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Abstract

In computer vision, object detection is an essential task to identify and classify objects in an image
or video. The recent advancements in deep learning and convolutional Neural Networks (CNNs)
have significantly improved the performance of object detection techniques. In an unconstrained
environment, the study in this paper provides a detailed analysis of object detection techniques
and various challenges, datasets, and state-of-the-art approaches. In addition, a comparative
analysis of these methods is presented, and their strengths and weaknesses are highlighted. Finally,
we've provided some new research directions for improving the detection of objects in
uncontrolled environments.
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1. Introduction:

The main problem in computer vision is the detection of objects, which encompasses a range of
applications such as surveillance, robotics, Autonomous Vehicles, Augmented Reality, and human-
computer interaction. Recognition and localization of instances of objects that belong to a defined class
in an image or video are the primary objectives of object detection.Significant advancements in object
detection algorithms have been achieved recently, mostly as a result of the introduction of deep learning
and convolutional neural networks (CNNs). Significant performance gains have resulted from these
developments in several benchmark datasets, including PASCAL VOC, ImageNet, and MS COCO.
Even with these advancements, object recognition in unrestricted contexts is still a difficult issue.
Changes in illumination, shifting perspectives, occlusions, deformed objects, shifting scales, and
cluttered backdrops are characteristics of unconstrained settings. Achieving high detection accuracy and
resilience can be challenging due to these issues, which can negatively impact object detection algorithm
performance.

Recently, Significant advancements in object detection have been made, especially in the fields of deep
learning and convolutional neural networks (CNNs) [1], (Dhillon, A. and G.K.J.P.i.A.l. Verma, (2020)).

The effectiveness of object detection algorithms has been greatly enhanced by these methods, especially
in unrestricted situations where items may appear at various sizes, angles, and orientations. The way
region-based object detectors work, like region-based Convolutional Neural Networks (R-CNN) [2],(Xu,
C., et al., (2021)) is by first utilising a selective search technique to generate regionproposals, which
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produces about 2000 areas for every picture. To categorise each region and anticipate its bounding box
coordinates, a CNN is used to create a fixed-length feature vector, which is then input into an SVM
[3],(Qin, W., R. Elanwar, and M.J.J.0.1.S. Betke, (2022)). Non-maximum suppression is then used to get
rid of duplicate detections. R-CNN, however, was a significant breakthrough in object detection; it has
several limitations, such as slow training &inference times.Researchers have developed several R-CNN
variations to solve these problems, including Fast R-CNN [4],(Liu, B., W. Zhao, and Q. Sun.
(2017))which shares convolutional characteristics between region proposals, and Faster R-CNN, which
creates an end-to-end region proposal generation system by introducing a Region Proposal Network
(RPN). With these modifications, R-CNN's speed and accuracy are much increased, which makes it a
popular option for object detection in unrestricted situations. The main goal of this paper is to provide a
comprehensive overview of object detection techniques in unfettered environments,addressing the
challenges,datasets, and state-of-the-art approaches.

The paper is organised into a total of 6 sections as follows: Section 2 discusses the challenges
encountered in object detection in unfettered environments, highlighting the factors that contribute to the
complexity of the problem. Section 3 presents a review of the commonly used datasets for evaluating
object detection techniques in unconstrained environments. Section 4 presents state-of-the-art Objection
detection techniques. Section 5 presents a comparative analysis of the surveyed methods, emphasizing
their strengths and weaknesses in terms of accuracy, computational complexity, and robustness to
variations in the unconstrained environment. Section 6 concludes the paper by highlighting some of the
open research questions and future directions in the field of object detection in unfettered environments.

2. Challenges in Object Detection in Unconstrained Environments:

Different pre-processing techniques have been applied to improve image qualityto improve
object detection performance in challenging environments over the years.
Figure 3 illustrates the comparison between the flow of traditional approaches and deeplearning-based
methods. Traditional methods rely on improving image quality throughimage enhancement and manual
feature selection methods [20,21,22,23,24],(Felzenszwalb, P.F.; Girshick, R.B.; McAllester, D.;
Ramanan, D. (2009),Dalal, N.; Triggs, B. (2005) 22. Lowe, D.G. (2004),Lienhart, R.; Maydt, J.
(2002),Muhammad A, Khurram A.H, Alain P., Marcus L., Didier S., Muhammad Z. Afzal;(2021))
Later, these techniqueswere replaced with Deep Neural Networks (DNNs) due to their robust and
generalisation capabilities.
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Figure 1: Figure Pipeline comparison of traditional and deep learning approaches for object
detection
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In traditional approaches, generally, image enhancement is appliedbefore feature extraction toimprove
object detection performance. Unlike traditional approaches, deep learning methods canfind the required
features for detecting objects without relying on traditional rule-based methods.

2.1 lllumination Changes: Variations in lighting conditions, such as shadows andoverexposure, can
significantly impact the appearance of objects, making it difficult for detection algorithms to identify
and localize them accurately. Variations in lighting conditions, such as shadows, overexposure, or
underexposure, can significantly impact the appearance of objects in images [5],(Wong, J.K.W., et al.,
(2022)). These changes can make it difficult for detection algorithms to identify and localize objects
accurately. To address this issue, several approaches have been proposed, including color constancy
techniques [6],(Li, Y., et al., (2022)). and deep learning-based methods that can learn illumination
invariant features [7],(Csurka, G. and M.J.a.p.a.’(2018)).

2.2 Viewpoint Variation:Changes in the viewpoint or camera angle can alter the object's appearance,
causing the detection algorithm to fail to recognise the object or produce inaccurate bounding boxes [8].
Several methods have been proposed to tackle this issue, such as viewpoint invariant features and multi-
view object detectors [8],(Doi, K., et al., (2022)).

2.3 Occlusion:

Objects in the scene may be partially or entirely blocked by other objects, making it challenging for the
detection algorithm to identify and localize them correctly [9],(Cao, Z., et al., (2022)).To address
occlusion, some methods employ part-based models [10],(Somers, V., C. De Vleeschouwer, and A.
Alahi. (2023)). or leverage context information from surrounding regions.

3. Datasets:Object detection is a vital task in computer vision that involves identifying the presence and
location of objects in an image or video. To evaluate the performance of object detection techniques in
unconstrained environments, several benchmark datasets have been created. These datasets provide a
standardised set of images with labelled objects, enabling researchers to compare the accuracy and speed
of different algorithms. Some popular datasets include:

3.1 Pascal VOC: The PASCAL VOC (Visual Object Classes) dataset is one of the oldest and most
popular datasets for object detection. It contains 17,125 images with 20 object classes, such as person,
car, and dog. The dataset provides bounding box annotations for each object in the image. PASCAL
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VOC has been used as a benchmark dataset for several years, and many state-of-the-art object detection
techniques have been evaluated on this dataset.
3.2 ImageNet:The ImageNet dataset is a massive dataset that contains 1.2 million images with 1,000
object classes. Unlike PASCAL VOC, ImageNet does not provide annotations for object detection.
However, many researchers have used this dataset to pre-train their models on a large amount of data
before fine-tuning them on smaller object detection datasets.
3.3 COCO: The COCO (Common Objects in Context) dataset is a newer dataset that contains 330,000
images with 80 object classes. COCO provides more detailed annotations thanPASCAL VOC, including
segmentation masks for each object in the image. This makes COCO a more challenging dataset for
object detection algorithms to perform well on.
3.4 Open Images
The Open Images dataset is another large-scale dataset that contains 1.7 million images with 600 object
classes. It provides both bounding box and segmentation mask annotations and has been used as a
benchmark for object detection algorithms that require large amounts of training data.

These datasets vary in size, number of classes, and annotation types, allowing researchers to test
their algorithms on a wide range of scenarios. The following table summarizes some key information
about the four popular benchmark datasets used for evaluating object detection techniques:

Table 1. Summary of key information about benchmark datasets for object detection

Dataset Name

Number of Images

Number of Classes

Annotation Type

PASCAL VOC[11] | 17,125 20 Bounding Boxes
ImageNet [12] 1.2 million 1,000 Bounding Boxes
COCO [13] 330,000 80 Bounding Boxes
Open Images [14] 1.7 million 600 Mask RCNN

4. State-of-the-art Object Detection Techniques
We categorise the state-of-the-art object detection techniques into two main groups: two-stage detectors
and single-stage detectors.

Figure 2. Milestones of object detection [15] (Xiao, Y., et al., (2020)).
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4.1 Two-stage detectors

Two-stage detectors consist of a region proposal stage followed by a classification stage. Some
prominent two-stage detectors include:

4.1.1 R-CNN

These neural networks process and analyse data using several layers of interconnected nodes. Deep
learning when used for image recognition Models can automatically learn and extract pertinent
information from images, enabling remarkably accurate object or pattern detection.[37],(Sangeeta M.
Borde, Dr. Harsh Lohiya(2023)).

R-CNN (Region-based Convolutional Neural Networks) is an object detection model that was proposed
in 2014 by Ross Girshick et al. R-CNN is a two-stage object detection framework that uses a region
proposal mechanism to generate potential object regions in an image and then applies a convolutional
neural network (CNN) to classify and refine these regions.

The R-CNN framework consists of the following steps:

1. Region Proposal: The first stage of R-CNN generates potential object regions by using a selective
search algorithm that combines low-level features, such as color and texture, with high-level cues, such
as edges and corners. Selective search generates around 2,000 region proposals for each image.

2. Feature Extraction: In the second stage, each region proposal is warped to a fixed size and fed
through a pre-trained CNN, such as Alex Net or VGG, to extract a feature vector for that region.

3. Object Classification and Refinement: The feature vector for each region proposal is then fed into a
set of fully connected layers that perform object classification and bounding box regression. The
classification layer outputs the probability of each region proposal containing a particular object class,
while the regression layer outputs the refined bounding box coordinates for that object class.

4.1.2 Faster R-CNN:

Fast RCNN may be a neural organized arrangement for finding bounding boxes of objects in
animage.[30]The Faster RCNN calculation, which was a headway over the Quick RCNN, gave rise to
the Faster RCNN calculation. These calculations all work so also; A local proposer proposes potential
rectangles that might have alluring pictures and decides what, if anything, can be seen there,utilizing a
picture classifier. Faster RCNN trains the local proposition in parallel on the same highlight outline on
which the picture classification is done [28,30],(O’Reilly publication(2018),Sangeeta M.B, Dr. Harsh L.
(2022)).

The object detectionsystem called Faster R-CNN is composed of two modules. The primarymodule
could be a profound, completely convolutional network that proposes regions, and the second module is
the Fast R-CNN locator that employments the proposed regions[27,30],(Ren S, He K, Girshick R., Sun
J. (2016),Sangeeta M.B, Dr. Harsh L. (2022)). The whole framework could be single, bound together
arranged for a protest location. Utilizing the as-of-late prevalent terminology of neural systems with
‘attention’ instruments, the RPN module tells the Fat R-CNN module where to see.

Faster R-CNN yields various component maps from a profound CNN in the wake of receiving an input
image. All things considered; these convolutional highlight maps make local suggestions of the principal
crude image. Furthermore, sliding windows and related strategies are supplanted by a District
Proposition Network (RPN) for the improvement of district recommendations [29,30],(Srivastava, S.,
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Divekar, A.V., Anilkumar, C. et al. (2021),Sangeeta M.B, Dr. Harsh L. (2022)).Other is RPN profound,
fully convolutional network with object jumping box expectation preparation. Fast RCNN is quicker
than its ancestor taking care of the CNN 2,000 suggestions isn't required as a contribution to every
execution. Convolutional handling is utilized to make just a single component map for every image
[25,30],(G. R. Fast R-CNN. (2015)Sangeeta M.B, Dr. Harsh L. (2022)), When contrasted with R-CNN,
this calculation shows an essentially more limited preparation and testing time. Notwithstanding, it was
noticed that adding the local proposition bottlenecks the calculation harshly, bringing down its exhibition
[27],(Ren S, He K, Girshick R., Sun J. (2016) ).For deciding the locale Proposition Fast CNN and its
ancestors both utilize the specific search calculation which is a quicker scan calculation for picture
discovery [26],(Schulz H, Behnke S(2012)).Faster R-CNN got rid of the necessity for its execution since
this is a very tedious procedure and permitted the ideas to be advanced by the framework. Like how Fast
R-CNN functions, a convolutional map is made from the image [26],(Schulz H, Behnke S(2012)). In any
case, a different network replaces the Particular Inquiry calculation to anticipate the proposition.
Utilizing return for capital invested (District of Interest) pooling these recommendations are then
reshaped and classified [26],(Schulz H, Behnke S(2012)).

4.2 Single-stage Detector

Single-stage locators straightforwardly forecastobjection-bound boxes and course probabilities from a
picture. A few well-known single-stage detectors incorporate:

42.1Y0OLO

YOLO is another one-stage object detection model that predicts object class scores and bounding box
offsets specifically from the complete picture. YOLO separates the picture into a lattice of cells and
predicts the class and bounding box for each cell. YOLO uses a single neural networkto make
predictions and is known for its speed and real-time execution.

4.2.2 SSD

The Single Shot MultiBox Detector (SSD) expands the concept of YOLO by anticipating bounding
boxes and lesson probabilities at numerous scales, which makes strides in the discovery of objects with
shifting sizes[35],(Redmon, J.; Farhadi,(2017)).SSDemploysan extractor to produce convolutional
highlight maps and applies a set of convolutional channels to anticipate class scores and offsets for each
default box. SSD is known for its speed and effectiveness and has been utilized in real-time object
detection applications.

4.2.3 RetinaNet: The RetinaNet [32],(. Lin, T.; Goyal, P.; Girshick, R.B.; He, K.; Dollar, P.(2017)
)belongs to the family of one-stage detectors that are built on convolutional neural networks. Other
prominent representatives are OverFeat [33],(Sermanet, P.; Eigen, D.; Zhang, X.; Mathieu, M.; Fergus,
R.; LeCun, Y. (2013) ),Single Shot Detector (SSD) [34] (Liu, W.; Anguelov, D.; Erhan, D.; Szegedy, C.;
Reed, S.; Fu, C.Y.; Berg, A.C. (October 2016) ) or You Look Only Once (YOLO) [35],(Redmon, J,;
Farhadi,(2017)).These one-shot detectors create a dense set of proposals along a grid and directly
classify and refine those proposals. As opposed to the two-stage detectors, they have to handle a large
number of background samples, which potentially can dominate the learning signal. The RetinaNet
[32],(. Lin, T.; Goyal, P.; Girshick, R.B.; He, K.; Dollar, P.(2017)). is an adaptation of a Residual
Network [33],(Sermanet, P.; Eigen, D.; Zhang, X.; Mathieu, M.; Fergus, R.; LeCun, Y. (2013)) with
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lateral connections to create features on multiple scales [34],] (Liu, W.; Anguelov, D.; Erhan, D.;
Szegedy, C.; Reed, S.; Fu, C.Y.; Berg, A.C. (October 2016) ). Small convolutional subnetworks perform
classification and bounding box regression on each output layer. RetinaNet was proposed along with the
focal loss function, which tries to overcome the hard object-background imbalance issue by dynamically
shifting weight to increase the contribution of hard negative examples and decrease the contribution of
easy positives.

Figure 3. One stage vs two stage object detection.
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The below table summarizes some key features of these state-of-the-art object detection techniques:
Table 2: Key features of state-of-the-art object detection techniques

. - . . Number of | AP on
Technique Training Time | Inference Time Parameters COCO
Faster R-CNN [16] | Long Medium High 39.3
SSD [17] Medium Fast Low 31.2
YOLO [18] Short Very Fast Low 28.2
Retina Net [19] Long Medium High 39.1

5.Comparative Analysis:
In this section, we compare the performance of various object detection techniques on the COCO dataset
[31],(Wong, J.K.W., et al.,(2022)).

Table 3: Comparison of object detection techniques on the COCO dataset

Method Average Precision (AP) | Speed (fps)
R-CNN 53.3 0.5
Fast R-CNN 70 5
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Faster R-CNN 73.2 7
YOLOvV3 57.9 45
SSD 72.1 19
RetinaNet 74.8 12

The results in Table 3 show that two-stage detectors, such as Faster R-CNN, generally achieve higher
average precision (AP) compared to single-stage detectors like YOLOv3 and SSD. However, single-

stage detectors are faster in terms of frames per second (fps), making them more suitable for real-time
applications.

Figure 4. Comparison of object detection techniques on the COCO dataset
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Conclusion:

In this paper, we have displayed a comprehensive study of object detection in unconstrained situations.
We have examined the challenges related to object discovery in such situations, displayed prevalent
datasets, and given an outline of the state-of-the-art methods. Furthermore, we have compared the
execution of different strategies and highlighted their qualities and shortcomings.

Despite the noteworthy advances made in later a long time, object detection in unconstrained situations
remains a challenging issue. Future investigates bearings seem centered on the taking after viewpoints:

» Creating more strong calculations able to take care of occlusions, lighting varieties, and foundation
clutter.

* Exploring strategies for effective and precise discovery of small-scale objects.

* Investigating the integration of other sensor modalities, such as LiDAR or profundity data, to upgrade
protest discovery execution.

* Creating unsupervised or pitifully administered question location methods to decrease the dependence
on large-scale clarified datasets.
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By addressing these challenges and exploring new approaches, we believe that object detection in
unconstrained environments can be further improved, concrete the way for more reliable and efficient
applications in various domains, such as autonomous vehicles, robotics, and surveillance systems.
References:

1. Dhillon, A. and G.K.J.P.i.A.l. Verma, (2020).’Convolutional neural network: a review of models,
methodologies, and applications to object detection’9(2): p. 85-112.

2. Xu, C., etal., (2021). ‘A page object detection method based on mask R-CNN.’9: p. 143448-143457.
3. Qin, W., R. Elanwar, and M.J.J.0.1.S. Betke, (2022)’ Text and metadata extraction from scanned
Arabic documents using support vector machines.’. 48(2): p. 268-279.

4. Liu, B., W. Zhao, and Q. Sun. (2017) ‘Study of object detection based on Faster R-CNN.’Chinese
Automation Congress (CAC). IEEE.

5. Wong, J.K.W., et al., (2022) ‘Development of a refined illumination and reflectance approach for
optimal construction site interior image enhancement.’

6. Li, Y., et al., (2022).’A unified probabilistic framework of robust and efficient colour consistency
correction for multiple images.’190: p. 1-24.

7. Csurka, G. and M.J.a.p.a.’(2018)Humenberger, From handcrafted to deep local invariant features.2: p.
1.

8. Doi, K., et al., (2022).’Detecting Object-Level Scene Changes in Images with Viewpoint Differences
Using Graph Matching.’14(17): p. 4225.

9. Cao, Z., et al., (2022).A Multi-Object Tracking Algorithm WithCenter-Based Feature Extraction and
Occlusion Handling.

10. Somers, V., C. De Vleeschouwer, and A. Alahi. (2023).’Body Part-Based Representation Learning
for Occluded Person Re-Identification. in Proceedings of the IEEE/CVF Winter Conference on
Applications of Computer Vision.’

11. Hwang, B., S. Lee, and H.J.E. Han, (2022).”LNFCOS: Efficient Object Detection through Deep
Learning Based on LNblock.’11(17): p. 2783.

12. Zhao, J., et al., (2022) Data-adaptive binary neural networks for efficient object detection and
recognition.153: p. 239-245.

13. Ma, J., Y. Ushiku, and M. Sagara (2022)’ The effect of improving annotation quality on object
detection datasets: A preliminary study. in Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition.’

14. Kuznetsova, A., et al., (2020) ‘The open images dataset v4: Unified image classification, object
detection, and visual relationship detection at scale.’128(7): p. 1956-1981.

15. Xiao, Y., et al., (2020)" A review of object detection based on deep learning’. 79: p. 23729-23791.
16. Rani, S., et al.,(2022)’ Object detection and recognition using contour-based edge detection and fast
R-CNN’. 81(29): p. 42183-42207.

17. Feroz, M.A., et al. (2022)’Object detection and classification from a real-time video using SSD and
YOLO models. in Computational Intelligence in Pattern Recognition: Proceedings of CIPR 2021’.
Springer.

18. Diwan, T., et al., (2022)’Object detection using YOLO: Challenges, architectural successors,
datasets and applications’ pp. 1-33.

19. Li, G, et al. (2022) ‘Knowledge distillation for object detection via rank mimicking and prediction-
guided feature imitation. in Proceedings of the AAAI Conference on Atrtificial Intelligence.’

IJFMR250345817 Volume 7, Issue 3, May-June 2025 9



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)
LJFMR E-ISSN: 2582-2160 e Website: www.iiffmr.com e Email: editor@ijfmr.com

20.Felzenszwalb, P.F.; Girshick, R.B.; McAllester, D.; Ramanan, D. (2009) ‘Object detection with
discriminatively trained part-based models. IEEE Trans. Pattern Anal. Mach. Intell. 2009, 32, 1627—
1645. [CrossRef]

21. Dalal, N.; Triggs, B. (2005) ‘Histograms of oriented gradients for human detection.” In Proceedings
of the 2005 IEEE Computer Society conference on computer vision and pattern recognition (CVPR’05),
San Diego, CA, USA, 20-26 June 2005; Volume 1, pp. 886-893.

22. Lowe, D.G. (2004). Distinctive image features from scale-invariant keypoints. Int. J. Comput. Vis.
2004, 60, 91-110. [CrossRef]

23. Lienhart, R.; Maydt, J. (2002)* An extended set of haar-like features for rapid object detection.’In
Proceedings of the International Conference on Image Processing, Rochester, NY, USA, 22-25
September 2002; Volume 1, p. I-I.

24. Muhammad A, Khurram A.H, Alain P., Marcus L., Didier S., Muhammad Z. Afzal;(2021)’ Survey
and Performance Analysis of Deep Learning Based Object Detection in Challenging Environments
Sensors’, 21, 5116.

25. G. R. Fast R-CNN. (2015)In Proceedings of the IEEE International Conference on Computer Vision,
p.1440-8.(cross-ref)

26. Schulz H, Behnke S. Deep learning. KI-Kunstlichelntelligenz. 2012;26(4):357-63. (cross Ref)

27. Ren S, He K, Girshick R., Sun J. (2016) Faster r-cnn: Towards real-time object detection with
regionproposal networks. IEEE Trans Pattern Anal Mach Intell. ;39(6):1137-49. (cross Ref)

28. Deep Learning Cookbook Practical Recipes to Get Started Quickly by Douwe.Osinga, O’Reilly
publication p.NO 137-139 2018-05-23: First Release(cross Ref)

29. Srivastava, S., Divekar, A.V., Anilkumar, C. et al. (2021)’ Comparative analysis of deep
learningimage detection algorithms.” J Big Data 8, 66. https://doi.org/10.1186/s40537-021-
00434-w(Cross Ref)

30. Sangeeta M.B, Dr. Harsh L. (2022).” Comparative Study of Various Deep Learning Object Detection
Algorithms, Semiconductor Optoelectronics, Vol. 41 No. 12 (2022), 1629-1646 https://bdtgd.cn/ ISSN-
1001 5868.

31. Wong, J.K.W., et al.,(2022)’ Development of a refined illumination and reflectance approach for
optimal construction site interior image enhancement.’

32. Lin, T.; Goyal, P.; Girshick, R.B.; He, K.; Dollar, P.(2017) Focal Loss for Dense Object Detection.
arXiv ,arXiv:1708.02002.

33. Sermanet, P.; Eigen, D.; Zhang, X.; Mathieu, M.; Fergus, R.; LeCun, Y. (2013) Overfeat: Integrated
recognition,localization and detection using convolutional networks. arXiv 2013, arXiv:1312.6229.

34. Liu, W.; Anguelov, D.; Erhan, D.; Szegedy, C.; Reed, S.; Fu, C.Y.; Berg, A.C. (October 2016) SSD:
Single Shot MultiBoxDetector. In Proceedings of the European Conference on Computer Vision,
Amsterdam, The Netherlands,8-16;

35. Redmon, J.; Farhadi, 2017,A. YOLO9000: Better, Faster, Stronger. In Proceedings of the 2017 IEEE
Conference onComputer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21-26 July 2017;
pp. 6517-6525.

36. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. InProceedings of
the IEEEConference on Computer Vision and Pattern Recognition, Las Vegas, CA, USA, 26 June-1
July 2016; pp.770-778.

IJFMR250345817 Volume 7, Issue 3, May-June 2025 10



https://www.ijfmr.com/
https://bdtgd.cn/

i International Journal for Multidisciplinary Research (IJFMR)

LJFMR E-ISSN: 2582-2160 e Website: www.iiffmr.com e Email: editor@ijfmr.com

37.Sangeeta M. Borde, Dr. Harsh Lohiya,(2023)”Tensorflow-Powered Real-Time Object Detection For
Vehicle, Helmet, And Number Plate Recognition”. Journal of Namibian Studies: History Politics

Culture, 35, 208-221.

11

Volume 7, Issue 3, May-June 2025

[JFMR250345817


https://www.ijfmr.com/

