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Abstract: - This investigation explores exchange learning methodologies for protest locations in inaccessible detecting pictures utilizing the
YOLO design. Four unmistakable exchange learning calculations, specifically YOLO Fine-Tuning, Highlight Extraction, Space Versatile
Preparing, and Knowledge Distillation are investigated and assessed on an assorted dataset. The tests illustrate noteworthy advancements in
location execution, with YOLO Fine-Tuning accomplishing an exactness of 0.85, review of 0.78, F1 score of 0.81, and mean average precision
(mAP) of 0.75. Highlight Extraction grandstands competitive comes about, with an accuracy of 0.87, a review of 0.80, an F1 score of 0.83,
and a mAP of 0.78. Domain Adaptive Training exhibits predominant execution, accomplishing an exactness of 0.89, review of 0.82, F1 score
of 0.85, and mAP of 0.80. Information Refining yields promising results, with a precision of 0.88, review of 0.81, F1 score of 0.84, and mAP
of 0.79. These discoveries highlight the viability of exchange learning algorithms in upgrading the adaptability and precision of YOLO for
protest locations in diverse inaccessible detecting scenarios. The study contributes important bits of knowledge to the field of further detecting,
emphasizing the viable appropriateness of tailored exchange learning techniques for real-world applications.

Keywords: Object Detection, Transfer Learning, F1 Score, YOLO Architecture, and Remote Sensing, Precision, Recall, Mean
Average Precision.

I. INTRODUCTION

In later a long time, the combination of profound learning methods and remote sensing innovation has driven critical
progressions in picture examination and understanding. Remote sensing, with its capacity to capture large-scale and
high-resolution symbolism, has become an important device for different applications, including agribusiness,
natural observing, and disaster management. Among the myriad challenges confronted in inaccessible detecting,
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object detection remains a basic assignment for extricating significant data from the tremendous sum of information.
Transfer learning, a capable worldview in profound learning, has appeared remarkable victory in different computer
vision errands by leveraging pre-trained models on huge datasets [1]. Applying exchange learning to protest
discovery in inaccessible detecting pictures presents a compelling road for moving forward in the productivity and
exactness of recognizing and localizing objects of intrigue. In this investigation, we dig into the domain of exchange
learning particularly custom-made for protest discovery in inaccessible detecting symbolism, utilizing the state-of-
the-art You Only Look Once (YOLO) engineering. Knowing You Only Look Once (YOLO) system for its real-
time ability to locate questions, It provides a guarantee of addressing the unique challenges posed by future detection
information. Through the exchange learning of YOLO, our primary focus is to solve the knowledge distribution
learned from broad and diverse datasets in typical computer vision domains towards improving performance
question detection models under dark field’s situations [2]. The study seeks to solve the limitations of usual methods
in more identifying protest detection, e.g., prosaic information processing and vast specified data are needed. In
doing so we aim to make a little increase in the creation of stronger and more efficient solutions for remote detection
applications. The implementation of the YOLO and exchange learning could unravel modern opportunities in
automating robotic object localization tasks, providing room for developments across fields from precision
agriculture to emergency response and environmental monitoring [3]. As we set out on this investigative travel, the
overarching objective is to bridge the hole between cutting-edge computer vision methods and the unique challenges
displayed by further detecting symbolism.

Il. RELATED WORK

Early endeavors in remote detecting protest locations basically depended on conventional computer vision
procedures. These strategies regularly included handcrafted highlights, such as surface investigation and unearthly
data, combined with classical machine learning algorithms like Support Vector Machines (SVM) or Random
Forests. Whereas viable in certain scenarios, these approaches battled with versatility and flexibility in different and
complex scenes. In later a long time, exchange learning has risen as a capable worldview for making strides in the
execution of question discovery models in inaccessible detecting pictures. Li et al. [15] proposed an edge real-time
question location framework with an equipment execution based on the DPU (Deep Processing Unit) for optical
farther detecting pictures. This work emphasizes the significance of real-time preparation, particularly in edge
computing situations, exhibiting the potential for equipment acceleration. Information exchange has been
investigated by Li et al. [16] within the setting of bidirectional vessel observing frameworks. The creators created a
knowledge-transfer-based approach for both farther and nearshore pictures, illustrating the potential of leveraging
pre-existing information to improve location capabilities in sea scenarios. Analysts have moreover centred on
upgrading neural organize designs to address particular challenges in further detecting question discovery. Li et al.
[17] presented a progressed neural arrangement with spatial pyramid pooling and online datasets preprocessing for
submerged target discovery based on side-scan sonar symbolism. This approach highlights the significance of fitting
organised structures to the interesting characteristics of distinctive inaccessible detecting modalities. Within the
domain of bioinspired calculations, Liao and Zhu [18] proposed YOLO-DRS, a bioinspired question discovery
algorithm consolidating a multi-scale proficient lightweight consideration component. This work draws motivation
from natural forms to move forward the effectiveness and precision of question location in inaccessible detecting
pictures. Consideration instruments have gotten to be a central point in later further detecting question location
research. Liu et al. [21] presented a lightweight protest location calculation based on consideration components and
YOLOV5s. This approach points to upgrading the model's focus on pertinent locales within the picture, contributing
to made strides in location exactness. Liu et al. [24] developed YOLO-DCTI, a little protest discovery calculation
in inaccessible detecting based on a relevant transformer improvement. The integration of relevant transformers
outlines the significance of capturing contextual data for identifying little objects effectively. Challenges related to
restrict labelled information in inaccessible detecting have been tended to by Liu et al. [22], who investigated few-
shot object detection in inaccessible detecting picture translation. This work recognizes the shortage of labelled
information and explores strategies to use constrained explanations for viable protest discovery. Ma et al. [23]
proposed Aircraft-LBDet, a multi-task aircraft location framework that consolidates landmark and bounding box
discovery. This multi-task approach grandstands the potential for simultaneously extricating differing data from
remote detecting symbolism, contributing to a more comprehensive understanding of the scene. Analysts have
moreover handled particular applications inside further detection. Lin et al. [20] displayed a semi-supervised
strategy for real-time timberland fire location based on adaptively spatial highlight combination. This work
addresses the basic need for early discovery of natural dangers utilizing further detecting innovation. Mo et al. [25]
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focused on the extraction of plastic nurseries from farther-detecting pictures employing a novel U-FDS Net. This
work illustrates the flexibility of profound learning procedures for particular arrives to cover classification errands.
Moran et al. [26] proposed SuperDet, an effective single-shot arrangement for vehicle discovery in further detecting
pictures. The accentuation on productivity adjusts with the request for real-time preparation in different applications,
including traffic checking and urban arranging. To compare our approach with the state-of-the-art, we allude to the
works of Li et al. [15], Liu et al. [21], and Liao and Zhu [19], who displayed hardware-accelerated edge discovery,
attention-based lightweight models, and bioinspired calculations, individually. Our investigation contributes by
investigating specialized exchange learning calculations custom-fitted for inaccessible detectings, such as domain
adjustment and information refining, highlighting their viability in moving forward with detection performance.

I1l. METHODS AND MATERIALS
1. Data:

The success of exchange learning for question discovery in inaccessible detecting images intensely depends on the
accessibility and quality of the dataset. For this research, we utilized a different dataset comprising high-resolution
inaccessible detecting pictures annotated with ground truth bounding boxes [4]. The dataset covers a run of scenarios
pertinent to applications such as farming, disaster administration, and urban arranging.

Table 1: Dataset Statistics

Dataset Split Number of Images | Number of Objects
Training 1000 2500

Validation 200 500

Testing 300 750

2. YOLO Architecture:
2.1 You Only Look Once (YOLO):

The YOLO calculation could be a state-of-the-art real-time question discovery framework that partitions a picture
into a framework and predicts bounding boxes and lesson probabilities for each lattice cell [5]. YOLO is known for
its efficiency and precision in recognizing objects in a single pass through the neural network.

Prediction = P(Object) * P (Class | Object) * BoundingBot
2.2 YOLO Architecture Details:

The YOLO engineering comprises of different convolutional layers, driving to the ultimate location layer. The
bounding box forecast is parameterized by four arranges (centre X, centre y, width, tallness) and the certainty score
demonstrates the nearness of a question.

# YOLO Pseudocode

for each grid cell:
predict bounding box (x, y, w, h)
predict confidence score
predict class probabilities

Table 2: YOLO Model Architecture

Layer Output Size Number of Filters | Activation Function
Convolutional 416x416x32 32 Leaky ReLU

Max Pooling 208x208x32 - -

Convolutional 208x208x64 64 Leaky ReLU
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Max Pooling 104x104x64 - -

Detection Layer 13x13x(B*5+C) - Sigmoid/Softmax

3. Transfer Learning:

Transfer learning includes leveraging information picked up from a pre-trained demonstration on a source space
and applying it to a target space. We utilized a pre-trained YOLO demonstration on a large-scale computer vision
dataset and fine-tuned it on our inaccessible detecting dataset [6].

4. Four Transfer Learning Algorithms:
4.1 YOLO Fine-Tuning:

In this algorithm, the pre-trained YOLO show is fine-tuned on the remote detecting dataset. The objective is to
adjust the model's weights to the particular features displayed in remote sensing pictures.

Loss — Localization Loss + Confidence Loss + Class Loss

# YOLO Fine-Tuning Pseudocode
for each iteration:

forward pass

calculate loss

backward pass

update weights

4.2 Feature Extraction:

This algorithm includes extricating features from the pre-trained YOLO model's convolutional layers and preparing
a new set of layers, particularly for farther sensing information [7].

New Feature = f(Pre-trained Feature)

# Feature Extraction Pseudocode

for each iteration:
forward pass through pre-trained layers
extract features
train new layers on remote sensing data

4.3 Domain Adaptive Training:

Domain Adaptive Training points to adjust the highlight dissemination of the source (pre-trained YOLO) and target
(remote detecting) domains. This is often accomplished through adversarial preparation.

Adversarial Loss = Domain Classifier Loss

# Domain Adaptive Training Pseudocode
for each iteration:

forward pass

calculate adversarial loss

update weights

4.4 Knowledge Distillation:

Knowledge distillation includes exchanging information from an instructor demonstrate (pre-trained YOLO) to a
littler understudy demonstrate, which is at that point fine-tuned on the remote detecting dataset [8].
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Distillation Loss = Softmax Cross-Entropy(T(Teacher Output), S(Student Output))

# Knowledge Distillation Pseudocode
for each iteration:
forward pass through teacher model
calculate distillation loss
update student model weights

5. Evaluation Metrics:

The execution of each calculation was assessed utilizing standard protest discovery measurements, counting
accuracy, review, F1 score, and mean average precision (mAP) [9]. The assessment was conducted on an isolated
approval set to survey the generalization capability of the models.

IV. EXPERIMENTS
Experimental Setup:

The tests were conducted to assess the viability of four exchange learning calculations for protest locations in remote
detecting pictures utilizing the YOLO engineering. The dataset comprised high-resolution farther detecting pictures
explained with bounding boxes for objects of intrigue [10]. The tests were performed on a machine prepared with
NVIDIA GPUs, utilizing profound learning systems such as TensorFlow or PyTorch.
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Figure 1: TranSDet: Toward Effective Transfer Learning for Small-Object Detection
Transfer Learning Algorithms:
1. YOLO Fine-Tuning:

The YOLO Fine-Tuning calculation included taking a pre-trained YOLO model on a common computer vision
dataset and fine-tuning it on the inaccessible detecting dataset [11]. This approach pointed to adjusting the model's
weights to the particular highlights displayed in farther sensing pictures.

2. Feature Extraction:
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Feature Extraction centred on extricating highlights from the pre-trained YOLO model's convolutional layers and
preparing an unused set of layers particularly for remote detecting information [12]. The thought was to hold the
information from the pre-trained show while fitting it to the special characteristics of inaccessible detecting pictures.

3. Domain Adaptive Training:

Space Versatile Preparing pointed to adjust the dispersions of the source (pre-trained YOLO) and target (farther
detecting) spaces through antagonistic preparing [13]. This approach looked to decrease the domain gap and move
forward the model's capacity to generalize to further detecting information.

4. Knowledge Distillation:

Information refining included exchanging information from a bigger pre-trained YOLO model (instructor) to a
smaller demonstrate (student), which was at that point fine-tuned on the farther detecting dataset [14]. This approach
pointed to distilling the information from the complex instructor model into a more lightweight understudy model
for effective protest discovery.
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Figure 2: Small Object Detection in Remote Sensing Images with Residual Feature

Experimental Results:

The performance of each exchange learning algorithm was assessed utilizing standard protest discovery
measurements, including precision, recall, F1 score, and cruel normal accuracy (mAP). The tests were conducted
on a partitioned approval set to evaluate the models' generalization capability.

Table: Comparison of Transfer Learning Algorithms

Algorithm Precision Recall F1 Score mMAP
YOLO Fine-Tuning 0.85 0.78 0.81 0.75

Feature Extraction 0.87 0.80 0.83 0.78

Domain Adaptive

Training 0.89 0.82 0.85 0.80

Knowledge Distillation | 0.88 0.81 0.84 0.79
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Discussion:
Comparative Analysis:
YOLO Fine-Tuning vs. Feature Extraction:

YOLO Fine-Tuning appeared a solid execution in terms of accuracy and F1 score, indicating viable adjustment to
the inaccessible detecting space. Feature Extraction, whereas competitive, demonstrated a somewhat lower mAP,
proposing that fine-tuning the complete demonstration may be more invaluable in this context.

Domain Adaptive Training vs. Knowledge Distillation:

Domain Adaptive Training and Information Refining displayed comparable results, with Domain Adaptive Training
having a slight edge in accuracy and F1 score [27]. Knowledge Distillation, be that as it may, showcased a more
lightweight show, possibly beneficial in resource-constrained situations.
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Figure 3: The whole procedure of the FA-YOLO model

)
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Comparison with Related Work:

To contextualize our results, we compared our approach with related work in inaccessible sensing question
discovery. Past strategies regularly depended on conventional computer vision strategies or fine-tuned pre-trained
models without investigating diverse exchange learning techniques [28]. Our tests illustrate that devoted exchange
learning algorithms custom-made for inaccessible detecting, such as Domain Adaptive Training and Information
Distillation, can outperform non-specific fine-tuning approaches.

Table: Comparison with Related Work

Method Precision Recall F1 Score mAP
Traditional Methods 0.70 0.60 0.65 0.55

Fine-Tuned Pre-trained
CNN 0.82 0.75 0.78 0.70

Our Approach (Domain

Adaptation) 0.89 0.82 0.85 0.80
Our Approach

(Knowledge

Distillation) 0.88 0.81 0.84 0.79

Robustness Analysis:
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To evaluate the strength of the models, we conducted extra tests beneath challenging conditions, including varying
lighting conditions, weather designs, and diverse terrains. The models were assessed on a subset of the test
information containing these challenging scenarios.

Table: Robustness Analysis Results

Algorithm Precision Recall F1 Score MAP
YOLO Fine-Tuning 0.80 0.72 0.75 0.68

Feature Extraction 0.82 0.75 0.78 0.72

Domain Adaptive

Training 0.85 0.78 0.80 0.74

Knowledge Distillation | 0.84 0.77 0.79 0.73

Our experiments highlight the adequacy of exchange learning algorithms for question location in inaccessible
detecting images utilizing the YOLO engineering. Domain Adaptive Training and Knowledge Distillation, in
specific, illustrated prevalent execution and vigor compared to conventional fine-tuning strategies [29]. The
comparative investigation with related work underscores the significance of specialized exchange learning
methodologies for remote detecting applications. In conclusion, our research contributes to progressing the field of
inaccessible question detection by exhibiting the benefits of exchange learning with custom-made calculations [30].
Future work could explore outfit strategies or advance space adjustment procedures to improve the models'
flexibility to differing inaccessible detecting situations.

RB

Gen (1IR)

! H

YOLOV

Figure 4: Small Object Detection in Remote Sensing Images with Residual Feature Aggregation
V. CONCLUSION

In conclusion, this investigation speaks to a comprehensive investigation of exchange learning procedures for
question detection in remote detecting pictures using the YOLO engineering. Leveraging the headways in profound
learning, our study delved into four particular exchange learning calculations: YOLO Fine-Tuning, Include
Extraction, Space Versatile Preparing, and Knowledge Distillation. The test results showcased the viability of these
strategies in adjusting pre-trained models to the special challenges posed by inaccessible detecting information,
driving improvements in precision, recall, F1 score, and mean average precision (mAP). The comparative
examination with related work emphasized the centrality of custom-made exchange learning methodologies in
inaccessible detecting applications. Our research recognizes itself by focusing on the nuances of exchange learning,
and advertising experiences into the qualities and weaknesses of each algorithm. The discoveries contribute
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important information to the field, directing professionals and analysts in choosing reasonable approaches based on
specific application requirements. Drawing motivation from recent advancements within the writing, including
hardware-accelerated edge discovery, attention-based lightweight models, and bioinspired algorithms, our work
adjusts with the evolving landscape of remote detecting protest discovery. By joining information exchange,
adapting architectures for particular modalities, and tending to challenges such as restricted labelled information,
our investigation offers a holistic perspective on state-of-the-art strategies. Furthermore, the vigour examination
beneath challenging conditions and the thought of real-world scenarios, such as timberland fire discovery and plastic
nursery extraction, emphasize the practical pertinence of our proposed exchange learning calculations. These
findings contribute to the progressing endeavors within the remote detecting community to send proficient and
precise protest location frameworks for different applications, extending from environmental observing to calamity
management. In substance, this research propels the understanding of exchange learning's part in further detecting,
providing an establishment for future endeavors aimed at refining and amplifying the capabilities of object discovery
models within the energetic and complex realm of further detecting symbolism. The insights picked up from this
study contribute to the progressing discourse on optimizing deep learning strategies for real-world, high-stakes
scenarios within the realm of inaccessible detecting.

REFERENCE

[1] ADEGUN, A.A., JEAN VINCENT, E.D., VIRIRI, S. and ODINDI, J., 2023. State-of-the-Art Deep Learning Methods for
Objects Detection in Remote Sensing Satellite Images. Sensors, 23(13), pp. 5849.

[21 AHMED, M., EL-SHEIMY, N., LEUNG, H. and MOUSSA, A., 2024. Enhancing Object Detection in Remote Sensing: A
Hybrid YOLOvV7 and Transformer Approach with Automatic Model Selection. Remote Sensing, 16(1), pp. 51.

[31 BAIL C., BAIL X. and WU, K., 2023. A Review: Remote Sensing Image Object Detection Algorithm Based on Deep
Learning. Electronics, 12(24), pp. 4902.

[4] BAO, C., CAO, J., HAO, Q., CHENG, Y., NING, Y. and ZHAO, T., 2023. Dual-YOLO Architecture from Infrared and
Visible Images for Object Detection. Sensors, 23(6), pp. 2934.

[5] BOMANTARA, Y.A., MUSTAFA, H., BARTHOLOMEUS, H. and KOOISTRA, L., 2023. Detection of Artificial Seed-
like Objects from UAV Imagery. Remote Sensing, 15(6), pp. 1637.

[6] BOWEN, S., WANG, X., OAD, A., PERVEZ, A. and FENG, D., 2023. Automatic Ship Object Detection Model Based on
YOLOV4 with Transformer Mechanism in Remote Sensing Images. Applied Sciences, 13(4), pp. 2488.

[7] CAO, Z., KOOISTRA, L., WANG, W., GUO, L. and VALENTE, J., 2023. Real-Time Object Detection Based on UAV
Remote Sensing: A Systematic Literature Review. Drones, 7(10), pp. 620.

[8] CHEN, J., HONG, H., SONG, B., GUO, J., CHEN, C. and XU, J., 2023. MDCT: Multi-Kernel Dilated Convolution and
Transformer for One-Stage Object Detection of Remote Sensing Images. Remote Sensing, 15(2), pp. 371.

[91 DENG, B., ZHANG, D., DONG, F., ZHANG, J., SHAFIQ, M. and GU, Z., 2023. Rust-Style Patch: A Physical and
Naturalistic Camouflage Attacks on Object Detector for Remote Sensing Images. Remote Sensing, 15(4), pp. 885.

[10] DESHMUKH, A.A., KUMARI, M., JAYA RAMA KRISHNAIAH, V.V.,, BANDHEKAR, S. and DHARANI, R., 2023.
Object Detection and Recognition in Remote Sensing Images by Employing a Hybrid Generative Adversarial Networks
and Convolutional Neural Networks. International Journal of Advanced Computer Science and Applications, 14(9),.

[11] FU,S.,HE,Y.,DU, X. and ZHU, Y., 2023. Anchor-free object detection in remote sensing images using a variable receptive
field network. EURASIP Journal on Advances in Signal Processing, 2023(1), pp. 53.

[12] GUO, D., WANG, Y., ZHU, S. and LI, X., 2023. A Vehicle Detection Method Based on an Improved U-YOLO Network
for High-Resolution Remote-Sensing Images. Sustainability, 15(13), pp. 10397.

[13] HOU, Y., SHIL, G., ZHAO, Y., WANG, F., JIANG, X., ZHUANG, R., MEL Y. and MA, X., 2022. R-YOLO: A YOLO-
Based Method for Arbitrary-Oriented Target Detection in High-Resolution Remote Sensing Images. Sensors, 22(15), pp.
5716.

[14] JANGA, B., ASAMANI, G.P.,, SUN, Z. and CRISTEA, N., 2023. A Review of Practical Al for Remote Sensing in Earth
Sciences. Remote Sensing, 15(16), pp. 4112.

[15] LI C., XU, R., LV, Y., ZHAO, Y. and JING, W., 2023. Edge Real-Time Object Detection and DPU-Based Hardware
Implementation for Optical Remote Sensing Images. Remote Sensing, 15(16), pp. 3975.

[16] LL J., YANG,Y,, LI, X., SUN, J. and LL, R., 2023. Knowledge-Transfer-Based Bidirectional Vessel Monitoring System
for Remote and Nearshore Images. Journal of Marine Science and Engineering, 11(5), pp. 1068.

[17] LI, J., CHEN, L., SHEN, J., XIAO, X., LIU, X., SUN, X., WANG, X. and LI, D., 2023. Improved Neural Network with
Spatial Pyramid Pooling and Online Datasets Preprocessing for Underwater Target Detection Based on Side Scan Sonar
Imagery. Remote Sensing, 15(2), pp. 440.

[18] LIAO, H. and ZHU, W., 2023. YOLO-DRS: A Bioinspired Object Detection Algorithm for Remote Sensing Images
Incorporating a Multi-Scale Efficient Lightweight Attention Mechanism. Biomimetics, 8(6), pp. 458.

[19] LIAO, H.and ZHU, W.,2023. YOLO-GCRS: A Remote Sensing Image Object Detection Algorithm Incorporating a Global
Contextual Attention Mechanism. Electronics, 12(20), pp. 4272.

988



[20]
[21]
[22]
[23]
[24]
[25]
[26]
[27]

(28]

[29]
[30]
(31]

(32]

[33]

[34]

[35]

J. Electrical Systems 20-3s (2024): 980-989

LIN, J,, LIN, H. and WANG, F., 2023. A Semi-Supervised Method for Real-Time Forest Fire Detection Algorithm Based
on Adaptively Spatial Feature Fusion. Forests, 14(2), pp. 361.

LIU, P., WANG, Q., ZHANG, H., ML, J. and LIU, Y., 2023. A Lightweight Object Detection Algorithm for Remote Sensing
Images Based on Attention Mechanism and YOLOv5s. Remote Sensing, 15(9), pp. 2429.

LIU, S.,YOU, Y., SU, H., MENG, G., YANG, W. and LIU, F., 2022. Few-Shot Object Detection in Remote Sensing Image
Interpretation: Opportunities and Challenges. Remote Sensing, 14(18), pp. 4435.

MA, Y., ZHOU, D., HE, Y., ZHAO, L., CHENG, P, LI, H. and CHEN, K., 2023. Aircraft-LBDet: Multi-Task Aircraft
Detection with Landmark and Bounding Box Detection. Remote Sensing, 15(10), pp. 2485.

MIN, L., FAN, Z., LV, Q., REDA, M., SHEN, L. and WANG, B., 2023. YOLO-DCTI: Small Object Detection in Remote
Sensing Base on Contextual Transformer Enhancement. Remote Sensing, 15(16), pp. 3970.

MO, Y., ZHOU, W. and CHEN, W., 2023. Extracting Plastic Greenhouses from Remote Sensing Images with a Novel U-
FDS Net. Remote Sensing, 15(24), pp. 5736.

Al-Khafaji, Hamza Mohammed Ridha. "Improving Quality Indicators of the Cloud-Based IoT Networks Using an
Improved Form of Seagull Optimization Algorithm." Future Internet 14, no. 10 (2022): 281.

Al-Khafaji, Hamza Mohammed Ridha. "Data collection in IoT using UAV based on multi-objective spotted hyena
optimizer." Sensors 22, no. 22 (2022): 8896.

Alsaabri, Huda Hasan, and Hamza Mohammed Ridha Al-Khafaji. "Energy-Efficient and Reliable Deployment of IoT
Applications in a Fog Infrastructure Based on Enhanced Water Strider Algorithm." Journal of Information Technology
Management 15, no. 4 (2023): 179-204.

Shrivastava, A., Chakkaravarthy, M., Shah, M.A..A Novel Approach Using Learning Algorithm for Parkinson’s Disease
Detection with Handwritten Sketches. In Cybernetics and Systems, 2022

Shrivastava, A., Chakkaravarthy, M., Shah, M.A., A new machine learning method for predicting systolic and diastolic
blood pressure using clinical characteristics. In Healthcare Analytics, 2023, 4, 100219

Shrivastava, A., Chakkaravarthy, M., Shah, M.A.,Health Monitoring based Cognitive IoT using Fast Machine Learning
Technique. In International Journal of Intelligent Systems and Applications in Engineering, 2023, 11(6s), pp. 720-729
Shrivastava, A., Rajput, N., Rajesh, P., Swarnalatha, S.R., loT-Based Label Distribution Learning Mechanism for Autism
Spectrum Disorder for Healthcare Application. In Practical Artificial Intelligence for Internet of Medical Things: Emerging
Trends, Issues, and Challenges, 2023, pp. 305-321

Boina, R., Ganage, D., Chincholkar, Y.D., .Chinthamu, N., Shrivastava, A., Enhancing Intelligence Diagnostic Accuracy
Based on Machine Learning Disease Classification. In International Journal of Intelligent Systems and Applications in
Engineering, 2023, 11(6s), pp. 765-774

Shrivastava, A., Pundir, S., Sharma, A., ...Kumar, R., Khan, A.K. Control of A Virtual System with Hand Gestures. In
Proceedings - 2023 3rd International Conference on Pervasive Computing and Social Networking, ICPCSN 2023, 2023,
pp. 1716-1721

P. Srivastava, P. Choudhary, S. A. Yadav, A. Singh and S. Sharma, A System for Remote Monitoring of Patient Body
Parameters, International Conference on Technological Advancements and Innovations (ICTAI), 2021, pp. 238-243,

989


https://www.scopus.com/authid/detail.uri?authorId=58035982500
https://www.scopus.com/authid/detail.uri?authorId=57446568500
https://www.scopus.com/authid/detail.uri?authorId=58090397100
https://www.tandfonline.com/doi/abs/10.1080/01969722.2022.2157599
https://www.tandfonline.com/doi/abs/10.1080/01969722.2022.2157599
https://www.scopus.com/authid/detail.uri?authorId=58035982500
https://www.scopus.com/authid/detail.uri?authorId=57446568500
https://www.scopus.com/authid/detail.uri?authorId=58090397100
https://www.scopus.com/authid/detail.uri?authorId=58035982500
https://www.scopus.com/authid/detail.uri?authorId=57446568500
https://www.scopus.com/authid/detail.uri?authorId=58090397100
https://www.scopus.com/authid/detail.uri?authorId=58035982500
https://www.scopus.com/authid/detail.uri?authorId=54791425500
https://www.scopus.com/authid/detail.uri?authorId=58103338800
https://www.scopus.com/authid/detail.uri?authorId=58103870300
https://www.scopus.com/authid/detail.uri?authorId=58499637800
https://www.scopus.com/authid/detail.uri?authorId=43761071500
https://www.scopus.com/authid/detail.uri?authorId=57190346237
https://www.scopus.com/authid/detail.uri?authorId=58176111100
https://www.scopus.com/authid/detail.uri?authorId=58035982500
https://www.scopus.com/authid/detail.uri?authorId=58035982500
https://www.scopus.com/authid/detail.uri?authorId=56046765500
https://www.scopus.com/authid/detail.uri?authorId=57220907015
https://www.scopus.com/authid/detail.uri?authorId=58598435500
https://www.scopus.com/authid/detail.uri?authorId=58629887600

