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Abstract—The statement highlights the growing concern over security across the world, particularly with 

the increasing advancement of technology.  One  of  the  major  challenges  faced  is  the  ease  with  which  

data  can  be  manipulated,  rendering   it useless to individuals who may be innocent. In response to    this 

challenge, the proposed solution involves combining two systems, namely Closed-Circuit Television (CCTV) 

and Artificial Intelligence (AI), to create an advanced security system. This system is designed to detect 

suspicious activities and respond to them in an appropriate manner. The suggested strategy uses an artificial 

neural network, which can complete tasks and alert the authorities considerably more quickly than a human. 

By using this system, we aim to address several problems associated with the current security system. The 

proposed security system   is expected to benefit many, reducing crime rates, and easing the burden on law 

enforcement authorities. Overall, the statement emphasizes the need for an improved security system that 

can cope with the current security challenges facing the world. It highlights the potential of integrating CCTV 

and AI to create an advanced security system that can be more effective in detecting and responding to 

suspicious activities. 

Index Terms—Artificial Neural Network, Closed Circuit Tele- vision (CCTV), Artificial Intelligence (AI), 

security, privacy 
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I. 

INTRODUCTION 

A system of video cameras, displays, and data 

networks called closed-circuit television (CCTV) is 

used to spot and deter criminal activities. For the 

purpose of preventing crime, video surveillance 

systems are utilized in both public and private 

settings, including public places like schools and 

houses. To combat crime and stop terrorism, 

authorities, law enforcement, and security 

management experts mainly rely on video 

surveillance. According to current estimates, there 

is  one camera for every 13 individuals. This 

number includes doorbell cameras as well as 

cameras used for private business and public 

monitoring. Therefore, there is probably CCTV on 

your street [1]. Fundamental changes in the way 

digital data are collected, evaluated, shared, and 

stored over the past ten years have drastically 

changed the capabilities of surveillance cameras. 

The push for smarter cities and the developing 

industrial internet of things already heavily relies 

on security cameras. As cameras get better at 

gathering data and making predictions based on 

integrated analytical software firms have built, 

deep learning and AI are becoming more common. 

While the transition to a” smart home” setting is 

also having an impact, customers now have better 

access than ever to wireless devices and doorbell 

cameras that are simple to install [2]. A. 

Advantages of including artificial neural network 

in security camera surveillance Object detection: 

ANNs can be trained to detect specific objects or 

persons of interest, enabling security cameras to 

recognize and track individuals or objects in real-

time. This can be useful for identifying and 

preventing suspicious behavior, theft, or 

vandalism. Intrusion detection: ANNs can be used 

to analyze video footage and detect unusual 

activity or intrusion in restricted areas. This can 

be especially useful in high-security areas where 

unauthorized access can pose a serious threat [3]. 

Facial recognition: ANNs can be trained to 

recognize faces and match them against a 

database of known individuals. This can be useful 

for identifying suspects or persons of interest in 

criminal investigations. Real-time monitoring: 

ANNs can process video data in real-time, allowing 

for immediate alerts and response to potential 

security breaches. Improved accuracy: ANNs can 

learn and adapt to changing environmental 

conditions and lighting, leading to higher accuracy 

and reliability in security monitoring [4]. Reduced 

human error: ANNs can automate the process of 

monitoring and analyzing video data, reducing the 

risk of human error and improving overall 

efficiency. Cost-effective: The use of ANNs in 

security cameras can be cost-effective as it 

reduces the need for additional security personnel 

and improves the accuracy and efficiency of 

security monitoring. 

 

II. RELATED WORK 

In this section, we present the survey of existing 

work based on intelligent video surveillance using 

ANN.CCTV cameras are now ubiquitous in many 

parts of the world and are used for a wide range of 

purposes, from crime prevention to traffic 

monitoring to industrial safety. The failure of 

CCTV cameras to capture important details has 

resulted in the inability to identify suspects or 

bring perpetrators to justice. Although there are 

several programs that offer intelligent video 

surveil- lance using ANN. Incorporating artificial 

neural networks with CCTV cameras has become a 

popular research topic in recent years due to its 

potential to enhance security systems. 

Convolutional neural networks (CNNs) and long 

short-term memory (LSTM) networks have been 

used as major components in the construction of 

deep learning models for the detection of shady 

activity in surveillance videos. Amrutha et al. [5] 

developed a deep learning approach for detecting 

suspicious activity from surveillance video using 

CNNs and LSTMs. Their method achieved 

promising results and can be useful in security 

and surveillance applications where quick 

detection is critical. Ibrahim’s [6] paper provides a 

comprehensive review of intelligent surveillance 

systems, covering image processing, pattern 

recognition, and AI. The author reviews latest 

research, discusses challenges, and highlights 

future directions. For specialists in the topic, both 

researchers and practitioners can benefit greatly 

from this review. A pre-trained CNN is used by 
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Singh et al. [7] to extract characteristics from 

video frames, which are subsequently input into 

an unsupervised auto encoder -based system for 

anomaly identification. The proposed system 

achieves high accuracy and can be used in various 

applications, such as security surveillance and 

traffic monitoring. Islam et al. [8] analysis of the 

most recent video categorization techniques —

including deep learn- ing and machine learning 

algorithms—discusses their benefits and 

drawbacks. The paper also highlights the 

challenges of video classification and provides 

future research directions. Zhao et al. [9] use a 

combination of CNNs and MLPs to extract and 

classify facial features from multiple views. The 

proposed system achieves high  accuracy  and  can  

be  used  in various applications, such as security 

and surveillance. In order to recognize and 

categorize traffic incidents in real-time, Mandal et 

al. [10] present a system that makes use of deep 

learning algorithms, such as CNNs and LSTMs. The 

proposed system achieves high accuracy and can 

be used in various traffic management 

applications. Zhuang et al. [11] propose a system 

that uses a combination of edge computing and 

deep learning algorithms to detect and classify 

parking events in real-time. The proposed system 

achieves high accuracy and can be used in various 

parking management applications. Khan et al. [12] 

proposes a malware classification framework 

using convolutional neural networks. The authors 

use a pretrained CNN to extract features from 

malware binaries, which are then fed into a 

supervised classification algorithm. The proposed 

framework achieves high accuracy and can be 

used in various cybersecurity applications. 

Muhammad et.al [13] proposed Convolutional 

neural networks (CNN) based model for early fire 

detection. The work employed surveillance for 

successful disaster management. The proposed 

CNN-based fire detection system aims to 

overcome the limitations of traditional fire 

detection methods and provide an automated 

early detection system that can detect fire at its 

early stage during surveillance. Saxena et. al [14] 

The suggested CNN model outperforms con- 

ventional fire detection techniques, according to 

experimental results. The system was trained on a 

dataset of photos contain- ing fire and non-fire 

events. The research does, however, have certain 

drawbacks and disadvantages, such as the lack of 

a thorough analysis of the false positive and false 

negative rates of the suggested method, as well as 

the incomplete exploration of the interpretability 

and generalization aspects of the trained CNN 

model. Ding et al. [15] Future research can explore 

more diverse locations, types of fires, and 

additional sensory modal- ities such as audio 

sensation, thermal imaging, and so on. The 

interpretability and generalization properties of 

the learned CNN model can also be explored in 

future research. Future research can also increase 

the size and quality of the training and testing 

datasets. Wang et.al [16] reviewed recent 

advances in vehicle detection using deep learning, 

including different network architectures and 

datasets. It highlights challenges and limitations in 

the field and suggests future research directions, 

such as exploring more diverse scenarios and 

improving the interpretability and robustness of 

detection models.  Wang  et.al [17] offered a 

thorough analysis of the state-of-the-art 

approaches and most recent developments in 

deep learning- based pedestrian identification. It 

covers different difficulties and shortcomings with 

the current approaches and makes 

recommendations for future research possibilities. 

Lu et al [18] proposed a novel approach for object 

segmentation by refining object seeds using deep 

learning. The method consists of a two-stage 

refinement process, which uses a fully 

convolutional neural network (FCN) to generate 

object seeds and then refines them using a second 

FCN. The proposed method achieves state of-the-

art performance on multiple benchmark datasets 

and outperforms previous state-of-the-art 

methods. Liu et al [19] studied the most recent 

deep learning techniques for super resolution of 

images is reviewed. Recent developments in deep 

learning-based techniques for single- and 

multiple-image super-resolution are covered, 

including generative adversarial networks, 

residual networks, and attention mechanisms. The 

obstacles and upcoming developments in this 

subject are also covered in the article. Lu, et.al 

[20] proposed a stereo-based autonomous landing 
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system for a small quadrotor on a high- speed 

ground vehicle. The system uses a stereo camera 

to estimate the relative pose between the 

quadrotor and the ground vehicle, and a Kalman 

filter to estimate the state of the quadrotor. The 

system was evaluated through experiments, 

showing high accuracy and robustness in various 

scenarios. Chen et.al [21] presented a method for 

tracking human pose using a multiple-camera 

system. The proposed method consists of three 

steps: multiple-camera calibration, human 

detection and tracking, and human pose 

estimation. The experimental findings show that 

the proposed strategy works when applied to a 

dataset that was collected by a number of 

cameras. Zhang et.al [22] presented an intelligent 

video surveillance system based on deep learning 

for detecting anomalous events. The system 

comprises a pre-trained convolutional neural 

network (CNN) to recognize normal events and a 

one-class support vector machine (SVM) to detect 

anomalous events. The suggested system has a 

high level of accuracy in identifying anomalous 

events, making it a viable option for practical 

video surveillance applications. Cai et.al [23] 

reviewed the convolutional neural networks’ use 

in object detection. It covers recent advances in 

the field, such as region-based and anchor-based 

methods, and discusses their strengths and 

weaknesses. In the review, various deep learning 

architectures are examined along with how they 

apply to object detection. Overall, the study offers 

a thorough summary of the state-of the-art for 

object detection using CNNs at this time. Zhang 

et.al [24] proposed a real-time video analysis 

system based on deep learning for surveillance 

purposes. The system is capable of detecting, 

tracking and analyzing multiple objects in a given 

surveillance video. A number of datasets are used 

to evaluate the suggested approach, and the 

findings are encouraging. Li et.al [25] presented a 

method for detecting abandoned luggage in public 

places using deep learning.  The system is based 

on video analysis and achieves high accuracy in 

real-time detection. The article discusses the 

challenges of abandoned luggage detection and 

compares the proposed method with previous 

techniques. In general, the article offers 

information about how deep learning is used in 

video-based security systems [27] and [28]. 

III. PROPOSED METHODOLOGY 

The integration of object detection and emotion 

detection using neural networks can significantly 

improve the effective- ness of surveillance 

cameras in detecting suspicious and dangerous 

activities. In our proposed methodology, we will 

use a combination of object detection algorithms, 

such as YOLOv4, and facial emotion recognition 

techniques, as shown in Fig 1, based on deep 

learning, such as VGG-16 and ResNet-50, to 

simultaneously detect objects and analyze the 

emotions of individuals captured by the camera. 

To implement this methodology, we will train the 

neural networks on large datasets of labeled 

images of objects and emotions, respectively. The 

trained models will   be integrated into the 

surveillance camera system, which will 

continuously capture and analyze live video feeds. 

Whenever  a person is detected, the emotion 

detection algorithm will analyze their facial 

expression to determine whether they are 

exhibiting any suspicious or dangerous behaviors, 

such as anger or fear. At the same time, the object 

detection algorithm will scan the surrounding 

area to identify any potential threats or objects 

that could be used in criminal activity. The 

impacts of object detection and emotion detection 

in surveillance cameras are numerous. Object 

detection can help to identify and track 

individuals, vehicles, and other objects of interest 

in real-time. It can also detect suspicious objects 

and movements, such as the presence of weapons 

or unauthorized access to restricted areas. On the 

other hand, emotion detection can help to analyze 

the behavior and intentions of individuals, by 

detecting their emotional state and predicting 

their next move. This can be particularly useful in 

detecting criminal activities such as theft, 

vandalism, or assault. Overall, the integration of 

object detection and emotion detection using 

neural networks can significantly improve the 

effectiveness of surveillance cameras in detecting 

suspicious and dangerous activities. This can lead 

to better security and safety for public spaces, 

workplaces, and other areas where surveillance 

cameras are deployed. 1) Collecting the dataset: In 
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this research paper, we present a comprehensive 

dataset collection for object and emotion 

recognition in real-time image and video 

processing. Our dataset consists of two widely 

used datasets, COCO and FER 2013. COCO 

provides a benchmark for object detection models 

with over 330k images annotated with 80 

different object categories. This dataset can be 

used to train object detection models that can 

recognize objects in real-time. FER 2013, on the 

other hand, is a dataset that contains facial 

expression images labeled with six different 

emotions. It can be used to train emotion 

detection models that can recognize emotions in 

real-time. By combining these two datasets, we 

provide a rich and diverse set of images and 

videos that can be used for object and emotion 

recognition tasks in various applications, such as 

surveillance or entertainment. Our dataset can be 

used to train and evaluate deep learning models 

that can recognize and classify objects and 

emotions in real-time image and video processing. 

2) Refining and processing the dataset: After 

obtaining our dataset, the first step is to refine and 

process it. This involves removing any irrelevant 

content from the dataset and processing it 

multiple times to ensure that any factors not 

intended to be considered are not included. 

Failing to do this step can result in other factors 

affecting our outcome. For emotion detection:- 

This code loads the dataset in the form of a CSV 

file using Pandas library. The pixel values and 

labels are then extracted from the CSV file and 

reshaped into a 48x48 grayscale image. The labels 

are one-hot encoded using Pandas’ get dummies    

() function. The train test split () function from 

scikit-learn     is then used to divide the dataset 

into training and test sets. 

 

 
  

Fig. 1.    Processing the Emotion detection 

 

Finally, the input shape of the images is defined as 

(48, 48, 

1) For model training. 

The provided code is used for preprocessing the 

images in the COCO dataset for object detection. 

First, the path to the dataset directory is defined, 

along with the directories for the training and 

validation sets. Next, a function called ‘preprocess 

image‘ is defined to perform the actual 

preprocessing on each image. The function first 

resizes the image to 800x800 pixels, which is the 

size that the Faster R-CNN model used in the 

example is trained on. Then, the image is 

converted from BGR to RGB format and the pixel 

values are normalized to be between 0 and 1. 

Finally, the image is converted to          a numpy 

array and an extra dimension is added for the 

batch size. This function will be called on each 

image in the dataset before it is fed into the model 

for training or testing. 3) Choosing neural network 

architecture: It is a critical step in the machine 

learning process. It’s important to select an 

optimal architecture that can effectively 

understand the input data and produce the 

desired output. This can help simplify subsequent 

tasks and steps that may have been difficult 

otherwise. 

This code defines a CNN model for emotion 



    

 

1132 

 

Vol 44 No. 9 

September 2023 
Journal of Harbin Engineering University 

ISSN: 1006-7043 

detection. It has 3 Conv2D layers with increasing 

number of filters, followed by MaxPooling2D 

layers. The output is then flattened and fed into 

two dense layers with ReLU activation function. 

The number of neurons in the output layer is 

equal to the number of emotions that may be 

recognized, and softmax activation is present. 

Adam optimizer is used to create the model, which 

was trained on the Fer2013 dataset. This code 

defines a Convolutional Neural Network (CNN) 

model for detecting emotions in images. The 

model takes in an input image with a specific 

shape and passes it through a series of 

convolutional and pooling layers to learn features 

and reduce the spatial dimensions. After the final 

pooling layer, the output is flattened and passed 

through two fully connected layers with ReLU 

activation functions. The final layer has a number 

of neurons equal to the number of emotions to be 

detected, with a softmax activation function to 

output the predicted probability distribution over 

the emotions. The categorical cross-entropy loss 

function and Adam optimizer are used in the 

model’s construction. During training, the model 

updates its weights to minimize the loss and 

improve its accuracy in predicting  

the correct emotion for each input image. 

 

This code in Fig 2. defines a Faster R-CNN model 

for object detection. The ResNet50 model is 

loaded and its layers are frozen to prevent further 

training. The region proposal network (RPN), 

which uses ResNet50’s output as input and 

produces class probabilities and bounding box 

coordinates for the region proposals, is then 

defined. The regions suggested by the RPN are 

pooled by the RoI pooling layer. The fully 

connected layers are then defined for object 

detection, which take the pooled regions as input 

and output the final classification and regression 

layers. The Faster R-CNN model is then 

constructed by defining the inputs and outputs. 

The model takes two inputs, the image input and 

the region proposals input, and outputs four 

outputs, the class probabilities and bounding box 

coordinates of the region proposals and the final 

classification and regression layers. 4) Training 

our neural network model: Once the neural 

network architecture is chosen, the next step is to 

train the model using the dataset. This involves 

applying various algorithms as shown in Fig 3, 

both pre-existing and newly developed, to adjust 

the weights and biases of the neural network.  

These algorithms allow the neural network to 

learn from the input data and improve its 

predictions over time as shown in Fig 4. Overall, 

the training process is a critical step in developing 

an accurate and effective machine learning model. 

By carefully selecting and developing appropriate 

algorithms, and tuning the hyper parameters of 

the neural network, one can train the model to 

accurately make predictions based on input data 

[29-33]. 

 

5) Testing and predicting: The next stage is to test 

the neural network model, Fig 5 and 6, after it has 

been trained and a particular degree of accuracy 

has been attained. To do this, real-time data must 

be used to confirm that the predictions made by 

the model are accurate. One can install the model 

near the device or system it is intended to be used 

with, and observe its predictions in response to 

input data. In summary, testing and predicting are 

critical steps in the machine learning process, as 

they allow for the refinement and optimization of 

the neural network model [34-35]. By carefully 

analyzing its predictions and making appropriate 

adjustments, one can improve the overall 

performance of the system. 
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Fig. 2.   Processing for Object detection 

Fig. 3.  Architecture of Emotion Detection 

 

 
Fig. 4.   Architecture of Object Detection 
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Fig. 5.   Training Dataset 

 

Fig. 6.   Evaluating model 

  

IV. RESULT 

Convolutional neural networks (CNNs), in 

particular, are efficient tools for creating such 

systems, according to the study paper’s findings 

on the construction and training of a neural 

network model for intelligent video surveillance 

systems. The paper highlights the importance of 

providing large datasets   of labeled video frames 

for the network to learn patterns and features 

associated with different classes of objects and 

events. The trained neural network model can be 

used for various applications in video surveillance 

systems, including object detection, tracking, and 

activity recognition. However, a number of 

variables, such as the caliber of the video data 

input, the complexity of the scene, and the 

precision of the labelling process, affect how well 

the system performs. With advances in technology 

and the availability of large datasets, we can 

expect further improvements in the performance 

of these systems in the future. 

This graph in Fig 7 and Fig 8 tells us the combined 

result of emotion and object detection and based 

on that it gives accuracy about whether the model 

is detecting suspicious activity correctly or not. 

This graph tells us the combined result of emotion 

and object detection and based on that it gives loss 

about how far are the real result from the 

expected result in correct detection of suspicious 

activity. 

 

 
  

Fig. 7. Accuracy Graph 
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Fig. 8.   Loss Graph 

 

V. CONCLUSION 

The study paper concludes that Convolutional 

Neural Net- works (CNNs) are effective in the 

development of intelligent video surveillance 

systems. The study emphasizes the importance of 

furnishing extensive datasets comprising an- 

notated video frames to facilitate the network’s 

acquisition    of patterns and characteristics linked 

to diverse objects and occurrences. The utilization 

of neural network models can enable the 

achievement of multiple applications, including 

object detection, tracking, and activity recognition, 

in video surveillance systems through training. 

The efficacy of said systems is contingent upon 

multiple variables, such as the caliber of the video 

data input, intricacy of the scene, and precision of 

the labelling procedure. These variables have a 

direct influence on the system’s precision in 

identifying dubious behavior. 

The paper depicts an accuracy graph that 

integrates the outcomes of both emotion and 

object detection, offering a metric for the model’s 

efficacy in identifying questionable behavior. It 

denotes the precision of the system in accurately 

detecting said activities. Furthermore, the 

graphical representation of loss (Figure 8) 

highlights the discrepancy between actual and 

anticipated outcomes in the context of identifying 

dubious behavior. It quantifies the extent of 

deviation from the expected result. Anticipated 

progress in technology and the increased 

accessibility of extensive datasets are projected to 

augment the efficacy of intelligent video 

surveillance systems. With the ongoing evolution 

of these systems, it is expected that there will be 

enhancements in the precision, resilience and 

effectiveness of identifying and averting dubious 

actions in practical situations. 

REFERENCES 

[1] T. Puri, R. K. Challa, and N. K. Sehgal, 

“Energy-efficient delay-aware preemptive 

variable-length time slot allocation scheme for 

WBASN (ed- pvt),” Proceedings of 2nd 

International Conference on Communication, 

Computing and Networking, pp. 183–194, 2018. 

[2] T. Kaur, N. Kaur, and G. Sidhu, “Optimized 

energy-efficient and QoS- aware routing protocol 

for WBAN,” Recent Patents  on  Engineering, vol. 

14, no. 3, pp. 286–293, 2021. 

[3] N. Chauhan and P. Tekta,  “Fraud  

detection  and  verification  system for online 

transactions: A brief overview,” International 

Journal of Electronic Banking, vol. 2, no. 4, pp. 

267–267, 2020. 

[4] N. Chauhan, N. Kaur, and K. S. Saini, 

“Energy-Efficient Resource Allocation in Cloud 

Data Center: A Comparative Analysis,” 2022 

International Conference on Computational 

Modelling, Simulation and Optimization (ICCMSO), 

2022. 

[5] Sharma, N.; Mangla, M.; Yadav, S.; Goyal, 

N.; Singh, A.; Verma, S.; Saber, T. A sequential 

ensemble model for photovoltaic power 

forecasting. Comput. Electr. Eng. 2021, 96, 

107484. 

[6] V. Singhal et al., "Artificial Intelligence 

Enabled Road Vehicle-Train Collision Risk 

Assessment Framework for Unmanned Railway 

Level Crossings," in IEEE Access, vol. 8, pp. 

113790-113806, 2020, doi: 

10.1109/ACCESS.2020.3002416. 

[7] Dash, Sonali, Sahil Verma, Kavita, Md. 

Sameeruddin Khan, Marcin Wozniak, Jana Shafi, 

and Muhammad Fazal Ijaz. 2021. "A Hybrid 

Method to Enhance Thick and Thin Vessels for 

Blood Vessel Segmentation" Diagnostics 11, no. 

11: 2017. 

https://doi.org/10.3390/diagnostics11112017 

[8] G. Ghosh, “Kavita, Sahil Verma, NZ Jhanjhi, 

“Secure surveillance system using chaotic image 



    

 

1136 

 

Vol 44 No. 9 

September 2023 
Journal of Harbin Engineering University 

ISSN: 1006-7043 

encryption technique” 2020, Vol. 993, 012062,” in 

IOP Conference Series: Materials Science and 

Engineering, vol. 993, no. 1, p. 012062.I.  

[9] A. Shah, Q. Sial, N. Z.  Jhanjhi,  and  L.  

Gaur,  “The  Role  of  the IoT and Digital Twin in 

the Healthcare Digitalization Process: IoT and 

Digital Twin in the Healthcare Digitalization 

Process,” Digital Twins  and Healthcare: Trends, 

Techniques, and Challenges, pp. 20–34, 2023. 

[10] V. Mandal, A. R. Mussah, P. Jin, and Y. Adu-

Gyamfi, Artificial Intelligence-enabled Traffic 

Monitoring System. Sustainability, vol. 12, no. 21, 

pp. 9177–9177, 2020. 

[11] Y. Zhuang, Z. Pu, H. Yang, and Y. Wang, 

“Edge-artificial intelligence- powered parking 

surveillance with quantized neural networks,” 

IEEE Intelligent Transportation Systems 

Magazine, vol. 14, no. 6, pp. 107– 121, 2022. 

[12] M. Khan, D. Baig, U. S. Khan, and A. Karim, 

“Malware classification framework using 

Convolutional Neural Network,” 2020 

International Conference on Cyber Warfare and 

Security (ICCWS), 2020. 

[13] T. Kumar, B. Pandey, S. H. A. Mussavi, and 

N. Zaman, “CTHS based energy efficient thermal 

aware image ALU design on FPGA,” Wireless 

Personal Communications, vol. 85, pp. 671–696, 

2015. 

[14] M. Shafiq, H. Ashraf, A. Ullah, M. Masud, M. 

Azeem, N. Jhanjhi, and 

M. Humayun, “Robust cluster-based routing 

protocol for IoT-assisted smart devices in WSN,”  

Computers, Materials & Continua, vol. 67,   no. 3, 

pp. 3505–3521, 2021. 

[15] M. Lim, A. Abdullah, and N. Z. Jhanjhi, 

“Performance optimization of criminal network 

hidden link prediction model with deep 

reinforcement learning,” Journal of King Saud 

University-Computer and Information Sciences, 

vol. 33, no. 10, pp. 1202–1210, 2021. 

[16] Bahuguna, A., Ashraf, A., Kavita, Verma, S., 

Negi, P. (2023). Brain Tumor Classification from 

MRI Scans. In: Hassanien, A.E., Castillo, O., Anand, 

S., Jaiswal, A. (eds) International Conference on 

Innovative Computing and Communications. ICICC 

2023. Lecture Notes in Networks and Systems, vol 

537. Springer, Singapore. 

https://doi.org/10.1007/978-981-99-3010-4_57 

[17] Gupta, H., Kaur, A., Kavita, Verma, S., 

Rawat, P. (2023). Recognition of Handwritten 

Digits Using Convolutional Neural Network in 

Python and Comparison of Performance for 

Various Hidden Layers. In: Hassanien, A.E., 

Castillo, O., Anand, S., Jaiswal, A. (eds) 

International Conference on Innovative 

Computing and Communications. ICICC 2023. 

Lecture Notes in Networks and Systems, vol 537. 

Springer, Singapore. 

https://doi.org/10.1007/978-981-99-3010-4_58 

[18] Dhetarwal, M., Ashraf, A., Verma, S., 

Kavita, Rawat, B. (2023). Employee Turnover 

Prediction Using Machine Learning. In: Hassanien, 

A.E., Castillo, O., Anand, S., Jaiswal, A. (eds) 

International Conference on Innovative 

Computing and Communications. ICICC 2023. 

Lecture Notes in Networks and Systems, vol 537. 

Springer, Singapore. 

https://doi.org/10.1007/978-981-99-3010-4_55 

[19] Thind, R., Divya, K., Verma, S., Kavita, 

Kaur, N., Uniyal, V. (2023). Voice Email for the 

Visually Disabled. In: Hassanien, A.E., Castillo, O., 

Anand, S., Jaiswal, A. (eds) International 

Conference on Innovative Computing and 

Communications. ICICC 2023. Lecture Notes in 

Networks and Systems, vol 537. Springer, 

Singapore. https://doi.org/10.1007/978-981-99-

3010-4_60 

[20] Sennan, S., Somula, R., Luhach, A. K., 

Deverajan, G. G., Alnumay, W., Jhanjhi, N. Z., ... & 

Sharma, P. (2021). Energy efficient optimal parent 

selection based routing protocol for Internet of 

Things using firefly optimization algorithm. 

Transactions on Emerging Telecommunications 

Technologies, 32(8), e4171. 

[21] Aldughayfiq, B., Ashfaq, F., Jhanjhi, N. Z., & 

Humayun, M. (2023, June). Capturing Semantic 

Relationships in Electronic Health Records Using 

Knowledge Graphs: An Implementation Using 

MIMIC III Dataset and GraphDB. In Healthcare 

(Vol. 11, No. 12, p. 1762). MDPI. 

[22] Liu, X., Zhang, Y., Hou, C., & Lu, X. (2019). 

Deep Learning for Image Super-Resolution: A 

Survey. IEEE Transactions on Pattern Analysis and 

Machine Intelligence, 41(8), 1720-1737. 

[23] Lu, X., & Rekleitis, I. (2017). Stereo-based 

accurate autonomous landing of a small quadrotor 



    

 

1137 

 

Vol 44 No. 9 

September 2023 
Journal of Harbin Engineering University 

ISSN: 1006-7043 

on a high-speed ground vehicle. In 2017 IEEE 

International Conference on Robotics and 

Automation (ICRA) (pp. 4443-4450). 

[24] Chen, Y., Wu, J., Zhang, J., Lin, Y., & Liu, Y. 

(2019). Tracking human pose using a multiple-

camera system. Journal of Electronic Imaging, 

28(1), 013024. 

[25] Zhang, H., Chen, C., & Zhang, S. (2017). An 

intelligent video surveillance system for detection 

of anomalous events based on deep learning. IEEE 

Transactions on Industrial Informatics, 13(6), 

2940-2948. 

[26] Cai, D., & Han, J. (2019). A review of object 

detection based on convolutional neural networks. 

Journal of Electronic Imaging, 28(2), 020801. 

[27] Zhang, Z., Chen, C., Hu, J., & Zhang, S. 

(2018). Real-time surveillance video analysis 

system based on deep learning. Journal of 

Electronic Imaging, 27(1), 013007. 

[28] Li, Y., Xiong, K., & Zhang, S. (2019). Video-

based detection of abandoned luggage in public 

places using deep learning. IEEE Transactions on 

Industrial Informatics, 15(8), 4371-4381. 

[29] Ehab Rushdy , Walid Khedr , Nihal Salah, 

Managing a Secure Refresh Token Implementation 

with JSON Web Token in REST API, International 

Journal of Wireless and Ad Hoc Communication, 

Vol. 2 , No. 1 , (2021) : 01-20 (Doi   :  

https://doi.org/10.54216/IJWAC.020101) 

[30] Xiaohui Yuan , Reem Atassi, Geological 

Landslide Disaster Monitoring Based on Wireless 

Network Technology, International Journal of 

Wireless and Ad Hoc Communication, Vol. 2 , No. 1 

, (2021) : 21-32 (Doi   :  

https://doi.org/10.54216/IJWAC.020102) 

[31] Mohd Zainal Abidin Ab Kadir , Mhmed 

Algrnaodi , Ahmed N. Al-Masri, Optimal Algorithm 

for Shared Network Communication Bandwidth in 

IoT Applications, International Journal of Wireless 

and Ad Hoc Communication, Vol. 2 , No. 1 , (2021) 

: 33-48 (Doi   :  

https://doi.org/10.54216/IJWAC.020103) 

[32] Muhammad Edmerdash, Waleed khedr, 

Ehab Rushdy, An Overview of Cloud-Based Secure 

Services for Enterprise Drug–Drug Interaction 

Systems, International Journal of Wireless and Ad 

Hoc Communication, Vol. 2 , No. 2 , (2021) : 49-58 

(Doi   :  https://doi.org/10.54216/IJWAC.020201) 

[33] Noushini Nikeetha P. , Pavithra D. , 

Sivakarthiga K. , Karthika S. , Yashitha R. , 

Kirubasri G.V., A Survey on IoT based Wearable 

Sensor for Covid-19 Pandemic, International 

Journal of Wireless and Ad Hoc Communication, 

Vol. 2 , No. 2 , (2021) : 77-87 (Doi   :  

https://doi.org/10.54216/IJWAC.020203). 

[34] Kok, S. H., Abdullah, A., & Jhanjhi, N. Z. 

(2022). Early detection of crypto-ransomware 

using pre-encryption detection algorithm. Journal 

of King Saud University-Computer and 

Information Sciences, 34(5), 1984-1999. 

[35]  Hamid, B., Jhanjhi, N. Z., Humayun, M., 

Khan, A., & Alsayat, A. (2019, December). Cyber 

security issues and challenges for smart cities: A 

survey. In 2019 13th International Conference on 

Mathematics, Actuarial Science, Computer Science 

and Statistics (MACS) (pp. 1-7). IEEE. 

 

 

 

  

 


