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Abstract

Objectives: To detect object localization in visualizing Synthetic Aperture
Radar, known as SAR Satellite Images, by introducing an additional angle to
rotate and fit the orientation of the object placement, which is more precise,
essential for investigating vehicle targets in a wide area of remote sensing
technology. Methods: The orientation of the object detection is carried out
on Ka, Ku, and X bands of data by exhibiting richness, stability, and challenge
as fundamental properties. The SAR Image data for the VEhicle Detection
(SIVED) dataset involves complex background information with 1044 chips and
12,013 vehicle instances of SAR images. The collected dataset demonstrates
the usage of detecting buildings, vehicles, ships, oil tanks, security, and
damage control assessment. The pre-trained deep learning bounding box
algorithm is used to predict and detect vehicle targets with high speed and
efficiency. Findings: The achieved results for detecting the object localization
evaluation score for YOLOv8 Oriented Bounding Box (OBB) one-stage detection
are 98.837 and 98.52 for recall and precision, respectively. The proposed
YOLOvV8 one-stage detection algorithm surpassed all other traditional models,
achieving an outstanding mean Average Precision (MAP) of 99.83. Further,
the losses obtained are minimal with box loss and class loss of 0.5015
and 0.29082, respectively. Novelty: Enhancing object localization in vehicle
targets helps to systematically estimate the detection rate, computational
complexity, and resource utilization by optimizing traffic planning and reducing
environmental effects. Orientation performance and features play a key role in
measuring the relative importance of SAR images, leading to a better decision-
making process. The earlier research efforts considered the architecture of
axis-aligned bounding boxes to optimally enclose an object. This prevents
customized axis-angle representations. The proposed work is enhanced by a
more optimized architecture with specific transformations for handling rotated
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objects. Moreover, the proposed work is used to fine-tune anchor boxes for
better bounding box representation in SAR images. Further, the geometry
of rotating boxes is crucial in improving the convergence rate between the
predicted region and the ground truth angle. To be more precise, the speckle
noise augmentation, refined anchor-free mechanism, and multi-scale feature
aggregation attributes are effective in detecting SAR vehicles as depicted in the
experimental results. The code and data are available at the GitHub repository
given as SudheerReddyBandi/ICAMADA2024VNRVJIET (github.com).
Keywords: OBB; YOLOVS8; Remote Sensing; Object Localization; Rotating
Angle; Vehicle Detection; Sentinel Data

1 Introduction

In recent times, the usage of high-resolution SAR satellite images has been widely
adopted to automatically detect moving targets in infrastructure maintenance, resource
inspection, disaster prevention, urban agricultural planning, and other global economic
assessments. Due to complex angle alignments and arbitrary background indifference
in satellite imagery, there is a need to analyze semantic information while expanding
vehicle target detection. Incorporating potential enhancements in target detection
focuses on adapting anchor boxes to different objects and aspect ratios by explicitly
mapping relevant image regions for improved feature representation. The existing works
are limited to tracing rectangular axis areas; on the other hand, not capable of locating
rotated bounding box angles in detecting densely positioned vehicle targets. With
advancements in Deep Learning (DL) algorithms gradually integrated with the SAR
image dataset to provide a comprehensive understanding of robust target detection in
traffic surveillance scenarios. Although reducing the quality of the image and making
object detection difficult due to increasing noise level, hard to identify the heavy vehicles
due to poor contrast, misrepresentations of object shapes due to geometry occlusions
and the need for arbitrary OBB detection for analyzing the similarity of target objects are
the unique challenges to justify the review in more depth. Considering the huge quantity
of data in monitoring the visuals of traffic situations, the proposed work emphasizes
core components by building a highly significant architecture to detect the vehicles’
movements precisely in real-time applications. Moreover, deep pre-trained network
models help to automatically abstract the high-level features in target detection and
tune their object shapes with rotated anchor bounding boxes in complex backgrounds.
Due to dominant performance in various fields, many researchers practically use deep
networks to detect SAR vehicles for long-term groundwork improvements and global
transportation.

Intelligent vehicle detection system visually optimizes the movements of traffic
patterns in urban areas using innovative technologies and big data analytics to measure
the location of weak lane lines robustly, identify road areas during climatic conditions,
and environmental illuminations circumstances, thus improving the community
livelihood V. Cloud servers are equipped to store the captured images using sensors,
cameras, drones, satellites, and other complex algorithms to process and generalize data
efficiently. This technological revolution helps to use advanced data transmission to save
time and cost while extracting the needed information in a notable time . The multi-
scale rotational dense network will enhance ship detection using rotational-invariance
features across various axes in SAR images. This model does not generalize well for
other types of detection because of the complex background noise . The concept of
the YOLO algorithm is introduced to optimize target detection by filtering the noise
ratio and identifying objects with arbitrary orientations with improved accuracy. Its
performance is limited due to variations in the background poses, axis anchor
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alignment, and data imbalances®. The advanced anchor-based one-stage model detects oriented bounding boxes in
recognizing the overlapped vehicle movements, leading to average performance. The features, such as horizontal and vertical
alignments, are marked easily in satellite images from a wide resolution angle. It helps to visualize the highlighted information
easily by making manual adjustments in axis alignments. The problem with this model is that additional parameters are required
to make the bounding box fit the target concept ). To reduce the parameters, deep network models integrate the spatio-temporal
imbalances and address the system performance with improved speed and accuracy. The automatic localization of objects is
not handled well in the YOLOV7 model ©®. The fusion of algorithms using YOLOV5 and YOLOV$ measures the conjunction
rate and automatic rotational scales through the deep features of network functions”.

Further, various studies suggest that the YOLO deep network algorithm is utilized for most important object detection
systems. YOLOVS8 will significantly handle complex data representation and enhanced feature similarity by including a
Deformable Attention Module (DAM). The challenge of upholding the densely allocated vehicles needs to be considered
for higher evaluation results®. Further, in the literature®), there are a few limitations such as data quality, data availability,
high resolution challenges, training complexity, and oriented boundary boxes, which are the main objective of the proposed
work. These limitations shall be overcome with the proposed YOLOv8-OBB technique. In later stages, improvements in
major YOLOV8 algorithms make the target detection converge quickly with fewer threshold variations. Thus, introducing the
hyperparameter in the network model provides a change of loss function, adapting to minimize the error rate in analyzing the
target object ). Also, the new customized deep network uses a fusion of model features to prioritize the two-stage multi-scale
detection of targets effectively with less error and an increase in accuracy!?. Data variability brought on by varying weather
conditions, the likelihood of false positives and false negatives, and imprecise tracking are some of the limitations related to
data, tracking algorithms, and modeling'?). Further, the literature works on SAR ships. The YOLOv8-OBB object detection
framework overcomes these limitations through a dynamic anchor-free design to develop data in various scales and sizes. In
addition, DeepSORT is constructed for improved consistency and precision, and learning complex feature representations to
recognize subtle object properties, reducing false negatives. The technique in ! faces issues like detecting small objects, false
positives, false negatives, and image quality sensitivity. YOLOv8-OBB, designed for varying object orientations with FPN and
PAN, improves detection accuracy by reducing false negatives and positives by focusing on relevant features and reducing
background noise. Also, the unique feature of Bi-directional Feature Pyramid Network (BiFPN) supports in detecting small
objects. On the other hand, the methodology in ¥ is limited in detecting small shapes and optimizing the detection head with
various challenges, such as rotated objects detection, computational complexity, and generalization. However, the OBB nature
and large architecture of YOLOvS8 address the issues. Based on the above-mentioned methods, there is a research gap concerning
the architecture’s ability to manage data at various scales, rotations, and sizes. Furthermore, crucial problems remain unanswered
about the speckle noise available in SAR images. Further, there are challenges with occlusions and clutter. The aforementioned
challenges are addressed with the contributions described in a five-fold work as follows:

e The implementation of novel YOLOv8-OBB is oriented boundary box detection for better accuracy, noise reduction,
and detection of small-sized objects. Further, the important attributes are data augmentation, multi-scale feature fusion, and
attention mechanisms.

o Working with the variable SAR dataset with less spectral resolution and integrating different polarizations in adverse
environmental conditions and geometric distortions.

o This will be one of the best works in the SIVED dataset to detect the vehicles and show the path to future work for diverse
object detection methods.

o Implement the DeepSORT mechanism to improve the performance of false positives and negatives.

The huge research gap allows for evolving strong models capable of competently analyzing and combining data from diverse
vehicle detection technologies. The proposed work will include potential adaptation via transfer learning to lower noise levels,
anchor box orientation, and data augmentation in noisy situations. Moreover, tweaking model parameters increases precision
and model performance. This research will help to control SAR vehicle detection in road safety and dependability, which is an
important part of urban civilization planning and supervision, as well as traffic management.

2 Methodology

2.1 Dataset preparation

The dataset used in the proposed work is SIVED: A SAR Image Dataset for Vehicle Detection Based on Rotatable Bounding
Box in X, Ka, Ku bands, as demonstrated in!¥) and given in the downloadable link GitHub - CAESAR-Radi/STVED. The
dataset information is revealed in Table 1. The dataset is a combination of Moving and Stationary Target Acquisition and
Recognition (MSTAR)!®), MiniSAR !9, and FARAD !®) images and depicted in Figure 1. The first two columns denote the
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images from MiniSAR, FARAD, and the last two columns indicate the images of MSTAR. The proposed SIVED dataset has a
complex background with trees, plantations, road networks, and buildings.

(a) (b)

Fig 1. (a) MiniSAR and FARAD images. (b) MSTAR images

Table 1. Demonstration of the SIVED dataset used in the experiments

Data Band Polarization Resolution  Total Train Test Valid
FARAD Ka/X VV/HH 0.lmx0.lm 621 498 61 62
miniSAR  Ku - 0.lmx0.Im 100 80 10 10
MSTAR X HH 0.3mx0.3m 323 259 32 32

2.2 Methodology and Architecture of YOLOv8 1 OBB

The YOLOVS8.1 obb was built on the YOLOvV8 version with some modifications, and it is depicted in Figure 2. The strong
arrival of object detection in computer vision brought good application scenarios like target classification, self-driving cars,
face detection, manual feature extraction, and so on. With the development of neural networks, as discussed in the previous
sections, there are OSDs and TSDs. In OSD, the YOLOV8.1 version gives maximum frames per second (FPS) and floating point
operations (FLOPs) of 130 and 3.9G, respectively, that minimizes the computational complexity compared to the state-of-the-
art approaches. The name indicates that from a single-shot algorithm, detection and classification probabilities of an object
are found. Therefore, the time complexity is lower and is used for autonomous applications. On the other hand, TSDs are more
complex, with the two steps involving the feature extraction of objects using deep learning and the identification of objects from
the features in the second stage. Hence, these are not trained for end-to-end applications. The basic components of YOLOvS.1
obb are detailed below:

Backbone Network Module (BNM): This is in the early stage, where the convolutional blocks are used along with the Darknet
to extract the image features from low-level to high-level at different resolutions. The activation function Sigmoid Linear Unit
(SiLU) is implemented to avoid vanishing gradient problems and benefit from smooth gradients.

Neck Network Module (NNM): This is also known as Path Aggregation Network (PANet). The features extracted from the
previous networks are merged to make good predictions of objects of varying sizes and in adversarial conditions. However, this
is possible with the help of the Spatial Pyramid Pooling Fast (SPPF) block. Both the Backbone and Neck Network modules are
custom-designed for real-time performance.

Head Network Module (HNM): In this module, the features from the PANet are considered for predictions of class bounding
boxes. Further, there are numerous results such as confidence scores indicating the object class, class probabilities, and the
possibility of an object being present. The HNM is designed to overcome the limitations of the Yolov5 OBB version in terms of
OBB parameter predictions, geometric distortions, and image contrast enhancements.

2.3 Innovations in YOLOvV8 1 Oriented Bounding Box (OBB)

In the earlier versions of Yolo, the bounding boxes are rectangular grids without any angles. The v8.1 version breaks through the
earlier versions to find the objects with various rotations and angles under different environmental and occlusion conditions.
Ahead of digging into YOLOVS, it’s important to understand the particular challenges of SAR image vehicle detection. The
most trivial challenges are speckle noise (dense noise), geometric distortions (terrain, sensor geometry, and motion), vehicle
orientation, and image contrast (sensor characteristics). The architecture of YOLOv8.1 OBB is designed over other approaches
to overcome these shortcomings. For instance, the dense noise will impact the detection rate if we use YOLOv5 OBB or other
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Fig 2. The three stages of Yolov8 architecture

standard approaches, but this shall be reduced with the non-max suppression nature and the architectures of the neck and
backbone, respectively. Geometric modifications included in data augmentation can enhance the model’s ability to withstand
distortion. Rotation, scaling, shearing, and perspective transformation are methods that can replicate real-life situations and
enhance the model’s adaptability. The primary component of YOLOV8.1, probably a convolutional neural network, is designed to
extract significant features from images. These characteristics can remain unchanged during certain geometric transformations,
enabling the model to handle distorted objects. However, the orientation shall be controlled by the OBB nature of the proposed
work. Finally, the image contrast can be effectively handled by the special segmentation capabilities and classification qualities of
YOLOVS.1 OBB incorporated into the pipeline. Enhancing the training database with images with varying contrast levels may
improve the model’s robustness. This includes raising or lowering contrast and maybe generating synthetic contrast swings.
Using histogram equalization on photos during training can help standardize contrast and improve overall performance.
YOLOVS.1 most likely makes use of a strong framework capable of extracting distinguishing features even in low-light settings
and high contrast settings.

Hence, the model is particularly used in satellite remote sensing to discover numerous objects such as ships, buildings, and
vehicles. Further, the OBB technique excels in object outlining through image segmentation, uncovering various application
scenarios, and object analysis. The proposed model is created on the previous techniques to improve the general correctness
and robustness. Therefore, various benefits of using the OBB version include efficiency, speed, background noise reduction,
improved accuracy, and so on. YOLOv8.1 OBB modifies the head to predict OBB parameters instead. These parameters typically
include:

a) Center Coordinates (x, y): Axis-aligned bounding boxes that represent the object’s centre point.

b) Width (w): Symbolizes the width of the OBB.

c) Height (h): Symbolizes the height of the OBB.

d) Rotation Angle (0): This additional parameter specifies the rotation of the OBB relative to the image axes. This allows for
more accurate bounding of angled objects.

2.4 Framework of the complete workflow

The main objective is to localize the objects and detect the bounding boxes with certain orientations, hence the name OBB. This
feature of YOLOVS8.1 obb intensifies the performance of segmentation, classification, and performance optimizations.

1. As usual, the CNN takes the input from the user for feature extraction from the input data in the backbone network.

2. In the second step, the features from the first step are considered across different scales and predict the class probabilities
with bounding box coordinates and orientation for information fusion in PANet. The grid cells with angles are formed around
the image for predicting a set of bounding boxes. This step is for finding the orientation and generating the horizontal object
with no background.
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Fig 3. Stages at the top indicate the demonstration of normal YOLO. The stages at the bottom depict the YOLO OBB working principle

3. Now, the general approach of bounding box detection is applied with orientation offset, where each cell predicts the
bounding box with class probabilities and generates the oriented bounding box. This is achieved with a modified prediction
head network.

4. In this stage, the boxes that network with the best probability are considered. During training, the model is optimized
based on the loss calculated between the predicted OBBs and the ground truth OBBs in the training dataset. This refines the
model’s ability to accurately detect and localize rotated objects. The difference is depicted in Figure 3.

2.5 Training and Testing Process

The total number of images is 1044, with 837 images for training, 103 images for validation, and testing with 104 samples.
The division and properties of FARAD, MiniSAR, and MSTAR are given in Table 1. The training/testing/validation process
involves the Ultralytics framework and supervision library with deep learning model support for object detection, segmentation,
enhancement, and semantic segmentation. The various files used for the SAR vehicle detection are the data file, the YAML file,
the labels, and the images. YAML represents the path of the training, testing, and validation images for the reading process.
The values of the MiniSAR_61.txt file contain the following information, with variation values. Generally, the format given in
SIVED is x1 y1 x2 y2 x3 y3 x4 y4 class_index class_id.

The above information is converted into the format class_index x1 y1 x2 y2 x3 y3 x4 y4, where the values of the coordinates
are normalized between 0 and 1. The .pt files observed are the pre-trained PyTorch files. After the training process completion,
two PyTorch files are available in the train folder: (i) last.pt for resuming the training process, (ii) best.pt for the validation
and prediction process. The parameters are discussed in section 3.1 and tabulated in Tab. 3. The evaluation metrics used in the
experiments are box_loss, cls_loss, dfl_loss, precision, recall, mAP50, and mAP50-95. The mAP50 means the IoU (Intersection
over Union) average precision measured at a threshold of 0.5. The training, validation, and prediction process is executed with
the following command line interface (CLI).

!yolo task=obb mode=train model=yolov8x-obb.pt data=/content/SIVED/data.yaml epochs=150 imgsz=512 batch= 8

!yolo task=obb mode=val model=/content/runs/obb/train/weights/best.pt source="/content/SIVED/ImageSets/val/
images” save=true

!yolo task=obb mode=predict model=/content/runs/obb/train/weights/best.pt conf=0.4 source="/content/SIVED/
ImageSets/test/images” save=true

2.6 Loss function

The loss function for the proposed model is given as the sum of Classification loss (CL_loss), Binary Cross Entropy (BCE),
Distribution Focused Loss (DFL), and Complete Intersection over Union (CIoU) loss. The segmentation loss is the overall loss
of all the losses to give pixel-wise classification.

Classification loss: This function handles the correct object prediction and reduces the probabilities for incorrect object
detection. This is also known as class loss, which is categorical cross-entropy loss.

BCE loss: This is also known as confidence score loss, which predicts the presence of an object in a grid cell. The loss
calculated is the Binary cross-entropy loss. This loss is considered a high score for the actual object and a lower confidence
score for the incorrect object or background noises. This is also known as Bounding Box Loss (BBL).
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CloU loss: This loss is known as the bounding box loss that differentiates the predicted OBB and the actual OBB, with a
higher IoU value specifying a higher loss. This value is detected with the amount of region overlapped between the ground
truth and the predicted region.

DFL loss: As the name suggests, this loss is used to maintain the balance among classes in the learning process. The loss of
the easily predicted class is overburdened and improves the bounding box regression.

total_loss = BCE_loss + DFL_loss + CIoU_loss + CL_loss + seg_loss

3 Results and Discussion

3.1 Environmental setup

The experiments are conducted with different models of YOLOv8.1 OBB, and the results for 150 epochs and a batch size of 8 are
tabulated in Table 2, and other parametric values are given in Table 3. Also, as the OBB was introduced in YOLOV5, the results
are evaluated with the same. The proposed work is executed in Google Colaboratory with a Graphical Processing Unit (GPU)
and Python 3.9. The parameters inside the table indicate the class loss (cls_loss) and distribution focal loss (dfl) to balance the
imbalanced data classes. In the table, the first box_loss, cls_loss, and dfl_loss relate to the training data, secondly, the metrics
are tabulated, finally, the validation data for the losses are given respectively. The predicted results are given in Figure 4. The
results in bold indicate better results when compared to other versions.

Table 2. Results were evaluated from the YOLOVS.1 versions of vehicle detection experiments

Train Metrics Validation
Model box_loss «cls_loss dfl_loss precision recall mAP50 mAP50-95 box loss cls loss dfl_loss
YOLOv5 0.75369 0.46957 1.22307  0.9527 0.94481 0.98150  0.79989 0.75057 0.45380 1.32541
YOLOv8m 0.51116 0.29994 1.0976 0.982 0.97528  0.9896 0.84118 0.65565 0.36496 1.2288
YOLOv8n  0.6689 0.394 1.1593 0.97541 0.96948 0.98746 0.81012 0.74652 0.43302  1.2858
YOLOvSI 0.503 0.29436 1.0971 0.97832 0.97791 0.98985 0.85236 0.62891 0.35756 1.2141
YOLOVvSs 0.56557 0.33203 1.1131 0.9724 0.96727  0.98822  0.83088 0.68015 0.39955 1.2578

YOLOVS8x  0.5015 0.29082 1.0178 0.9852 0.98837  0.9983 0.86723 0.61955  0.35086 1.2031

As the oriented boundary box detection was introduced in YOLOv5 and YOLOV8.1 obb, the experiments are performed
through these techniques. There is a good progression in the YOLO techniques, as is observed from the results and the normal
boundary box detection to the OBB detection. The values in the pre-process, inference, post-process of an image, and the
training process indicate the time taken in milliseconds (ms). On the other hand, the parameter values are in the millions.
Further, from the literature and Table 3, it is clear that the Nano version of YOLO takes less time. The training time is longer in
yolov5 and yolov8x, and moderate in yolov8s.

Fig 4. Predicted results using YOLOv8.1 for FARAD, MiniSAR, and MSTAR images, respectively
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3.2 Comparison with existing approaches

The proposed methodology performance is enhanced by comparing the proposed work with various SOTA techniques such as
Region of Interest Transfer (RoI-T) 7, Cliding Vertex (GV) 1®), Single Shot Alignment Network (SSA-Net) 1°), Kullback-Leibler
Divergence (KLD)®?, Rotated RetinaNet (RR-Net) 2!, Rotated Fast Region-Based Convolutional Neural Network (RFR-
CNN) 2, Rotated Fully Conventional One Stage detection (R-FCOS) ?®), and the object detection using oriented representation
of points (ORP) ®¥). As the proposed network is a single-shot object detector, the related techniques considered are also single-
stage object detection techniques. As the proposed work is focused on Yolov8.1 obb, the discussion of other techniques is not
in our scope, but a brief description is given.

Table 3. Parameters observed from the YOLO vehicle detection experiments

Model No. oflayers Parameters GFLOPs Pre-process Inference Post-process Training
YOLOvV5 290 21.6 50.6 0.9 22.6 20 6.12e+6
YOLOv8m 237 26.4 80.8 0.3 212 18.7 2667600
YOLOv8n 187 30.7 8.3 0.3 15 17.8 2376000
YOLOvSI 287 44.4 168.5 0.3 25 16.3 2466000
YOLOv8s 187 11.4 29.4 0.2 16.1 16.3 3700800
YOLOv8x 390 69.4 263.9 0.7 25.8 16.6 5522400

The RolI-T performs better on low-resolution images and has low accuracy on high-resolution images, and the self-attention
mechanism adds computational complexity, which shall be overcome by the YOLOvS version through the advanced head
design. Whereas the GV provides the target’s precise location as stated in the findings, however the methodology is sensitive to
noisy objects and works less efficiently for longer objects. The anchor design technique and robust backbone network with
Squeeze-and-Excitation Modules (SAEM) in the proposed technique help in handling the occlusion of vehicles. The KLD
technique uses the difference between two or more distributions in the bounding box alignment, and hence, more loss is
generated. On the other hand, the proposed work has a well-designed loss function (e.g., L1, L2, IoU, angle-specific) and is
necessary for OBB detection. RR-Net is a restructured version of RetinaNet to form oriented boxes that cannot deal with anchor
boxes and generates novel regression loss, increasing the training and inference time complexity. Nonetheless, the current work
handles the arbitrary anchor boxes through the flexible and direct approach of OBB. RFR-CNN is a two-stage detector that
involves more complexity, and Yolo versions overcome the complexity with streamlining feature fusion, model depth reduction,
and efficient backbone design. Further, R-FCOS uses the pixel-wise technique to build the bounding boxes with the assistance
of a prediction head and needs to depend on varying scales. The FPN network of the proposed work represents the instinctive
nature to address this drawback. Finally, the ORP technique ?* proposed in the literature, as the name suggests, focuses on the
random prediction of oriented points. This challenge shall be addressed with the instinctive nature to address this limitation. In
addition, there are limitations on the data quality, data scarcity, background clutter, and sensitivity to noise and occlusions. These
drawbacks are overcome with the features of Decoupled Head, Oriented points, and C2f available in the proposed YOLOv8-
OBB work. Therefore, the proposed technique overcomes some of the general drawbacks of the existing techniques, such as
reduced loss in the training and inference process with the combination of losses. Also, there are various benefits such as higher
accuracy (advanced head design and loss function engineering), faster inference speed, better generalization (handling different
scales, aspect ratios, and orientations), and simpler pipeline (end-to-end training). Furthermore, the difference in the results is
validated in Figure 5 . The graphical description of the metrics evaluation of various approaches is demonstrated in Figure 6.

() (b) (¢) (d) (e) (f) (8) (h)

[ sround truth [ detected vehicie [ alsealarm [ missin vehicle (] box with large ofset

Fig 5. The first column represents (a) Ground truth and Predicted results using (b) ROI-T, (c) GV, (d) SSA-Net, (e) KLD, (f) RR-Net (g)
RFR-CNN (h) R-FCOS (i) Proposed method of FARAD, mini-SAR, and MSTAR images respectively
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Fig 6. Metrics comparison of various DL approaches

4 Conclusion

In the proposed methodology, the OBB versions of YOLOV8.1 were used for object detection. The unique ideas presented in
the proposed work were orientation agnostic detection (arbitrary angle detection), enhanced noise robustness (insensitive to
occlusions), anchor-free detection that works for the generalized SAR dataset, and optimized speed. These features were not
observed in the existing approaches. The drawbacks of the proposed work were that the layer structure is difficult to understand
and has more computational complexity. Additionally, in dense environments, the bounding boxes of vehicles may overlap,
leading to the limitation of OBB versions. Furthermore, other challenges are small vehicle detection, proper data annotation,
false positives, and data scarcity.

Moreover, the proposed work is open to many future enhancements, such as comparison to deep learning techniques
with diverse datasets (ships, buildings, and oil tanks). Also, there is a good research scope to implement the work with less
energy hardware platforms that will be useful in applications with fewer resources. Consequently, the employment of ensemble
approaches with one-stage detection and two-stage detection techniques achieves better benchmark results. Furthermore, the
model refinement should be continued on Yolov8 OBB approaches to achieve higher accuracy.
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