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Abstract 

In comparison to more conventional approaches to object recognition, the deep learning-
based method of object detection is distinguished by its robust capability of feature learning 
and feature representation. Among popular object identification methods, Faster-RCNN and 
SSD have a higher level of accuracy, however YOLO performs better when speed is 
prioritised over accuracy in terms of its performance. In the discussion of the methodology, 
the paper concentrates on the framework design and the working principle of the models. 
This paper proposes an improved Faster RCNN and Mobile Nets to perform efficient 
implementation of detection and tracking of objects. Our final goal is to improve the 
accuracy of the recognition model. 
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I. INTRODUCTION 
Object detection has already established itself as an important research direction 

and the primary focus in the field of computer vision [1], and it has potential applications in 
areas such as robotics, video surveillance, autonomous vehicles, and the identification of 
pedestrians [2, 3]. The development of technology based on deep learning has brought about 
a shift away from the conventional methods of object identification and object detection. The 
Imagenet Large Scale Visual Recognition Challenge (ILSVRC) 2012 was a global 
competition about computer vision. The AlexNet was the first successful deep convolution 
network in image recognition, and its Top5 accuracy was 10% higher than that of the runner-
up. The AlexNet won the championship, and it was the first time that this had happened. In 
addition to this, the techniques of deep learning came out on top in the LSVRCs that came 
after them. In 2013, the LSVRC added object detection, which aided in the development of 
deep learning in object detection. This was accomplished through the use of the LSVRC. 
Because of its powerful feature representation capacity [5] in image processing, the deep 
neural network is typically utilised as the feature extraction module in object detection. 
[Citation needed] [Citation needed] Deep models can be designed to function as both a 
classifier and a regression device, and they do not require any especially hand-engineered 
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features. Therefore, the technology of deep learning presents a significant opportunity in the 
object detection field. 

When it comes to security applications, describing detection and tracking 
algorithms requires first extracting features from images and videos [6, 7], and [8]. CNN and 
deep learning are utilised in order to extract the features [9]. Classifiers are utilised for the 
purposes of image counting and classification [10]. It has been demonstrated that combining 
the YOLO-based algorithm with the GMM model and applying the principles of deep 
learning leads to improved accuracy in feature extraction and classification [11]. 

II. DEEP LEARNING MODES ON OBJECT DETECTION 
The mode of region selection, feature extraction, and classification that is adopted by 

the object detection method that is based on deep learning includes the following: the region 
selection can be done in accordance with some strategy; the feature extraction can be 
achieved by the convolutional neural network; and the classification can be accomplished by 
either the traditional SVM or the special neural network. DNN [12] and Overfeat [13] are 
early examples of typical modes of deep learning applied in object detection. These examples 
draw back the curtain on deep learning's potential applications in object detection. The 
classification subnetwork, which is responsible for recognition, and the regression 
subnetwork, which is in charge of location, have both been designed as part of the DNN 
object detection system.  

 

 
Fig 1:Schematic structure of DNN 

Deep neural networks (DNN) were initially developed with the purpose of 
classification. DNN is capable of functioning as the regression subnetwork and can complete 
the object detection task when combined with the classification subnetwork. This is achieved 
by replacing the softmax layer in the rear of the network with a regression layer. Five ground 
truth marks are simultaneously adopted to make the regression in order to differentiate 
between the two objects that are adjacent to one another. The general target mark, the left 
target mark, the right target mark, and the bottom target mark are the four different parts of 
the target that are covered by the specific grids in question.  

Fast R-CNN [14] is an improvement to R-CNN that was suggested by Girshick. It is 
able to handle the repetitive computation problem of the 2000 region suggestions that travel 
through the convolution neural network in turn. When compared to R-CNN, Fast R-CNN is 
superior because it maps the region proposal extracted by the selective search algorithm from 
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the input image to the feature layer of the convolution neural network and then uses ROI 
pooling to perform the pooling on the mapped region proposal of the feature layer. This is an 
improvement over R-CNN. It is possible for ROI pooling to assist Fast R-CNN in obtaining 
the feature vector of fixed sizes, which is essential for effectively connecting with the entire 
connection. The function of the ROI pooling is identical to that of the spatial pyramid pooling 
that SPP-net performs. The method of mapping region proposal of input picture to the feature 
layer in Fast R-CNN shares the convolution computation, which significantly minimises the 
amount of calculation that needs to be performed. 

 
Fig 2: Schematic-architecture-of-the-Fast-R-CNN 

 In addition, in order to reduce the parameters of full connection, Fast R-CNN uses 
truncated SVD. This replaces the single completely connected layer that corresponds to the 
weight matrix with two smaller fully connected layers, which further reduces the amount of 
time needed to calculate the network. When it comes to the training phase, Fast R-CNN has a 
speed that is 8.8 times faster than R-CNN and 2.58 times faster than SPP-net. The speed of 
Fast RCNN in the test stage is 146 times that of R-CNN without the truncated SVD and 213 
times that of R-CNN with the truncated SVD, respectively. The test speed of Fast R-CNN is 
seven times that of SPP-net without the shortened SVD and ten times that of SPP-net with the 
truncated SVD. This is in comparison to SPP-net, which has a speed that is just three times 
that of Fast R-CNN. 

 
Fig 3: Structure of MobileNets 
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MobileNets makes use of depth-wise separable convolutions, which is a technique 
that assists in the construction of deep neural networks. The MobileNets model is best suited 
for use in situations where there is no need for process control, as these situations typically 
involve portable and embedded vision-based applications. The primary goal of MobileNets is 
to minimise the occurrence of latency while simultaneously developing small neural 
networks as a parallel process. Its sole focus is on size, while speed is given relatively little 
consideration. MobileNets are built using depth-wise separable convolutions as their building 
blocks. After a normal convolution, the input feature map is broken up into multiple feature 
maps so that it can be used in subsequent operations [15]. When compared to the work done 
by the network using normal convolutions having the same depth, this model's utilisation of 
depthwise separable convolutions results in a sizeable reduction in the total number of 
parameters. This is achieved by contrasting the model's approach with that of the networks. 

 
III. IMPLEMENTATION OF DETECTION AND TRACKING OF OBJECTS 

Recent years have seen the rise of deep learning in object identification, which has led 
to the proposal of a large number of deep detection models. In this section, seven of the most 
popular deep learning models currently used for object identification will be shown along 
with a comprehensive analysis of each model according to the time order of emergency. The 
selective search strategy that is employed in R-CNN and fast R-CNN is to blame for the 
problems of enormous computation and poor real-time performance, both of which are 
remedied by improved faster R-CNN of the region proposal network (RPN). And improved 
faster R-CNN is a framework that may be used from beginning to end, making it simpler to 
train the model. When it comes to obtaining region proposals, the function of RPN in 
improved faster R-CNN is to take the position of selective search as the primary role. RPN is 
able to extract the feature regions of various scales and aspect ratios that are centred on the 
region, and this approach is referred to as the anchors mechanism. Additionally, RPN is able 
to divide the feature layer into n*n regions. The RPN anchors are utilised in order to generate 
object suggestions, which are then forwarded to the rear classification and regression 
networks in order to accomplish object recognition and localization. 

 

 
 
FIG 4: Accuracy Of Improved R-CNN 
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Object detection 

The camera takes a picture at predetermined intervals of time in order to capture a frame. The 
difference between the frames is estimated based on their succession. The optical flow field is 
estimated and calculated using this method, which makes use of an algorithm designed for 
optical flow. Then, in order to improve it, a local mean algorithm is applied to it. A self-
adaptive algorithm is used in order to filter out unwanted noise. It is helpful in avoiding time-
consuming and complicated preparation procedures and contains a wide adaptation to the 
number and size of the items. The background subtraction method, often known as the BS 
method, is a speedy technique for localising moving objects within a video that was taken by 
a still camera. This is the first stage of a vision system that consists of multiple stages. Images 
can have their backgrounds and foreground objects in sequences separated using a procedure 
similar to this one. 

 

Fig 5: Background subtraction results. 

Object Tracking 

The purpose of object tracking is to trace an object's route and determine its speed along 
that path. Utilizing object tracking and running classification in a small number of frames 
taken over a predetermined amount of time can help to accelerate the rate at which real-time 
detections are made. Object tracking can operate at a quicker frame speed once the target 
objects have been discovered and locked onto. Object detection, on the other hand, might run 
at a slower frame rate while searching for objects to lock onto. Checking how the object 
moved from one frame to the next and following it as it is detected one after another are both 
examples of how the object can be followed. The velocity of the item can be determined by 
checking the object's displacement using many frames that were captured at various intervals 
of time. This will allow the velocity to be computed. This approach has a fundamental fault in 
that it does not truly monitor the object but rather detects its presence at varying intervals of 
time. The "detection with dynamics" method is an improved approach that involves detecting 
its position at a specific time, denoted by "t," and guessing where it will be at another time 
interval, denoted by "t+10." with the help of estimation, a possible image of the item at the 
time 't+10' can be offered based on this actual image. 
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IV. CONCLIUSION 
This paper provides an overview of deep learning as it relates to object detection and 

goes on to elaborate on a common object detection model that is founded on deep learning. 
During the course of this process, it provides an in-depth interpretation of the framework 
design and operation principle of the model, as well as highlights its innovations and 
evaluates its overall performance. The improved and faster RCNN algorithm is used to detect 
objects and to track using mobilenets. This algorithm showed excellent detection and tracking 
results on the object trained, and it can further be utilised in particular scenarios to detect, 
track, and respond to the particular targeted objects. The performance of object detection 
based on deep learning will continue to improve to the development of new theories of deep 
learning and improvements in computer hardware; as a result, the applications of this 
technique will become much more diverse. The advancement and application of existing 
embedded systems in deep learning will pave the way for a promising prospect for object 
detection and tracking that is based on deep learning.  
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