate predicted bounding boxes. This method would keep many false predicted 

bounding boxes whose IoU with the ground truth bounding boxes is less than the threshold, 

which shows that high negative mining may not be suitable for real-time object detection. 

 

Bayes Inferences:  The Bayesian inferencing [36] is used instead of Hard negative mining. 

After Convolution layers model ends up with the many numbers of bounding boxes with 

confidential scores. The bounding box with the highest categorical score is selected as the 

cluster’s centre. For example, if there are two objects in the input image, then the model ends 

up with two different clusters and its centre. If the score of the chosen bounding box is too 

low, then it will be considered as background, and that bounding box will be discarded. First, 

we sort all the bounding boxes in decreasing order of the score and then choose the bounding 

box with the highest score and considered as cluster’s centre and find other bounding boxes 

which are having bigger IOU than the threshold and that bounding box will be added to the 

cluster. These steps are going to be done with all the remaining bounding boxes. Cluster’s 

centres will be merged if there are too close to separate. At the end, only one bounding box 

would have kept from each cluster. This method helps to reduce the false bounding boxes 

compared to hard negative mining. 

4.4 Losses 

To optimise the network for localisation of both class and boundary box, loss function is used 

for multiple tasks. Let 𝑥ⅈ𝑗
𝑝

 = {1,0} be an indicator for comparing the ith optimal box to the jth 

object label of category P. In this scenario, the category P can be a detected object or 

background. The matching variable 𝑥ⅈ𝑗
𝑝

 is 1 when the intersection over union (IoU) is greater 

than 0.5 between ground truth and default bounding box. Additionally, we fit the default box 

with the maximum IoU overlap for each ground truth bounding box. Therefore, the value of  

𝑥ⅈ𝑗
𝑝

 is defined by [48] the following equation:  
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𝑥𝑗
𝑝

= {
𝑗 𝑖𝑓 𝐼𝑜𝑈 ≥ 0.5𝑜𝑟 max 𝐼𝑜𝑈
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                         

                                                  (6) 

 

In addition, due to the number of default bounding boxes, there is also the chance that more 

than one bounding box corresponds to the ground truth.   Matching of several bounding boxes 

and selecting bounding box with the largest IoU overlap is used to help the learning process 

with more positive samples to learn from it. 

 

The total objective loss function could be calculated by summation of the localization loss 

(Lloc) and the confidence loss (lconf). The difference between the predicted bounding box 

and the original ground truth box could be considered as Localization loss (Lloc). The 

confidence of the model to say that the location of the object is in predicted bounding boxes 

which are referred to as confidence loss. X referred to as a feature matrix with one of the 

ratios, which was discussed earlier and is used to decide location and confidence score of the 

resulting label. 

 

Loss Function (a hybrid of both “confidence” and “location” losses) [35] 

1
( , , , ) ( ( , ) ( , , ))L x c l g Lconf x c Lloc x l g

N
                                                  (7) 

where, 

→ N is the count of matched default boxes 

→ l is prediction box 

→ g is ground truth box   

The hybrid loss function above consists of two terms: “Lconf” and “Lloc”. Lloc 

(Localization Loss) is given as: 
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Smooth L1 loss is used to measures Lloc or localization loss which is between ground-truth 

box(g) and predicted box(l) parameters. Offset is also included by these parameters for the 

width (w), height (h) and centre point (cx, cy) of the bounding box. Faster R-CNN [28] is also 

using the similar loss mentioned above. Lconf (Confidence Loss) is given as: 

 

0
( , ) log( ) log( )ˆ ˆ

N
p p

ij i i
i Pos i Neg

Lconf x c x c c
 

     where 

exp( )

exp( )
ˆ

p

p i

pi

ip

c
c

c



           (9) 

 

SoftMax Loss over confidences of multiple classes (c) is known as loss of confidence or 

Lconf.  

𝑥ⅈ𝑗
𝑝

 = {1,0} is an index for matching the ith default box to the category p of j-th ground truth 

box. α is set to 1 by cross-validation. 
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Chapter 5 

 

Results and Discussion 

 

 

Implementation details and results are discussed in this chapter. Software tools and hardware 

configuration of testing equipment are included in the first part of this chapter. In the next 

part of this chapter, evaluation methods of the model are discussed. The next section of this 

chapter is devoted to specifics of the results and discussion. The final section contains the 

inference time details about the model. 

 

5.1 Software Tools  

The search for available software tools and libraries was done to select a suitable tool for the 

implementation of SSD. There are many software tools, and libraries are available for the 

machine learning task. From these available tools, some of these are universally designed for 

a machine learning task, but others are uniquely built for deep learning. The machine-

learning software tools have experienced a revolution over the last decade. A vast range of 

tools are available, and new tools are released very frequently. Nearly every widely-used 

programming language does have some software add-on library, or at least some Application 

Programming Interface (API) available. Many aspects have influenced the choice of software 

tool according to the specific task. First, the language of programming should be well known, 

and most general. There needs to be enough resources for the learning documents. The most 

significant aspect was outstanding learning support for GPU. 

 

Tensor flow 

Tensor flow is developed by Google’s team, and it is an open-source software library and free 

for dataflow and differentiable programming across a range of tasks.  As the name suggests, 

this tool uses tensors to do a specific task and effective work. It was initially developed for 
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internal use in a machine learning project at Google, but it was released in 2015 as open-

source software. Calculations of the tensor flow are expressed as state-of-the-art dataflow 

graphs which allow efficient support for computation supported by GPUs. Today, tensor flow 

is marketed as one of the fastest frameworks for deep learning needs, since it is very low 

level, and it is not ideal for direct use in the process of deep learning models. 

 

Keras 

Keras is modern machine learning program written in python. It can run on top of Tensor 

flow libraries. It is effortless with a focus on the quick development of the model. It is a high-

level API of the neural network. It is explicitly extensible. Currently, Keras is the most 

popular and commonly used framework among similar tools for deep learning tasks. Proper 

documentation, materials, and examples of code for specific tasks and other resources are 

available for users to get started with. 

 

Numpy 

NumPy is a Python programming language library that provides support for large, multi-

dimensional arrays and matrices as well as a wide set of high-level mathematical functions to 

work on these arrays. NumPy's predecessor, Numeric, was originally developed with 

contributions from several other developers, by Jim Hugunin. In 2005, Travis Oliphant 

developed NumPy with substantial changes, integrating features of the competing Numarray 

into Numeric. NumPy is open source software and has a wide number of contributors. 

 

Matplotlib 

Matplotlib is a Python programming language plotting library and its NumPy Numerical 

Mathematics extension. It offers an object-oriented API for the use of general-purpose GUI 

toolkits like Tkinter, wxPython, Qt or GTK+ to integrate plots into applications. John D. 

Hunter was the programmer who created Matplotlib originally. 

 

Pillow 

Development of predictive models for image data, one has to learn about loading and 

manipulating of images in python. Pillow is the most popular and commonly used standard 

library in python which provide support in loading and manipulating images. Pillow is an 

enhanced version of the Python Image Library (PIL), which supports a variety of basic and 
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sophisticated tools for image manipulation. For other Python libraries such as SciPy and 

Matplotlib, it is also the basis for the simple image support. 

 

 

Open CV 

OpenCV stands for Open Source Computer Vision Library. OpenCV is an open-source 

computer vision library whose main objective is to provide real-time computer vision. It was 

originally developed by Intel and later assisted by Willow Garage then Itseez (which Intel 

later acquired). OpenCV was designed to provide a shared computer vision platform and to 

promote the use of machine perception in consumer products. OpenCV is cross-platform and 

is open-source BSD licenced for free use. Intel programmers officially launched OpenCV in 

1999 to research computer vision task. Then the first alpha version of OpenCV was released 

in 2000. The library includes over 2500 optimized algorithms, which include a detailed 

collection of computer vision and machine learning algorithms, both classic and state-of-the-

art. These algorithms can detect and identify objects and faces, monitor camera movements, 

classify human actions in videos, track moving objects in video or live feed. 

 

CUDA 

CUDA is a short form of Compute Unified Device Architecture. CUDA is developed by 

Nvidia for application programming interface (API) model and parallel computing platform. 

This allows software engineers and software developers to use a graphics processing unit 

(GPU) powered by CUDA for general purpose processing – an approach called GPGPU 

(General-Purpose Graphics Processing Unit Computing). The CUDA platform is a software 

layer for the execution of compute kernels that provide direct access to the GPU's virtual 

instruction set and parallel computing elements. 

 

CuDNN 

CuDNN is a Deep Neural Network library of primitives for deep neural networks which is 

GPU- accelerated. CuDNN offers finely tuned implementations for standard protocols, such 

as forward and backward convolution, pooling, normalisation and layers of activation. For 

high-performance GPU acceleration, deep learning researchers and framework developers 

worldwide depend on cuDNN. It helps them to concentrate on training neural networks and 

designing software applications, instead of wasting time on GPU performance tuning at low 

https://en.wikipedia.org/wiki/Application_programming_interface
https://en.wikipedia.org/wiki/Parallel_computing
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rates. CuDNN accelerates deep learning frameworks that have been commonly used, 

including TensorFlow, Keras, MATLAB, MxNet, PyTorch and Caffe2. 

 

5.2 Hardware and Software Configuration 

Convolutional Neural Network training is extremely costly in computational terms and 

requires many resources. Through the viewpoint of the bottom level, it translates into 

multiplications of several matrices. Modern Central Processing Units (CPUs) are not capable 

of such computations and are therefore not very efficient. Modern GPUs, on the other hand, 

are designed to perform precisely these certain operations. There are two major parallel 

computing systems currently available, CUDA and OpenCL. Both of them have their 

advantages and drawbacks, but the main difference is that CUDA is proprietary while 

OpenCL is available free of charge. The division also translates into hardware productions. 

CUDA is supported mainly by NVIDIA, and OpenCL is supported by AMD. NVIDIA is 

currently a pioneer in the area of deep learning, with its CUDA platform. Therefore, GPUs 

from NVIDIA were selected for the training of SSD models. NVIDIA GeForce GTX 1660 

was chosen as the standard. Detailed information about the hardware configuration is given in 

Table 5.1. 

 

Table 5.1 Hardware Configuration 

 
GPU 1 Nvidia GeForce GTX 1660 Ti 14GB 

 

GPU 0 Intel(R) UHD Graphics 630 8GB 

CPU Intel(R) Core (TM) i7-9750H CPU @ 2.60GHz 

 

Memory SODIMM 2667MHz 16GB 

 

 

Keras was selected from the list of considered software resources as it is written in python, an 

easy to programme language and as it satisfies all considered criteria. Supporting effective 

implementation of GPUs in Keras depends on Tensor flow. Through different user 

viewpoints, it does not matter. However, the Tensor flow was chosen because it was 

experienced as faster than other resources and had a GPU-accelerated primitive library 
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package for deep neural networks. Detailed information about software configuration is given 

in Table 5.2. 

 

 

 

 

 

Table 5.2 Software Configuration 

 

Keras  

 

2.3.1 

TensorFlow 1.13.1 

 

CUDA 10.1 

 

CuDNN 10.0.130 

Python 3.6.8 

 

Operating System Window 10 

 

Open CV 4.2.0 

 

Pillow/ PIL 7.0.0 

Matplotlib 3.1.3 

Numpy 1.16.1 

 

5.3 Evaluation methods 

 

Object Detection is a complex synergic task in the sense that it involves simultaneous 

performance measurements of two distinct objectives: 

 

1. Existence of the objects in the image (classification) 

2. Location of the object in the image (localization, a regression task). 

 

Therefore, the evaluation of the object detection task does not follow the traditional 

“Accuracy” and “Loss” measurements. Thus, there is the need to measure a model score with 

each bounding box detected and to assess the model at various levels of confidence. That is 
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where mean average precision (mAP) comes into the picture. It is a number between 0 to 100, 

and a higher number will give better results. Mean Average Precision values are different 

from accuracy in classification.  

 

For this reason, we have used the more popular “mAP” metric, as shown in [31].  

 

⇒ mAP score 

1
( )

Q

q
AveP q

MAP
Q





                                                       (10) 

The mean Average Precision is calculated by taking the mean AP over a certain set of IoU 

(Intersection over Union) thresholds. For our case, we have performed the mAP evaluation 

by calculating over ten different IOU thresholds (0.5 to 0.95). Averaging above the 10 IoU 

thresholds instead of only considering one generous IoU threshold at a rate of 0.5 appears to 

reward models that are best at precise localization. 

The average Precision score is calculated by taking the mean of precision over the set of 11 

equally spaced recall values, Recall 𝑙 ̇= [0, 0.1, 0.2, …, 1.0]. 
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call                                (11) 

 

Intersection Over Union (IOU) 

Another important score that will be important in the analysis of our results is the Intersection 

Over Union (IOU) score [31]. Jaccard index is used to measure IOU that calculates 

overlapping between two bounding boxes. The IOU score is calculated by dividing the area 

of intersection by union between two bounding boxes. 

 

𝑰𝑶𝑼 =
𝑨𝒓𝒆𝒂 𝒐𝒇 𝒐𝒗𝒆𝒓𝒍𝒂𝒑

𝑨𝒓𝒆𝒂 𝒐𝒇 𝑼𝒏𝒊𝒐𝒏
 = 

𝑰𝒏𝒕𝒆𝒓𝒔𝒆𝒄𝒕𝒊𝒐𝒏

𝑼𝒏𝒊𝒐𝒏
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Precision and Recall 

Precision is the ratio of true positive object detection to the total number of detections. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
=

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝐴𝑙𝑙 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑠
 

 

The Recall is the ratio of true positive object detections to the total number of objects in the 

dataset (ground truth): 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 
=

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝐴𝑙𝑙 𝑔𝑟𝑜𝑢𝑛𝑑 𝑇𝑟𝑢𝑡ℎ𝑠
 

 

In order to evaluate the performance of object detection model precision vs recall, the curve 

is a better way. Particular object detection is considered as good enough if you change the 

value of confidence threshold, then precision and recall values will still be high. 

 

In Table 5.3, we present the “Precision” and “Recall” results for a batch of 7 images from our 

dataset. The images were sampled randomly from our test set. Every row in the table matches 

an object identified in the image. For results presented in Table 5.3, we have considered all 

object detection instances in the seven random images sampled from the test set. All 

detections with corresponding bounding box having IOU > 0.50 were accepted as True 

Positives (TP) and all detections with bounding box having IOU < 0.50 were accepted as 

False Positives (FP). These “True Positive” and “False Positive” values were then used to 

calculate the Precision and Recall scores for the corresponding detection instances. 
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Table 5.3 Precision and Recall results of proposed “Context-Aware Object Detection 

(Context-Aware OD)” system for seven randomly selected images. 

Image No. Detection 

Confidence 

Precision  Recall 

1 88% 1 0.07 

1 70% 1 0.13 

1 80% 1 0.20 

2 71% 1 0.27 

2 54% 1 0.33 

3 18% 0.83 0.33 

3 89% 0.86 0.40 

3 92% 0.88 0.47 

4 35% 0.89 0.53 

4 78% 0.80 0.53 

5 62% 0.82 0.60 

5 44% 0.83 0.67 

6 45% 0.85 0.73 

6 84% 0.86 0.80 

7 90% 0.87 0.87 

7 68% 0.88 0.93 
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Figure 5.1 Precision-Recall curve derived from Table 5.3 

 

As observed in Table 5.3, our proposed model has been able to achieve a robust precision 

score of greater than 0.80 for all observed detection instances across Recall values ranging 

from 0.07 to 0.93. Our observation is also validated from the corresponding Precision-Recall 

curve presented in Figure 5.1. 

By using 11 values of equally spaced recall values, we can measure Average Precision as in 

equation (11). 

 

AP = 
1

11
(1 + 0.81 + 0.83 + 0.85 + 0.90 + 0.80 + 0.81 + 0.82 + 0.83 + 0.84 + 0.85) 

 

AP = 9.34/11 

AP = 84.90% 

 

The alternate option is to use all the values from the precision curve instead of using only 11 

values and then taking the area of each part of the graph, as shown in Figure 5.2.  
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Figure 5.2 Precision-Recall Curve Area 

As shown in the Figure 5.2 areas of A1, A2 and A3 needs to be calculated. The values of A1, 

A2 and A3 are added to get the total value of average precision as calculated below. In order 

to count the total Average Precision (AP) calculation of all the areas shown in Figure 5.2 the 

following calculations have to be done. 

 

AP = A1 + A2 + A3 

 

To measure the area of A1, A2 and A3 

 

A1 = (0.32 – 0.06) ˣ 1 = 0.26 

A2 = (0.52 – 0.31) ˣ 0.9 = 0.189 

A3 = (0.92 – 0.52) ˣ 0.9 = 0.36 

  

AP = 0.26 + 0.189 + 0.36 = 0.809 

AP = 80.9% 
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While comparing two different methods, the results are little different: 84.90% and 80.9% by 

the area point methods and the 11 equally spaced recall value method respectively. 

 

mAP scores represent a true measure of the performance of an object detection system. In our 

case, it also verifies the superior performance of our proposed model over existing state-of-

the-art solutions. The detailed results are discussed in Table 5.4 and Table 5.5. 

 

5.4 Result Comparison on COCO DATASET 

COCO is abbreviated for Common Objects in Context. As suggested by the name itself, 

frames in COCO dataset are captured from real-world scenes and hence adding “context” to 

the objects found in those scenes. Multiple objects with varying features can be discovered in 

the same frame, and each must be detected as a separate object and appropriately segmented, 

providing an opportunity to further enhance the deep learning architecture for real-world 

applications. COCO dataset has 91 object categories and a total of 328,000 images. However, 

just 80 of those object categories are labelled and segmented images. As of now, it has two 

versions of COCO dataset for labelled and segmented images.  

We partition the 328,000 images into three subsets: T1, T2, and T3 where T1 includes 

training, T2 consists of Validation and T3 includes the evaluation images for the COCO 

dataset context. T3 was used exclusively for computing and observing our performance 

measures once, to ensure an unbiased comparison with alternative algorithms. Beginning 

with a set of detections for dataset T3, following the context’s criteria, it will count the 

number of True Positives(TP) (i.e. detections of which coordinates are closer than 0.5α 

(where α is standard deviations) from the object label), Number of False Positives (FP) and 

Number of False Negatives (FN). It will calculate these given performance metrics: recall (R 

= TP/(TP + FN)), precision (P = TP/(TP + FP)) and F1 score (F1 = 2 ˣ Precision ˣ 

Recall/(Precision + Recall)). We randomly split the remaining images, for which labels were 

considered, in two disjoint sets T1 (training) and T2 (validation). The network trained with 

the training data T1 is evaluated with the validation data T2 to determine the right threshold 

that yields the largest F-score. 

After having each image pass-through feature maps of the first stage, the model would 

generate probabilities of each object class. In each image, there would be object boxes and 

segmented label areas. Once those results are generated, a stochastic model would look at all 

http://cocodataset.org/#home
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probabilities and decide the one most probable given to the scene. This helps not only to 

better increase accuracy in case of the frame by frame object detection of videos, but it also 

increases contextual visual analysis that is performed on visual data. This methodology helps 

the model perform better in a production environment when image quality and occlusions are 

normal.  

When the model SSD is trained on COCO segmentation dataset, it achieved a 68% 

mAP(mean Average Precision). When we applied the statistical method on top of it, the 

model achieved an 84.7% mAP, outperforming the vanilla COCO model. Average Precision 

of different object categories using SSD300, Faster R-CNN, and “Context-Aware Object 

Detection (Context-Aware OD)” has been shown in Table 5.4. We also present mAP scores 

in Table 5.5 averaged over ten different IOU thresholds (0.5 to 0.95) for SSD300, Faster R-

CNN, and our “Context-Aware Object Detection (Context-Aware OD)”. 

 

Table 5.4 Average Precision (AP) scores of faster R-CNN, SSD300 and proposed “Context-

Aware Object Detection (Context-Aware OD)” system for different object classes 

Object Class 

Methods 

SSD300 Faster R-CNN Context-Aware OD  

Aero 73.4 84.3 82.4 

Bike 77.5 82 64.5 

Bus 64.1 77.7 75.8 

Car 59 68.9 84.6 

Cat 38.9 65.7 89.2 

Chair 75.2 88.1 88.7 

Cow 80.8 88.4 94.6 

Table 78.5 88.9 88.2 

Dog 46 63.6 79.9 

Horse 67.8 86.3 86.2 

Motor bike 69.2 70.8 78.4 

Person 76.6 85.9 88.4 

Plant 82.1 87.6 94.6 

Tv 75.8 78.9 90.3 
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Below, Figure 5.3 represents AP (Average Precision) values of different object categories by 

context-aware object detection method.  

 

 
 

Figure 5.3 Graphical representation of AP for Different Object Categories 

While applying the statistical method on the top of the Traditional SSD (Single Shot 

Detector) the model achieved higher AP (Average Precision) than the traditional SSD 

method. Average Precision of different object categories using object detection methods 

SSD300, Faster R-CNN (Region-based convolutional neural network), and “Context-Aware 

Object Detection (Context-Aware OD)” are shown in Figure 5.4.  
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Figure 5.4 Graphical Comparison of Different Object Detection Methods 

 

Table 5.5 mean Average Precision values (mAP scores) of faster R-CNN, SSD300 and 

proposed “Context-Aware Object Detection (Context-Aware OD)” system 

Performance Metric 

Methods 

SSD300 Faster R-CNN Context-Aware OD  

mAP 68 78.8 84.7 

 

While applying the statistical method on the top of the Traditional SSD (Single Shot 

Detector) the model achieved higher mAP (Mean average precision) (84.7%) than the 

traditional SSD (68%) method. Faster R-CNN gives better accuracy in real-time object 

detection than SSD, but Faster R-CNN takes more time to detect objects. On the other hand, 

Context-Aware OD gives higher mean Average precision and faster in processing time. Mean 

Average Precision (mAP) of object detection methods SSD300, Faster R-CNN (Region-

based convolutional neural network), and “Context-Aware Object Detection (Context-Aware 

OD)” are represented in Figure 5.5.  
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Figure 5.5 Graphical Mean Average Precision comparison of Object Detection Methods 

 

5.3. Visual Results 

 

Here are some visual results showing the real-time performance of our “Context-Aware 

Object Detection” system. 

 
Figure 5.6 Three apples on a table top   Figure 5.7 An apple and a bottle 
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Figure 5.8 Traffic Light and cars 

 
Figure 5.9 Utensils 
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Figure 5.10 Bottle, cell phone, mouse, book, laptop 

 
Figure 5.11 Shadow of person  Figure 5.12 TV, Reflection of a person 
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Figure 5.13 Person and cars 

 
Figure 5.14 Person and cat 
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Figure 5.15 Refrigerator and oven 

 
Figure 5.16 Potted plants 
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Figure 5.17 Boat 

 
Figure 5.18 Stop sign             Figure 5.19 Ball 

 
Figure 5.20 Pen 
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Figure 5.21 Sink 

 
Figure 5.22 Microwave and bottle 

 

These results also present an example of how our model still manages to give a decent 

prediction even in cases of mild occlusion as you can see in the above figures. 
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Comparison of Visual Results  

 

 
Figure 5.23 Comparison of SSD and Context-Aware OD 
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Figure 5.24 Comparison of SSD and Context-Aware OD 
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Figure 5.25 Comparison of SSD and Context-Aware OD 
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Figure 5.26 Comparison of SSD and Context-Aware OD 

 

Figure 5.21 to Figure 5.24 show the visual comparison of different object detection in 

different environments between traditional SSD and Context-aware Object Detection method. 

In Figure 5.21 Context-aware Object Detection method is able to detect all the objects which 
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are there in the frame while traditional SSD missed mouse and bottle. It can be seen from 

Figure 5.22 traditional SSD is only able to detect tv. At the same time, Context-aware Object 

Detection method can detect tv as well as a fuzzy shadow of the person and in Figure 5.23 

Context-aware Object Detection method is able to detect all the objects which are there in the 

frame. In contrast, traditional SSD gave poor results because it only detected the backpack 

and missed the others. Traditional SSD missed only one object from the given frame, which 

is a spoon; on the other hand, Context-aware Object Detection method detected all the objects 

in Figure 5.24. 

  

5.5 Inference time 

Acknowledging the large number of bounding boxes that are generated from the proposed 

method, it is absolutely essential to utilize a non-maximum suppression effectively while 

using the model in the inference stage. NMS is a method which only keeps the bounding 

boxes with the highest probabilities and discards the bounding boxes having lower 

probabilities and bigger IoU (Intersection over Union). By keeping a confidence threshold of 

0.1 it was possible to filter out many boxes. Bayes inference combined with Jaccard overlap 

was applied at 0.55 per class. Moreover, only the top 50 detections per image were kept. 

These steps take about 1.2 ms per image, which is close to the total time (2.8 msec) spent on 

all newly added layers. We measure the speed with batch size 32 using Nvidia GeForce GTX 

1660 Ti 14GB (Graphic card) and cuDNN v10.0.130 (GPU-accelerated library of primitives for 

deep neural networks) with Intel(R) Core (TM) i7-9750H CPU @ 2.60GHz processor. 

The proposed approach was tested with both SSD300 and SSD512 methods, and they 

outperformed Faster R-CNN in both speed and accuracy.  Although faster R-CNN does have 

slightly more variance in its output, it is still a very accurate model. The joint method can be 

transformed into the RNN model using the VGG16 parameterization. The performance 

differences may also be the result of the fact that using these methods in multiple threads can 

be challenging due to memory bandwidth limitations. However, these differences were only 

observed in one of the training executions.  In order to train multiple threads on the same 

CNN would require higher memory bandwidth and higher precision. 
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Chapter 6 

 

Conclusions and Future Work 

 

6.1 Conclusions  

 

We analysed multiple popular machine learning models like Faster-RCNN, YOLO, 

Resnet50, Resnet100 that can utilize contextual information into object recognition 

frameworks. The learning task is more challenging than merely identifying natural objects 

from noise. For instance, many structures in the natural world are intractable in a regular 

convolutional neural network. As a result, context is required to recover structure, and a 

reverse-engineered proxy is preferable. A common approach to this function is to associate 

multiple regions of interest (ROIs) with multiple classes of objects. A similar approach is 

taken by looking for temporal correlation in objects in an image. In addition to the 

significance of ROIs, the unique nature of human perception of both natural objects and 

human faces makes this task particularly challenging. 

We conclude that integrating context in the model can improve object detection 

accuracy in two main ways: (i) Providing prior probability to detecting particular objects over 

others and (ii) as a layer to remove the ambiguity of each bounding box, especially in case of 

video analytics. As a definitive source, contexts may be useful for independent categorization 

and verification of categorization accuracy. This has implications for automatic visual 

searching, in particular applications such as object inspection [29]. In this study, a 

hierarchical Bayesian approach is applied that captures features of object location and as well 

as features of an image of a known entity to guide the categorization task. Results show that 

model predictions are robust to changes in the experimental setup and experimental data.  

This process concludes that sources of context from outside of the object category 

itself are needed so that it can use this information. At the same time, training data is badly 

labelled or not labelled. A structure for tackling this problem was developed which creates 

and trains contextual models to determine the relevance of objects in a given context and can 

be reused across different object detectors.  
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6.2 Future Work 

 

Detecting objects of smaller size could be a critical task for real-time object detection time. 

Smaller size objects do not refer to objects which are very small in size but in the sense when 

input live feed is being taken from far distance and object looks very small or only cover few 

pixels in the current frame. For example, if live feed is being taken on the road then a 

pedestrian who is far away from the camera then that pedestrian looks very small in the 

frame. 

 

Possible extension to this research could be incorporating more context for the detection of 

small objects. Detection of small objects seems essential for a real-time application like self-

driving cars and object tracking applications. The adding of context might help with 

distinguishing smaller objects from background by learning from real-time examples. The 

proposed solution for this is fusing multiple detection layers with different receptive fields. 

Moreover, huge training data with the correctly labelled images of different object categories 

would be a possible solution to tackle this problem. In order to train the model with huge 

training dataset, high computation power will be needed. 
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These are some more images from Microsoft COCO dataset. 
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