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ABSTRACT

Edge computing has the power of doing computation and storage neared to the point of data
production. To lowering the latency and improv the real-time processing capabilities, edge
computing is used. A cloud-based system refers to technology that allows computing
resources to be delivered through the internet. It eliminates the need that regional
infrastructure by providing on-demand availability of storage, computing power, and
applications. The detection of objects is an automated vision approach for detecting and
localizing items in pictures or movies. It entails identifying and categorizing many objects,
as well as supplying box boundaries and labels. The main issue for the object detection is
the processing speed and the storage needed for training. It cannot be achieved by
centralized cloud server alone to enhance the performance of the system the edge server is
integrated with cloud server. So, the concurrent and task off-loading algorithm is used for
this purpose and the object is detected using semantic segmentation algorithm. The
concurrent and task offloading algorithm makes every client request as a separate process
and all process run simultaneously. The semantic segmentation algorithm is used in both
the server for object detection which follows the process of Input Processing, Network
Forward Pass, Object Detection, Non- Maximum Suppression and finally the object is
interpreted. It is concluded from the analysis the response time of the concurrent edge server
is directly proportional to the concurrent cloud. The precision and recall value of edge
server is 0.5% better than the cloud server. shows whereas the accuracy of the object
detected in cloud computing is 4% higher than that of the edge computing detection.

Keywords: Sematic Segmentation, Concurrent task offloading, maximum suppression,
Edge computing, Object detection
1.1 Introduction

Detection the objects in real time is the process of recognizing and finding the
location of all known objects in a scenario. For robotic control systems, recovering the
stance of objects in 3D space, particularly in 3D space, is crucial. Searching and recognition
are exceedingly difficult in a real-time context. So far, no feasible solution to this problem
has been found. Despite much study in this sector, existing systems are inefficient, require
extensive training, and are not scalable to a large number of classes. Object detection is
simple when the system is looking for anything specific to detect. Having recognized
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everything, However, distinguishing one thing from another, even if they are of the same
type, is required. If robots are unaware of the numerous possibilities of items, such a task is
incredibly difficult for them to solve. Real-time object detection and recognition require the
proper method for the right area, hence it is crucial to select the appropriate algorithm.
Machines learning and deep learning methods and techniques are used to discover and
recognize the real time objects. The performance of the device is impacted by the storage
space and processing time requirements since a significant quantity of data and time are
utilized to train for object detection on the edge side. Object detection algorithms are often
deployed on cloud servers or edge devices like cameras, sensors, or drones in the current
system for real-time object identification using cloud and edge computing. Cloud and edge
computing are attractive options since these algorithms are often trained on huge datasets
and need considerable computational resources. While edge devices process data in real-
time to identify objects, the cloud system employs public cloud services to manage the
computational demand and store data. The precision and effectiveness of object detection,
however, may be impacted by issues with the current system, including excessive latency,
bandwidth restrictions, and security worries.
1.2 Problem Statement

Detecting of objects in real time is used in many fields like face detection, video
object co-segmentation, etc. The main disadvantage of this method is to reduce the latency
between the edge device and actual device. Therefore, optimized algorithms along with
cloud and edge computing is used to increase the efficiency. Creating a scalable, effective
system for properly identifying things in real-time is the problem statement for detecting
objects in real time to utilize cloud and edge computing. In order to minimize latency, cut
expenses, and guarantee dependable performance, this system should make use of both
cloud and edge computing resources. To secure sensitive data, the system should prioritize
security and privacy while being flexible enough to work in a variety of locations and input
sources. The system should also offer an intuitive user interface and a satisfying user
experience. So, the object detection takes place in the edge nodes to process quickly and if
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the edge server nodes are busy or its accuracy is low it is then sent to the cloud server for
detection.

Figure 1 Module Block Diagram
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Figure 1 shows the different modules used in the object detection process. The detection of
objects has been done with the User Interface module, Edge server module, cloud server module,
object detection module. User Interface Module: The image or video captured from the edge
device is sent to the server with the help of the user interface module. GUI is used for users to
interact with a computer system or software application. It helps for user interaction and enhances
the user experience. Edge server module: The edge server module establishes the connection to
the edge device and each connection is a separate process (Each connection is a separate thread
process). The server checks the parameters like CPU percent, memory percent, power and latency
and decides if the process is done on an edge or cloud server. The data received from the device
sends it to the detection module and sends the output back to the real time device. The object
detection module uses the pre-trained data for detecting the objects. The detected object is filtered
using non-maximum suppression and the corresponding boundary boxes are drawn and the
resulting image is sent to the server. The cloud server functions the same as edge server. It
receives data from the edge server and does the process if the parameters in edge do not match
and the trained model in the edge does not provide accurate value to the object probability.

1.3 Objective of the Project
The primary objective is to show how Optimisation algorithms are used in cloud and edge
environments.
e  Todevelop an algorithm to identify the real-time objects that makes use of edge and cloud
computing innovations in order to precisely identify and categorize objects in high-resolution
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video streams.

. To develop an algorithm to predict the objects or faces accurately and classify objects in
real environment using a combination of cloud and edge computing.

e  The system is developed with the help of the semantic segmentation algorithm which is
used to find the object in the given image along with boundary boxes and its accuracy of the
detected object.

e  The goal is used to develop a useful and effective system that is used for object
identification such as intruder, fire, vehicle etc., The semantic segmentation algorithm is used
to achieve the least amount of latency and greatest degree of accuracy.

The edge device receives the data (images, videos) from the edge node and processes it. It is sent to
the edge node by the edge device for object detection. The edge nodes module creates a unique
connection for the client, checks the parameters (such as CPU, RAM, power, class probability,
and latency), and then, based on the results, initiates the detection process in the cloud or edge
server. The edge server will transmit the data to the object detection module if the parameters
match. After receiving the picture, it analyses it to find the object using the specially trained
model, filters the predicted image using non-maximum suppression, draws the boundary boxes,
and sends the predicted image to the server. If more processing is needed, the edge server will
deliver the picture to the device. The data is then sent to the cloud server if the item spotted has
a lower probability or if the parameters are lower than the necessary.

2. Literature Review

Omkar Masurekar,[1], has suggested a system that operates in real-time, achieves great
accuracy, and employs YOLO. The method "only looks once" at the picture, i.e., it only has to
transit once through the network for forward propagation before it can start making predictions.
It provides the name of the recognized item and the bounding boxes surrounding it after non-
max suppression. It makes use of the YOLOV3 algorithm, which allows for nearly real-time
performance by processing the full image in a single run through the neural network. P.
Devaki,[4], in order to offer a better solution, the author employs the system for RTOD utilizing
Deep Learning and OpenCV with SSD and MobileNet combo. The project's main focus is
probably on using deep learning methods with the OpenCV library to provide an effective and
precise system for real- time object detection. The real publication contains information about
the project's approach, algorithms employed, and performance assessment. Joshua Herrera,[2],
has suggested that this paper's distributed pipeline be built using the region-proposal algorithm.
The project likely explores the integration of edge computing and cloud resources to achieve
efficient and fast object detection. The specifics of the project's methodology, system
architecture, and performance evaluation can be found in the actual publication. Ronghua
Xu,[3], based on correlation filters with kernelization (KCF), an efficient multi object tracking
method based on histograms gradients is employed for an efficient real-time surveillance
solution. The research presumably investigates how to monitor human objects in surveillance
settings using edge computing and computer vision techniques. The system's real-time
functionality enables precise and effective tracking of human objects. Zhihe Zhaol[5] uses the
system well for real-time object tracking using image- based edge computing. A deep learning
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object-tracking method that can be dynamically divided between an IoT device and an edge
server using an ECRT. distinct from the current dumping strategy. The project's primary goal is
probably to make use of edge computing capabilities to enable effective and quick item tracking
right at the network's edge. The system is made to process photos in real-time, making it possible
to monitor objects accurately and promptly. Siyuan Liang [6] the suggested system is a real-time
object detection system for autonomous cars that works in conjunction with the edge and cloud
to increase efficiency and accuracy. On the edge device, a YOLOvV3 model is used for real-time
object detection, while on the cloud server, a more potent CNN model is used for precise object
recognition and categorization. Additionally, a dynamic object detecting system is used to
modify the sensitivity according to the direction and speed of the moving vehicle. Due to the
system's great precision and real-time performance, autonomous cars can use it. Seung Wook
Kim [7] proposed system is a real-time object detection framework for autonomous driving that
utilizes edge and network resources to improve accuracy and reduce latency. According to
experimental findings, the suggested system provides excellent accuracy and real-time
performance, making it appropriate for use in applications involving autonomous vehicles. Jung-
Yao Chen [8], Cameras are used by the system's edge devices to do the initial object detection,
which is then transmitted to the other end devices for additional processing. The study is to use
edge and cloud computing technologies to increase the precision and effectiveness of video
surveillance systems. Luyang Liu [9] system performs object detection with minimal latency
and high accuracy by combining the processing power of the mobile device with edge computing
resources. In order to increase the performance of the AR application, the article examines the
usage of deep learning models and edge computing technologies to offload part of the work from
the mobile device to edge servers. In order to get beyond the restrictions of mobile devices, the
article uses edge computing technologies to enhance the user experience of mobile augmented
reality apps. Junyan Dai [10] recognizes objects quickly and accurately, the system uses a
lightweight deep neural network using the TensorFlow Lite framework. The difficulties of
conducting object recognition on edge devices with constrained processing speed and memory
are covered in the study, along with potential solutions including quantization and pruning
approaches. The suggested system is tested via tests on several edge devices, showcasing its
capacity for highly accurate real-time object detection. The goal of the study is to offer a
workable solution for actual applications that need fast and precise object recognition on edge
devices.

Research Analysis

The existing system uses YOLO3 for object detection. Latency and accuracy of the
detected object with light weight deep neural network with YOLO gives minimal result. The
deep learning techniques with edge devices are used to process the object and speed in
identifying and detecting the video accurately. Detecting real time objects using edge cloud
computing increases accuracy and reduces delay.
3. System Design

Real-time object detection has grown in importance across a number of industries,
including robots, autonomous vehicles, and surveillance. Building scalable and effective

1082



MACHINE INTELLIGENCE RESEARCH ISSN:2731-538X | E-ISSN:2731-5398
Vol. 18 No. 01 (2024)

systems that can-do real-time object identification and has become possible with the recent
technology devices like [oT, cloud, block chain and edge. To achieve high speed and scalability,
system design for real-time object detection utilizing cloud and edge computing necessitates
developing a distributed architecture that integrates the capabilities of both technologies. The
system should be able to transmit video feeds from numerous cameras in real-time, collect video
frames, conduct object recognition on the captured objects, and deliver warnings or reactions in
real-time. The design should contain edge devices that can analyze and filter video streams
locally, minimizing the amount of information that must be sent to the cloud. The cloud
component must be able to conduct more intricate analyses and offer centralized system
administration and monitoring. Additionally, the system needs components for data security,
fault tolerance, and load balancing. In order to achieve high performance and accuracy, the
design should optimize the system for aspects including latency, bandwidth, power
consumption, and cost. In order to obtain the best performance and scalability, the system
architecture for real- time object detection combining cloud and edge computing should attempt
to strike a balance between local processing and cloud-based processing.

3.1 System Flow

Capturing data gathered from sources such as cameras or IoT devices is required for real-time
object detection using cloud and edge computing. Edge devices use object detection algorithms
to process data locally, make local judgements, and send pertinent data to the cloud to feed
further analysis, sophisticated analytics, and storage. The cloud architecture scales processing,
generates insights, and enables feedback chains for real-time decision- making by leveraging
distributed computing techniques, sophisticated hardware, and databases. The data (image,
video) from the user device is transferred to the edge nodes or device for further processing. The
edge nodes or devices sends it to the edge server for object detection. The edge server module
establishes a separate connection for the client and the parameters like CPU, memory, power,
class probability and latency are checked and depending on the result the detection process and
is shown in figure 2.
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Figure 2 System Flow Diagram

takes place in the clouds or edge server. If the parameters match the edge server send the data to
the object detection module. It receives the image and detects the object using the custom
trained model and the predicted image is filtered using non-maximum suppression and the
boundary boxes are drawn and the predicted image is sent to the server. The edge server then
sends the image to the device for further processing if required. If the object detected contains
less probability or the parameters are less compared to the required value the data is then sent to
the cloud server. The processing happens instead of edge device, it will be done in the cloud
server. But the custom trained model is several times more accurate than the edge server-side
model used for object detection.

3.2 Access Control Model
The creation of a model that is specially tailored for a given situation comprises numerous
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processes in custom model training, a fundamental component of machine learning and is shown
in figure 3. The first stage is to gather different and pertinent data. It is then necessary to
preprocess the gathered data by cleaning, normalizing, and separating it into three categories
(training sets, validation sets, and test sets. The following stage is selecting a suitable machine
learning algorithm for designing a special algorithm to solve the issue. The object detection model
is then trained with the training sets to predict, and the validation set is used to assess the model's
performance. The model is improved and tweaked based on the evaluation's findings to increase
accuracy. The image used in the model is processed using the following formula

Image x = ((min(x)+max(x))/2) *width ...eq (1)

Image y=((min(y)+max(y))/2) *height ...eq (2)
Image x and Image y tells us the center of the object in the given image for detection. The
boundary box for the objects is drawn using the following formula

w=(max(x) — min(x))/ width ...eq (3)
h=(max(y)-min(y))/height ...eq (4)
DATA COLLECTION
ANCHOR, BOXES
SETTING
ANNOTATIONS
CONFIGURATION FILE
WITH YOLO ARCHITECTURE
LAYER
ANNOTATION DATASET TRAINING MODEL TRAINED WEIGHT FILE
PRETRAINED
CONVOLUTIONAL
WEIGHTS

Figure 3 Access Control Model

The bounding box size is taken as weight(W) and height(h). The data required for training has to
be collected and the images has to be annotated for each object and the annotated dataset is used
for training process the data set along with the yolo architecture and the configuration file for
yolo pre-trained convolutional weights is used for training the data and the trained weight is stores
in onnx format.

System Implementation
Yolo's underlying approach is to treat the identification of objects as a single extrapolation
issue, with one neural network capable of predicting the bounding edge boxes and probabilities
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of the object classes directly from entire images in a single assessment. YOLO employs a single
artificial brain by partitioning a source frame into a grid composed of cells and implementing
filters based on convolution to each cell. A predetermined number of box boundaries and their
associated class probabilities, confidence scores, and coordinates with respect to the cell are
predicted by each cell. The class probabilities represent the category of the item (e.g., human,
automobile, dog), whereas the confidence score is the likelihood that a bounding box includes
an object. With just one neural network forward pass, YOLO can detect objects in real time by
applying this regression problem to the full image.

4.1 Proposed Methodology
The object detection model must be a bespoke model created for customer needs using
the GUI interface, the edge side (such as a camera, sensor, or client) gathers data from the source
(pictures or videos). The data is processed on the edge, for example, by removing noise or going
through additional steps. For the object detection procedure, data from the edge is then sent to a
cloud platform like Google Platform. The unique model is trained beforehand for detection.

4.2 Concurrent and Task Offloading Algorithm
The concurrent and task offloading algorithm is a parallel programming algorithm used in the
edge server to enhance the process of object detection. Concurrent computing is a method of
programming that focuses on creating and deploying programs that can perform many activities
at the same time. It entails simultaneously controlling the execution of numerous threads,
processes, or tasks in order to optimize efficiency and responsiveness.

The process of shifting certain aspects of the calculation or processing work from an edge
gadget to a more capable assets, such as the cloud, is referred to as task offloading. Certain
computationally difficult operations in edge algorithms can be unloaded to the cloud for
performance while the edge device handles other less resource-heavy tasks. The concurrent and
task offloading algorithm is used in the edge server to offload the task to the cloud server and the
thread which is in concurrent programming is used to perform multiple tasks at the same time.

Algorithm 1 Algorithm for Single Thread in Edge Server

1: Input: connection request and file from edge device for object detection to
edge server

2: Output: Perform object detection in edge server or cloud server based on
the need in file.

3: conn, addr = server_socket.accept()

4: client_thread = threading.Thread(target = parameters, args = (conn,))

5: client_thread.start()

6: latency = end_time — start_time

7: power = psutil.sensors_battery()

8

9

0

: cpu_percent = (psutil.cpu_percent()/100.0) * 100

: mem_percent = (psutil.virtual _memory().percent/100.0) x 100

. if latency<5.0 and power.percent>30 and cpu-percent<60 and
mem percent<75 then

11: choice = conn.recv(1024)

12: yolo =YOLO_Pred(’./Model2/weights/best.onnz’, data.yaml’)
13: withopen(new,ame,” wb”)asf :

14: f = open(name,’ wb')

15: data = conn.recv(1024)

16: fwrite(data)

17: img = cv2.imread(name)

18: imgpred = yolo.predictions(img)

19: cv2.imwrite('result'+newpame, img, [cv2. IMW RITE_JPEG_QU ALITY, 100])
20: conn.sendall (imgyred)

21: else

22: cloud(conn)

23: end if
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Concurrent Programming
The edge server connects to the edge device. Here, each connection in the edge is
a single process (thread). At first the client is connected using the socket module. The thread
which is used for concurrent programming is created using the threading process in the
module and the new thread is created for each new client connected to the edge server. It
allows us to run multiple client requests at the same time.
Task offloading
It is a process in which the edge server sends the data to the cloud due to its computational
power. It processes data which needs less computational power. The parameters needed to
be measured are latency, memory, CPU percent and power and based on the value the
process is carried in edge or cloud server.
latency = end_time — start_time ...€q (5)
power = psutil.sensors_battery()
cpu_percent = (psutil.cpu_percent()/100.0) * 100
mem_percent = (psutil.virtual_.memory().percent/100.0) * 100

The edge server calculates the parameters by the above formula. It gives the latency taken for
the edge server and the CPU and memory percent it is left with after all the process allocation.
The task offloading is done based on the threshold of each of the parameters. For example, the

CPU  §f latency<5.0 and power.percent>30 and cpu_percent<60 andPercent should be

less  mem percent<75 then than 60  and
ChOiC{f = conn.recu(lﬂ?il) . memory percent

should Yolo= YOLO_Pred('./[Model2/weights/best.onnz’, data.yaml’) be less than 75.
...eq (6)

If the above-mentioned threshold is satisfied the process takes place in the edge server but if the
value exceeds the process is then sent to the cloud for detection and If the class confidence value
is less than the model trained in the edge server is less accurate compared to the model stored in
the cloud server. So, the file is sent to the cloud server for further processing.

4.3 Semantic Segmentation

Semantic division is a computer sensing technique that adds semantic information to each
component in an image, categorizing it and classifying it into distinct item categories as well as
regions of interest. By segmenting the photo into relevant and separate sections, it seeks to grasp
the scene at the pixel level. Semantic segmentation, as opposed to object detection, focuses on
comprehensive pixel-level evaluation rather than detecting particular things or their borders.
Recognition of objects is an artificial
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Algorithm 1 Algorithm
1: Input: Image from server for object detection

2: Output: Image with detected object along with its name and accurancy
covered by boundary box

. row, col,d = image.shape

: maz_rc = maz(row, col)

. input;mage = np.zeros((mazx_rc, mazx_re,3), dtype = np.uint8)

. itmput_image[0 : row,0 : col] = image

. blob = cv2.dnn.blobFromImage(input;mage, 1/255, (640, 640), swapRB =
True,crop = False)

. yolo.setInput(blob)

9: preds = sel f.yolo. forward()

10: detections = preds|0]

11: image_w, image_h = input_image.shape|: 2|

12: 740

13: while i < len(detections) do

14: if confidence>0,4 then

N o OgAs W

®©

15: class_score = row(5 :|.maz()

16: cass_id = row[5 :].argmaz()

17: if class_score > 0.25 then

18: cz, ey, w,h = row[0 : 4]

19: box = np.array([left, top, width, height])
20: con fidences.append(con fidence)

21 end if

22: end if

23: end while

24: indez = cv2.dnn.N M S Bozes(boxes_np, con fidences_np,0.25,0.45))

25: ind < indez[0)

26: while ind! = indez(len(index)] do

27: z,y, w, h = bores_nplind)]

28: cv2.rectangle(image, (z,y), (x + w,y + h), colors, 2)

29: cv2.putText(image, text, (z,y—10), cv2. FONT_HERSHEY _PLAIN,0.7,(0,0,0),1)
30: end while

31: return image

vision task that identifies and locates things in pictures or movies. Its goal is to identify specific
items of interest and offer knowledge about their presence of mind, position, and, in some cases,
borders or outlines. Yolo's underlying approach is to treat the identification of objects as a single
extrapolation issue, with one neural network capable of predicting bounding boxes and
probabilities of classes directly from entire images in a single assessment. The Semantic
segmentation algorithm is used for the image detection and categorizing the image into distinct
items and the boundary boxes are also drawn. The algorithm can be classified into following
phases:

Input Processing: The technique begins by preparing an input image for detection.
It reduces the image and normalizes the pixel values to a predetermined input size suited for
the YOLO model. The image is converted to square image(array). The image is then
predicted from the square image.

Network Forward Pass: The preprocessed image is fed into a convolutional neural
networks (CNN) construction, such as Darknet, which serves as YOLO's backbone. To
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extract characteristics from a picture, the network employs a sequence of layers called
convolutional and pooling.

Object Detection: The input image is divided into cells by YOLO, which estimates
bounding boxes and probabilities of classes for items within each cell. The procedure
predicts the class name, confidence score (showing its likelihood of holding an object), and
coordinates of the rectangle relative to the cell for each bounding box.

Non-Maximum Suppression (NMS): Non-maximum suppression is used to
eliminate redundant or overlapping detections. This post-processing step chooses the most
secure bounding boxes depending on their trustworthiness scores and removes duplicate
boxes with a lot of overlap.

Output Interpretation: The YOLO detection algorithm's ultimate output is the leftover

bounding boxes following NMS, along with their respective classification labels and confidence
scores. These identifications provide information on the objects in the input image that have been
detected. The detected image is filtered based on the confidence value (0.4) and probability class
value (0.4) and the overlap of bounding boxes is measured using the intersection over union
formula Its value is a measure of how well the predicted bounding box overlaps with the ground
truth bounding box. It is often used as a metric for evaluating the accuracy of object detection
algorithms. The boundary box is drawn after the filtering process for all the objects in the image
using the left, right, width and height value. The image is then sent to the edge server for
transmitting it back to the edge device which sends the image.
The edge server receives the image from the user interface and the image is converted into square
array and the image is passed to CNN for detection. The result is than divided into cells for
estimating the boundary boxes and probabilities of classes for items within each cell. The detected
image is filtered based on the confidence value (0.4) and probability class value (0.4) and the
overlap of bounding boxes. The YOLO detection algorithm's ultimate output is the leftover
bounding boxes along with their respective classification labels and confidence scores. The
intruder detected from the mobile device’s camera and the process takes place in the edge server.
The system shows the unauthorized persona as intruder while the authorized people has no
problem. The user interface sends the image to the edge server, which converts it into a square
array before sending it to CNN for detection. The result is then split into cells for estimating the
boundary boxes and class probabilities for the items inside each cell. The detection technique
yields the remaining bounding boxes, their respective categorization labels, and confidence
ratings.

. Result and Analysis

Real-time object detection employing cloud and edge computing often involves
assessing the built system's precision, efficacy, scalability, and cost-effectiveness. Various
performance indicators, including precision, recall, F1 score, latency, bandwidth use, resource
utilization, and cost, would be measured in order to achieve this. To measure the system's
efficacy, its performance would be compared to other similar systems or benchmarks. To make
educated judgments about the system's design and execution, the data would be analyzed to find
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opportunities for enhancement and Optimisation. The system's flexibility to various inputs and
contexts, its security and privacy protections, and its user interface and user experience would
all be considered throughout the examination.
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Figure 4 - Onnx model

Figure 4 shows the onnx model trained for the object detection The Trained model for the custom
object detection is converted to the readable format using python benchmark file and the
converted format is used for object detection. The GUI used for sending the file to the edge
server. The edge device sends the video it needs for processing to the edge server where the
object detection takes place. The GUI interface is created using the tkinter form python. The edge
server receives the image from the user interface and the image is converted into square array
and the image is passed to CNN for detection. The result is then divided into cells for estimating
the boundary boxes and probabilities of classes for items within each cell. The detected image is
filtered based on the confidence value (0.4) and probability class value (0.4) and the overlap of
bounding boxes. The YOLO detection algorithm's ultimate output is the leftover bounding boxes
along with their respective classification labels and confidence scores. When the intruder detected
from the mobile device’s camera and the process takes place in the edge server. The system
shows the unauthorized persona as an intruder while the authorized people have no problem. The
user interface sends the image to the edge server, which converts it into a square array before
sending it to CNN for detection. The result is then split into cells for estimating the boundary
boxes and class probabilities for the items inside each cell. The detection technique yields the
remaining bounding boxes, their respective categorization labels, and confidence ratings.
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Figure 5 - Model Analysis

Figure 5 diagram shows the result for the custom data., which is trained for detection. Each graph
represents different values. Mean Average Precision (mAP) formula: It is used to evaluate the
performance of object detection algorithms mAP = (1 /n) * sum (APi) where n is the total number
of object categories and APi is the category's average level of accuracy.

curacy

L9

Al

&4 —@-Semantic segmentaion in clond
—#B-Semantic segmentation in edge

15 20 25 30 35 a( 45 O
Processed Frames

Figure 6 - Cloud and Edge Accuracy

Figure 6 shows the accuracy of the cloud and edge computing for object detection. The X-axis
shows the no of processed frames and the Y-axis shows the accuracy of the system. The accuracy
is calculated based on the no of objects detected with respect to the total object. The accuracy of
the cloud is higher than that of the edge because the model in the cloud is more enhanced than
the model in the edge. The edge devices are light weight devices, memory and processing
capability is less compared to the cloud devices. When the processing frame is increased, the
accuracy is also increased gradually with 2%. This shows that the accuracy of the system is based
on the model trained for detection.

Figure 7 shows the time taken to respond to the request from the client for both cloud and edge
computing. The x-axis shows the number of data sent and the y-axis shows the time taken to
process the data. This graph shows that the response time for the edge is less than the cloud server
because the edge is closer to the device and local processing takes place in the edge server while
the cloud is at a larger distance compared to edge. Based on the load, the response time increases
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for both edge and cloud. When the number of objects for identification is high, the response time
varies by 5% to 7%. If the object is detected using cloud, the response time is high, The edge
devices are nearer to the detecting device.

Response Time

F1 (precision &recall)

wpee Concurrent in edge

=®= Concurrent in cloud

4 3 - 3

Data Load

Figure 7 Cloud and Edge Response Time
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Figure 8: F1 Confidence curve
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Figure 8 shows the relation between confidence and the fl value. The x- axis shows the
confidence value and the y-axis shows the f1 value. The F1 score is a metric for evaluating the
overall effectiveness of a classification or detection system that combines precision and recall
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into a single result. It is computed as the harmonic mean of precision and recall and provides a
fair evaluation of both measures. The confidence, precision and recall for different persons are
identified, confidence value is measured with respect to precision and recall. The persons are
idenfied correctly and confidence value for the persons are 1. It indicates the persons are
identified correctly. The classes of the object are plotted in the graph and the overall value of all
classes is also plotted in the f1-Confidence Curve.
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Figure 9 - PR Curve

Figure 9 shows the relation between the precision and the recall in the cloud and edge computing.
The X-axis represents the recall, while y-axis represents the precision. As the precision increases
the recall decreases for the two devices. Both precision and recall are directly proportional to each
other. When precision increases, there is only 1% difference in the edge and cloud devices The
graph shows that compared to the edge the cloud has more precision so the recall for the cloud is
low This is because the data processed in the cloud has less chance of error. This shows the
efficiency of the cloud compared to the edge.

The yolo gives more scalability and efficiency in terms of processing real world objects. Edge
devices with cloud computing closer to the data source gives fastest and most accurate real-time
object detection. With YOLO algorithms and edge devices, it reduces almost half of the
parameters and computation time for processing real-time object detection. It achieves high
inference and detection accuracy for smaller data sets. It provides instance segmentation of the
objects to produce the result accurately and clearly delineating the object boundaries inside
frame. Within the image, it supports in identifying and recognizing the objects correctly, finding
faces of the person, and pursuing objects clearly. The leaps in edge and cloud have dramatically
improved the accuracy of the object detection. New technological innovations like YOLO with
concurrent task processing and segmentation offering superior object detection accuracy and
processing speed. In the increasing demand, the advanced computer vision and solid object
detection solutions are crucial in the current trend. The two standard models, YOLO and cloud
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edge devices shows good results.

. Conclusion and Future Work

In conclusion, real-time object identification employing cloud and edge computing
is a potent method for developing effective and scalable systems. The system can minimize
latency, enhance performance, and boost scalability by combining the advantages of cloud
and edge computing. The system design entails developing a distributed architecture with
edge devices for regional processing and cloud components for more intricate analysis and
centralized management. While still obtaining great performance and accuracy, the system
design should optimize for aspects including latency, bandwidth, power consumption, and
cost. In general, the system architecture for real-time object detection combining cloud and
edge computing proposes an approach that holds promise for building effective and scalable
real-time object detection systems. There is still plenty of potential for additional
improvements and optimizations to boost the system's performance and accuracy thanks to
the ongoing development of computer vision methods, edge computing, and cloud
computing. To develop novel models and algorithms that are tailored for edge computing.
To combine edge computing with cloud computing. This could entail creating new
communication protocols that can more effectively manage the massive volumes of data
that real-time object detection systems create. To enhance the privacy and security of these
real-time object detection systems.

Computational offloading technique can be integrated to achieve scalability. There
is a threshold limit in computational in edge device and that creates the bottleneck during
real time object detection. Leveraging and optimizing cloud resources and edge devices
infrastructure is very important in identifying and detecting the real time video. Maintaining
the security and privacy of data stored and processed using edge and cloud is notable risk.
There is chance of malicious users to use the edge devices to avail the services
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