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Abstract- Due to object detection’s close relationship with video analysis and image understanding, it has attracted much research 
attention in recent years. Traditional object detection methods are built on handcrafted features and shallow trainable architectures. 
Their performance easily stagnates by constructing complex ensembles that combine multiple low-level image features with high-
level context from object detectors and scene classifiers. With the rapid development in deep learning, more powerful tools, which 
can learn semantic, high-level, deeper features, are introduced to address the problems existing in traditional architectures. These 
models behave differently in network architecture, training strategy, and optimization function, etc. In this paper, we provide a 
review of deep learning-based object detection frameworks. Our review begins with a brief introduction to the history of deep 
learning and its representative tool, namely Convolutional Neural Network (CNN). Then we focus on typical generic object 
detection architectures along with some modifications and useful tricks to improve detection performance further. As distinct 
specific detection tasks exhibit different characteristics, we also briefly survey several specific tasks, including salient object 
detection, face detection, and pedestrian detection. Experimental analyses are also provided to compare various methods and draw 
some meaningful conclusions. Finally, several promising directions and tasks are provided to serve as guidelines for future work in 
both object detection and relevant neural network-based learning systems.  
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1. Introduction 
 

achine learning (ML) is the scientific study 
of algorithms and statistical models that 
computer systems use to effectively perform 
a specific task without using explicit 
instructions, relying on patterns and 

inference instead. It is seen as a subset of artificial 
intelligence. Machine learning algorithms build a 
mathematical model of sample data, known as 
"training data", in order to make predictions or 
decisions without being explicitly programmed to 
perform the task. Machine learning algorithms are used 
in a wide variety of applications, such as email 
filtering, and computer vision, where it is infeasible to 
develop an algorithm of specific instructions for 
performing the task.  
 
Machine learning is closely related to computational 
statistics, which focuses on making predictions using 
computers. The study of mathematical optimization 
delivers methods, theory and application domains to 
the field of machine learning.  
 
Data mining is a field of study within machine learning 
and focuses on exploratory data analysis through 

unsupervised learning. In its application across 
business problems, machine learning is also referred to 
as predictive analytics. Smart Video surveillance 
enables the monitoring of activity, behavioural 
patterns, or any other change in environmental 
conditions. This involves surveillance from a distance 
by means of electronic equipment. Video surveillance 
can be performed in real-time, or data can be collected 
and stored for the purpose of evaluation when required. 
A smart video surveillance system (VSS) typically 
comprises; cameras and an output interface such as a 
monitor.  
 
The systems requirements for video surveillance 
include; storage, encoders, interfaces, and management 
software.  
YOLO (“You Only Look Once”) is an effective real-
time object recognition algorithm, first described in the 
seminal 2015 paper by Joseph Redmon et al. “You 
Only Look Once: Unified, Real-Time Object 
Detection“. In this article, we introduce the concept of 
object detection, the algorithm itself and one of its 
open-source implementations. 
 
Image classification is one of the many exciting 
applications of convolutional neural networks. Aside 
from simple image classification, there are plenty of 
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fascinating problems in computer vision, with object 
detection being one of the most interesting. It is 
commonly associated with self-driving cars where 
systems blend computer vision, LIDAR and other 
technologies to generate a multidimensional 
representation of the road with all its participants. 
Object detection is also commonly used in video 
surveillance, especially in crowd monitoring to prevent 
terrorist attacks, count people for general statistics or 
analyse customer experience with walking paths within 
shopping centres. 
 
Smart video surveillance provides automatic perimeter 
monitoring and secure area protection. User-selected 
zones are monitored continuously for people or vehicle 
intrusion. The Line Crossing feature automatically 
detects a moving object which crosses the defined line.  
 
2. Applications of Smart Surveillance 
 
In this section, we describe a few applications of smart 
surveillance technology. In this section, we describe a 
few applications. We group the applications into three 
broad categories, real-time alerts, automatic forensic 
video retrieval, and situation awareness.  
 
2.1 Real-Time Alerts  
 
There are two types of alerts that can be generated by a 
smart surveillance system, user-defined alerts, and 
automatic unusual activity alerts.  
 
2.1.1 User Defined Alerts 
 
Here the system is required to recognize a variety of 
user-defined events that occur in the monitored space 
and notify the user in real-time, thus providing the user 
with an opportunity to evaluate the situation and take 
preventive action if necessary. The following are some 
typical events.  
 
1. Generic Alerts: These are alerts that depend solely 
on the movement properties of objects within the 
monitored space. The following are a few common 
examples.  

a. Motion Detection: This alert detects the 
movement of any object within a specified 
zone.  

b. Motion Characteristic Detection: These alerts 
detect a variety of motion properties of 
objects, including specific direction of object 
movement (entry through exit lane), object 
velocity bounds checking (object moving too 
fast). 

c. Abandoned Object Alert: This detects objects 
which are abandoned, e.g., a piece of 

unattended baggage in an airport, or a car 
parked in a loading zone.  

d. Object Removal: This detects movements of a 
user-specified object that is not expected to 
move, for example, a painting in a museum.  

 
2. Class Specific Alerts: These are alerts that use the 
type of object in addition to the object’s movement 
properties. The following are a few common examples.  

a. Type Specific Movement Detection: Consider 
a camera that is monitoring runways at an 
airport. In such a scene, the system could 
provide an alert to the presence or movement 
of people on the tarmac but not those of 
aircraft.  

b. Statistics: Example applications include, alerts 
based on people counts (e.g., more than one 
person in security locker) or people densities 
(e.g., discotheque crowded beyond an 
acceptable level).  

 
3. Behavioural Alerts: These alerts are generated based 
on adherence to, or deviation from, learned models of 
motion patterns. Such models are typically trained by 
analysing movement patterns over extended periods of 
time. These alerts tend to be very application-specific 
and use a significant amount of context information, 
for example,  

a. Detecting shopping groups at retail checkout 
counters, and alerting the store manager when 
the length of the queue at a counter exceeds a 
specified number.  

b.  Detecting suspicious behaviour in parking 
lots, for example, a person stopping and 
trying to open multiple cars.  

 
4. High-Value Video Capture: This is an application 
that augments real-time alerts by capturing selected 
clips of video based on pre-specified criteria. This 
becomes highly relevant in the context of smart camera 
networks that use wireless communication. 
  
2.1.2 Automatic Unusual Activity Alerts 
 
Unlike the user-defined alerts, here the system 
generates alerts when it detects “activity that deviates 
from the norm”. The smart surveillance system 
achieves this based on “learning” normal activity 
patterns.  
 
For example, a smart surveillance system that is 
monitoring a street learns that “vehicles move about on 
the road” and “people move about on the sidewalk”. 
Based on this pattern the system will provide an alert 
when a car drives on the sidewalk.  
Such unusual activity detection is the key to effective 
smart surveillance, as all the events of interest cannot 
be manually specified by the user.  
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2.2 Automatic Forensic Video Retrieval (AFVR) 
  
The capability to support forensic video retrieval is 
based on the rich video index generated by automatic 
tracking technology. This is a critical value-add from 
using smart surveillance technologies. Typically, the 
index consists of such measurements as object shape, 
size and appearance information, temporal trajectories 
of objects over time, object type information, in some 
cases specific object identification information. In 
advanced systems, the index may contain object 
activity information.  
 
The Washington, DC sniper incident is a prime 
example of where AFVR could be a breakthrough 
technology. During the incident, the investigative 
agencies had access to hundreds of hours of video 
surveillance footage drawn from a wide variety of 
surveillance cameras covering the areas in the vicinity 
of the various incidents. However, the task of manually 
sifting through hundreds of hours of video for 
investigative purposes is almost impossible.  
 
However, if the collection of videos were indexed 
using visual analysis, it would enable the following 
ways of retrieving the video  
 
1. Spatiotemporal Video Retrieval: An example query 
in this class would be, “Retrieve all clips of a video 
where a “blue car” drove in front of the “7/11 Store on 
23rd street” between the “26th of July 2 pm and 27th of 
July 9 am” at “speeds > 25mph”.  
 
2. Surveillance Video Mining: In the case of the 
Washington sniper incident, the surveillance video 
mining application would attempt to present the users 
with a set of potential movement patterns of cars over a 
set of cameras covering multiple incident locations, 
this would enable the investigative agencies to answer 
questions like “Was there a single car that appeared in 
all of the incident locations?”.  
 
2.3 Situation Awareness  
 
Ensuring total security at a facility requires systems 
that can perpetually track the identity, location, and 
activity of people and vehicles within the monitored 
space. For example, the existing surveillance 
technology cannot answer questions such as: did a 
single person loiter around near a high-security 
building on multiple occasions? Such perpetual 
tracking can be the basis for very high levels of 
security. Typically, surveillance systems have focused 
on tracking location and activity, while biometrics 
systems have focused on identifying individuals. As 
smart surveillance technologies mature, it becomes 

possible to address all these three key challenges in a 
single unified framework giving rise to, joint location 
identity and activity awareness, which when combined 
with the application context becomes the basis for 
situation awareness.  

 
3. YOLO Algorithm 

 
There are a few different algorithms for object 
detection and they can be split into two groups: 
 
1. Algorithms based on classification. They are 
implemented in two stages. First, they select regions of 
interest in an image. Second, they classify these 
regions using convolutional neural networks. This 
solution can be slow because we have to run 
predictions for every selected region. A widely known 
example of this type of algorithm is the Region-based 
convolutional neural network (RCNN) and its cousins 
Fast-RCNN and Faster-RCNN. 
 
2. Algorithms based on regression – instead of 
selecting interesting parts of an image, they predict 
classes and bounding boxes for the whole image in one 
run of the algorithm. A most known example of this 
type of algorithm is YOLO (“You Only Look Once”) 
and it is commonly used for real-time object detection. 
To understand the YOLO algorithm, it is necessary to 
establish what is actually being predicted. Ultimately, 
we aim to predict a class of an object and the bounding 
box specifying object location. Each bounding box can 
be described using four descriptors: 

1. center of a bounding box (bxby) 
2. width (bw) 
3. height (bh) 
4. value c is corresponding to a class of an object 

(such as car, traffic lights, etc.). 
 

4. Proposed Work 
 
4.1 Requirement Analysis 
 
4.1.1. Scope 
 
The main goal of the project is to identify abandoned 
bags and send an alert after a certain data frame time 
limit. 
 
4.1.2. Feasibility Study 
 
The feasibility study is a major factor that contributes 
to the analysis and development of the system. The 
decision of the system analyst whether to 
design a particular system or not depends on its 
feasibility study. A feasibility study is undertaken 
whenever a possibility of the probability of improving 
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the existing system or designing a new system. A 
feasibility study helps to meet user requirements. 

a. Financial-Feasibility:  
The goal of this product is clear and it is 
possible to make this project with all the 
required content keeping the project 
financially strict will be our main goal so that 
it could be implanted further on a large scale. 

b. Technical-Feasibility: 
As far as machine learning is concerned a 
high processing system is required for the 
maximum accuracy. Our goal is to achieve 
maximum throughput in less power 
consumption 

c. Operational-Feasibility:  
The basic operation of what Image Processing 
is and how will it help in digit recognition 
should be reflected through this feasibility 
report.  
 

4.1.3 Software and Hardware Requirements 
 
Hardware Specification: - 

• Processor: I7 9TH Generation 
• RAM: 16 GB  
• Hard disk: 1 TB 
• GPU: GT 1030 and above, intel HD 5500 and 

above 
Software Specification: - 

• Operating System: Windows, Linux 
• Technologies used: Machine learning, neural 

networks, TensorFlow 
 

4.2 Problem Statement 
 
Video surveillance in the current scenario only 
provides real-time footage of the scene. It becomes 
difficult to track down suspicious things in the crowd 
and densely populated areas. A person has to track and 
monitor the area manually which is a hectic task. 
Creating a system that will track and monitor the 
scene. Our proposed system will look forward to the 
following features: 

• If any suspicious bag found it will send an 
alert. 

• In our project sample, suspicious thing will be 
an abandoned bag/luggage  

• If any bag is monitored within the frame for a 
specific frame time, it will send an alert 
message.  

The goal of this project is to create a model that will be 
able to recognize and determine the suspicious items 
during live video stream by using the concepts of 
Convolution Neural Network 
The major goal of the proposed system is 
understanding Convolutional Neural Network, and 
applying it to the project through TensorFlow. 

4.3 Project Design 
 

 
Fig. 4.3.2 Activity Diagram 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 4.3.1 Class Diagram 
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4.4 Implementation Plan:  
 

4.4.1Initial-Stage 
 
In the initial stage, different Training models were 
used and comparison was made between the output of 
several models such as faster r-CNN, YOLO, ssd300 
and faster YOLO. Before switching to real 
hardware/software system tests were made on google 
Collab. The initial stage is divided into two sections 
image and video (not the live video streaming). In the 
first section, images were given as input and made to 
detect the objects in it. In the second section, a video 
was given as input and was made to detect the objects 
in the video given as input. The training was made to 
detect the still objects in the video.   
 
Object Detection 

 
To explore the concept of object detection it is useful, 
to begin with image classification. It goes through 
levels of incremental complexity.  
 

Image classification (1) aims at assigning an image to 
one of a number of different categories (e.g. car, dog, 
cat, human, etc.), essentially answering the question 
“What is in this picture?”. One image has only one 
category assigned to it.  
 
Object localization (2) then allows us to locate our 
object in the image, so our question changes to “What 

is it and where it is?”.  
In a real real-life scenario, we need to go beyond 
locating just one object but rather multiple objects in 
one image. For example, a self-driving car has to find 
the location of other cars, traffic lights, signs, humans 
and to take appropriate action based on this 
information. 
 
Object detection (3) provides the tools for doing just 
that – finding all the objects in an image and drawing 
the so-called bounding boxes around them. There are 
also some situations where we want to find the exact 
boundaries of our objects in the process called instance 
segmentation, but this is a topic for another post. 

 
Fig 4.4.1 Initial Stage 

 
4.4.2 Second-Stage 

 
In the second stage live video was given as input to 
detect the objects in it. In the second stage live video 
streaming tool place and it detected the objects 
successfully by the webcam of the laptop. For this 
purpose, YOLO v3 has been used.  
 

 
Fig. 4.4.2 Example of Object detection 
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Fig. 4.4.3 Final-Stage-2 
 

Fig. 4.4.4 Final-Stage-3 
 
5. Conclusion 

 
Thus, we have learned: 

• To create a system that will track and monitor 
the scene.  

• Detection of objects using trained models.  
• Real-time detection and recognition of any 

object instantly. 
• Includes facial detection and people counting 

where people tend to get lost easily. 
 
6. Future Scope 
 
In spite of rapid development and achieved promising 
progress of object detection, there are still many open 
issues for future work. The first one is small object 
detection such as occurring in the COCO dataset and in 
the face detection task. To improve localization 
accuracy on small objects under partial occlusions, it is 
necessary to modify network architectures from the 
following aspects. 
 

• Multi-task joint optimization and multi-modal 
information fusion. Due to the correlations 

between different tasks within and outside 
object detection, multi-task joint optimization 
has already been studied by many researchers.  
However, apart from the tasks mentioned in 
Subs. It is desirable to think over the 
characteristics of different sub-tasks of object 
detection (e.g.  super pixel semantic 
segmentation in salient object detection) and 
extend multi-task optimization to other 
applications such as for instance 
segmentation, multi-object tracking, and 
multi-person pose estimation. Besides, given 
a specific application, the information from 
different modalities, such as thermal data and 
images, can be fused together to achieve a 
more discriminant network. 
 

• Scale adaption. Objects usually exist on 
different scales, which is more apparent in 
face detection and pedestrian detection.  To 
increase the robustness to scale changes, it is 
demanded to train scale-invariant, multi-scale 
or scale-adaptive detectors. For scale-
invariant detectors, more powerful backbone 
architectures, negative sample mining, reverse 
connection, and sub-category modeling are all 
beneficial. For multiscale detectors, both the 
FPN which produces multi-scale feature maps 
and Generative Adversarial Network which 
narrows representation differences between 
small objects and the large ones with a low-
cost architecture provide insights into 
generating meaningful feature pyramid.  For 
scale adaptive detectors, it is useful to 
combine knowledge graph, attentional 
mechanism, cascade network, and scale 
distribution estimation to detect objects 
adaptively. 
 

• Spatial correlations and contextual modeling. 
Spatial distribution plays an important role in 
object detection. So, region proposal 
generation and grid regression are taken to 
obtain probable object locations.  However, 
the correlations between multiple proposals 
and object categories are ignored.  Besides, 
the global structure information is abandoned 
by the position-sensitive score maps in R-
FCN. To solve these problems, we can refer 
to diverse subset selection and sequential 
reasoning tasks for possible solutions. It is 
also meaningful to mask salient parts and 
couple them with the global structure in a 
joint-learning manner. The second one is to 
release the burden on manual labor and 
accomplish real-time object detection, with 
the emergence of largescale image and video 
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data. The following three aspects can be taken 
into account. 
 

• Cascade network. In a cascade network, a 
cascade of detectors is built in different stages 
or layers. And easily distinguishable examples 
are rejected at shallow layers so that features 
and classifiers at the latter stages can handle 
more difficult samples with the aid of the 
decisions from previous stages. However, 
current cascades are built in a greedy manner, 
where previous stages in the cascade are fixed 
when training a new stage. So, the 
optimizations of different CNNs are isolated, 
which stresses the necessity of end-to-end 
optimization for CNN cascade.  At the same 
time, it is also a matter of concern to build 
contextual associated cascade networks with 
existing layers. 
 

• Unsupervised and weakly supervised learning. 
It’s very time consuming to manually draw 
large quantities of bounding boxes.  To 
release this burden, semantic prior, 
unsupervised object discovery, multiple 
instance learning and deep neural network 
prediction can be integrated to make the best 
use of image-level supervision to assign 
object category tags to corresponding object 
regions and refine object boundaries.  
Furthermore, weak annotations (e.g.  center-
click annotations) are also helpful for 
achieving high-quality detectors with modest 
annotation efforts, especially aided by the 
mobile platform. 
 

• Network optimization. Given specific 
applications and platforms, it is significant to 
make a balance among speed, memory, and 
accuracy by selecting an optimal detection 
architecture.  However, despite that detection 
accuracy is reduced, it is more meaningful to 
learn compact models with a fewer parameter.  
And this situation can be relieved by 
introducing better pretraining schemes, 
knowledge distillation, and hint learning.  
DSOD also provides a promising guideline to 
train from scratch to bridge the gap between 
different image sources and tasks. The third 
one is to extend typical methods for 2D object 
detection to adapt 3D object detection and 
video object detection, with the requirements 
from autonomous driving, intelligent 
transportation, and intelligent surveillance. 
 

• 3D object detection. With the applications of 
3D sensors (e.g. LIDAR and camera), 

additional depth information can be utilized to 
better understand the images in 2D and extend 
the image-level knowledge to the real world.  
However, seldom of these 3D-aware 
techniques aim to place correct 3D bounding 
boxes around detected objects.  To achieve 
better bounding results, multi-view 
representation and3D proposal network may 
provide some guidelines to encode depth 
information with the aid of inertial sensors 
(accelerometer and gyro meter) 
 

• Video object detection. Temporal information 
across different frames play an important role 
in understanding the behaviors of different 
objects.  However, the accuracy suffers from 
degenerated object appearances (e.g., motion 
blur and video defocus) in videos and the 
network is usually not trained end-to-end. To 
this end, spatiotemporal tablets, optical flow, 
and LSTM should be considered to 
fundamentally model object associations 
between consecutive frames. 
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