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Abstract. Detection and segmentation of civilian aircraft from satellite imagery has significant importance in applications for air traffic management,
surveillance, and defense. Yet, its visual confusions and lack of unification in recognition make it hard. This paper presents that by developing an efficient
YOLOv8-based model for aircraft detection, classification, and segmentation within the FAIR1M-2.0 dataset. This proposed methodology involves dataset
preprocessing and compatibility adjustments where the backbone used is CSPDarknet53 combining with the C2f module, which provides an efficient multi-
scale representation, this happens to be the most critical requirement in distinguishing between among 11 unique categories of aircraft. Including the SAM
model helps improve localization precision by achieving more accurate pixel-level segmentation. The present work effectively carried out an accurate
classification and described civilian aircraft, containing the enhanced detection and quantification capability appropriate for complex satellite-oriented
aircraft analysis. These reasons make the work satisfy the fundamental requirement for very accurate identification and evaluation of aerial images.
The approach improves the accuracy and precision of aircraft classification over delicate satellite images, and thus is useful in operations for real-time
surveillance and monitoring. Fine-grained classification and segmentation would then be able to effectively capture slight differences between aircraft
types, which are now vital to the reliable management of airspaces. This work, therefore sets a good foundation for future development and advancement
of high-resolution aerial analysis in diverse operational settings.
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PRECYZYJNE WYKRYWANIE | SEGMENTACJA SAMOLOTOW CYWILNYCH NA ZDJECIACH
SATELITARNYCH PRZY UZYCIU YOLOVS

Streszczenie. Wykrywanie i segmentacja cywilnych samolotéw na podstawie obrazéw satelitarnych majq kluczowe znaczenie w zarzqdzaniu ruchem
lotniczym, nadzorze oraz obronnosci. Ze wzgledu na wizualne podobieristwa migdzy réznymi typami samolotéw oraz brak standaryzacji w rozpoznawaniu,
Jest to zadanie trudne. Niniejszy artykul przedstawia efektywny model oparty na YOLOVS do wykrywania, klasyfikacji i segmentacji samolotow w zbiorze
danych FAIRIM-2.0. Zaproponowana metodologia obejmuje wstepne przetwarzanie danych i dostosowanie do zgodnosci, w ktérym wykorzystano
CSPDarknet53 jako baze, polgczong z modulem C2f, co zapewnia efektywnq reprezentacje wieloskalowg — jest to kluczowy element przy rozréznianiu 11
unikalnych kategorii samolotow. Wigczenie modelu SAM poprawia precyzje lokalizacji, pozwalajgc na dokladniejszqg segmentacje na poziomie pikseli.
Prezentowane badania pozwolity na doktadng klasyfikacje i opisanie cywilnych samolotéw, zapewniajgc ulepszone mozliwosci wykrywania i analizowania
obiektow na obrazach satelitarnych. Takie podejscie znacznie zwigksza doktadnosc i precyzje klasyfikacji samolotow, co czyni je przydatnym w operacjach
nadzoru i monitorowania w czasie rzeczywistym. Precyzyjna klasyfikacja i segmentacja umozliwia skuteczne rozréznianie subtelnych réznic miedzy typami
samolotow, co jest istotne dla niezawodnego zarzqdzania przestrzeniq powietrzng. Niniejsza praca stanowi solidng podstawe dla przysztych badan nad
analizq obrazow lotniczych w wysokiej rozdzielczosci w roznych kontekstach operacyjnych.

Stowa kluczowe: klasyfikacja samolotow, rozpoznawanie szczegotowe, wykrywanie obiektow, obrazy satelitarne, segmentacja, YOLOV8

instance segmentation of crown region orchard canopies,
demonstrating enhanced accuracy in natural environments [13].

Introduction

Detection, classification and segmentation of aircraft from
satellite images are of paramount importance in air traffic
management, surveillance, and national security. There exists
a greater demand for automated classification systems that could
recognize and classify an enormous number of aircraft
with greater accuracy due to their higher resolutions available
in satellite imagery. Adequate and appropriate classification
and segmentation of aircraft increases situational awareness while
utilizing all available space effectively, thus making travel
by air on time possible.

A huge number of papers discuss airplane classification
and segmentation tasks with different approaches and datasets.
Azam et al, enhanced aircraft classification accuracy using PCA
combined with fusion techniques and convolutional neural
network [1]. Castilho et al. employed machine learning methods
including support vector machines and classification trees
to accurately identify aircraft bleed valve malfunctions in real-
time systems [2]. CV et al. focused on deep learning-based
instance segmentation of aircraft in aerial images using
Detectron2, effectively demonstrating the model's ability
to accurately identify and segment aircraft [3]. Studies
[4, 7, 8, 10, 11] have highlighted the effectiveness of deep
learning models, including CNNs, EfficientNet, and Swin
Transformer, in enhancing aircraft classification accuracy
by integrating feature fusion and attention mechanisms
to boost performance on aerial and SAR images. Gao et al.
optimized the Swin Transformer for classifying aircraft based on
the MTARSI dataset that serves as an alternative means of feature
extraction along with classification [6]. Kang et al. presented
ST-Net for classification in high resolution SAR images with very
impressive accuracy obtained [12]. Khan et al. introduced a deep
learning-improved YOLOV8 algorithm for real-time precise

Liu et al aimed to design YOLO-Class-a model inspired from
the architecture of YOLO-to detect and classify targets methods
referring to aircraft in remote sensing images by satellites
so showed that based on YOLO can efficiently be used for it [14].
Studies such as [19, 21] combine spatial attention and component-
based analysis to facilitate accurate aircraft identification, utilizing
supervised learning and convolutional neural network modules
on synthetic aperture radar and radar data to enhance
interpretability in complex scenarios. Pandey et al. presented
a comprehensive  multimodal  segmentation  approach
by combining YOLOv8 with SAM and HQ-SAM models,
achieving impressive accuracy in medical imaging segmentation
tasks [16]. Poojitha and Nasreen proposed a highly accurate
aircraft recognition system using EfficientNet with a focus
on fewer parameters, which can further be used in optimizing
the parameters of YOLOv8 [17]. Sapkota et al. compared
YOLOv8 and Mask R-CNN for instance segmentation
in complex orchard environments and highlighted the strengths
and limitations of each model [18]. Sun et al proposed Scattering
Characteristics Analysis Network as an alternative to the scarcity
of the number of labeled data for aircraft classification in SAR
images [20]. Zhao et al designed a pyramid attention dilated
network to enhance detection accuracy for SAR images [29].
Although the account assimilates such recent advances,
this task is still quite challenging to differentiate between many
classes of aircraft based on satellite imagery because most types
of aircraft are visually alike. Researchers [22, 23, 25] investigated
scattering characteristics and pyramid attention methods in SAR-
based aircraft identification to enhance spatial context recognition
and position determination in densely populated areas. Recent
studies [27, 28] have shown that YOLOvV8 and advanced
segmentation frameworks such as Detectron2 and Mask R-CNN
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perform effectively in instance segmentation tasks, particularly
in intricate and real-world settings such as orchards and aerial
photography. Aircraft of many types resemble each other
so that the model developed has to work with high accuracy
in classification and fine-grained segmentation of various types
of aircraft in satellite images.

Wang et al. in 2023 also proposed advanced model
of YOLOV5 for a more proficient recognition of aircraft targets
in SAR images, and work presented here may be extended
in developing YOLOV8 [24]. These references are important
as they include architectures similar to the one deployed, object
detection, and classification in high-resolution images; hence,
approaches toward addressing challenges like data scarcity
and model optimization, etc., are necessary.

The goal of this research is the development of an aircraft type
detector model, that is, a YOLOv8-based detector model.
This model uses the FAIR1M-2.0 dataset to classify and segment
the particular aircraft types involved. The methodology
implemented is filtering the dataset to only include images
of aircraft, then converting XML-based bounding box annotations
into YOLOv8-compatible .txt format. The YOLOv8 Nano model
features a CSPDarknet53 backbone for feature extraction, the C2f
module for fusing feature maps, and multiple detection heads
for predicting bounding boxes and estimating class probabilities.

1. Literature review

Azam et al. [1] used PCA with feature fusion within
a Convolutional Neural Network for the classification of aircraft.
The authors combined handcrafted LBP features with deep
features extracted from AlexNet and Inception V3, using CNNs.
Then, these features are fed to PCA for dimensionality reduction
as well as improving the classifier performance. The linear SVM
classifier tests the MTARSI set to achieve 96.8% accuracy.
This is an indicator of a good feature choice and working;
however, its dependence on manually engineered features
and the intricacies entailed in feature fusion exposes some
challenges as regards handling new data and its adequacy
with available computational resources.

CV et al. [3] use deep learning to the instance segmentation
of aerial imagery concerning aircraft as the chief tool machinery
using the Detectron2. Compared with other types, such
models correctly identify and distinguish various sorts
of aircraft in complicated aerial images. Results from testing yield
an F1 score of 91% on the Aerial Images for Aircraft Detection
dataset, meaning the model performs well in several
environmental settings and, thus, is an extremely valuable asset
for applications in aerial surveillance and military.

Gao et al. [6] utilized the MTARSI dataset in their
"Optimizing and Evaluating Swin Transformer for Aircraft
Classification" research as an experiment for utilizing Swin
Transformer on tasks of aircraft classification. Their effort
on trying to optimize the models chosen prominently highlighted
training schemes development, resulting in excellent validation
accuracy levels of 99.4% in super-resolution-free testing, while
the utilization of super-resolution methods attained 99.5% levels.
The authors have mentioned that the MTARSI dataset is very
simple with limited diversity and perhaps also misannotated. Such
a restriction makes the model less capable of generalizing well
beyond simple scenarios to complex real-world scenarios and out-
of-distribution test samples even though it has excellent near-
perfect performance on validation sets. The study thus clearly
shows that benefits and challenges when using advanced models
like Swin Transformers in niches like aircraft classification come
together.

Hassan et al. [9] presents a deep learning-based framework
designed for automatic airplane detection in satellite imagery.
It accounted for some loss of information from the resizing
and includes both the mosaic layer after the output of the detection
layer and the split layer before the input. Their proposal
framework used faster R-CNN for the detection, and Inception v2
as a feature extractor. The model tested on Google Earth datasets
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and proved excellent detection accuracy of airplanes. Though
a very good detection accuracy and a new strategy towards
the challenge of solving in image resizing, adding Faster R-CNN
and Inception v2, do make the model more complex. If one
applies only the transfer learning technique, its application
scenarios may be limited in the cases of different remote sensing
images or new datasets.

Kang et al. [12] presented ST-Net: a new approach in the field
of classification of high-resolution aircraft in SAR images
with a module simulating spatial relationships and semantic
interactions between discrete scattering points for variability
in SAR imaging as well as aircraft scattering characteristics.
Performance is based on Context Attention Excitation that
enhances global and semantic representations of information while
deleting interference from the background as well as ambiguity
during classification. Thus, superior classification performance
on the SAR-ACD dataset is achieved with ST-Net as it correctly
justifies complete exploitation of its capacity in discriminating
useful features and modeling complicated scattering topologies.
Its implementation complexity and potential for overfitting
to a particular training dataset would also affect its generalisability
to various SAR imaging conditions as well as practical
applications.

Khan et al. [13] recently published a state-of-the-art YOLOV8
algorithm for real-time segmentation of orchard canopies
in the crown region in natural environments. It removes conditions
including occlusion and variability in illumination, which should
give a quite fair canopy segmentation. The Orchard Canopy
Segmentation dataset was utilized for the purpose of results
evaluation; it brought forth a mean Intersection over Union
(mloU) of 88%, making it appropriate for agriculture's monitoring
and management applications.

Liu et al. [14] developed the improved model named YOLO-
Class based on the method of classification and the detection
of aircraft over remote sensing imagery by satellite by adopting
the YOLOv5 approach. The model employed all the
improvements including Representative Batch Normalization,
Mish activation function, optimized convolutional modules,
and VariFocal loss due to imbalanced data sets. This integration
comes with a backbone that improves detection accuracy from
0.608 up to 0.704 and FPS from 36.16 to 39.598. YOLO-Class
shows excellent performance on small, dense, or occluded objects
but at the same time loses much in terms of complexity
and susceptibility to overfitting with specific optimizations,
which proves relatively important for broader applicability
and generalization over various datasets and scenes in the real
world.

Nie et al. [15] specifically develop an adaptive approach
termed Adap-EMD for the task of fine-grained aircraft
classification in remote sensing. It incorporates FSL techniques
that utilize EBAM — an efficient block attention mechanism —
and AFMF — an adaptive feature measurement filter — as means
of addressing data scarcity. EBAM captures better global feature
maps by incorporating channel and spatial correlations; AFMF
boosts the accuracy in computing similarity by focusing strongly
on key information of the feature map. Adap-EMD performs
better than state-of-the-art models on benchmark datasets for few-
shot aircraft fine-grained recognition with better performance
at a minimal computational overhead. There is a dire lack of fine-
grained aircraft data in remote sensing that affects model
training; furthermore, few-shot learning is extremely challenging
and requires advanced strategies to achieve the highest accuracy.

Pandey et al. [16] suggested a complex multimodal
segmentation method for medical images, making use
of the YOLOv8 model, and SAM along with HQ-SAM
models. The resulting framework increases the accuracy level
for segmentation since it takes complementary information
obtained from the various modalities; thus, it demonstrates
significant improvements in many anatomical structures'
recognition within medical images. Experiments were successfully
carried out on the dataset Kaggle Medical Segmentation with
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a fantastic accuracy of 93.7%, which can be applied to clinical
cases requiring high accuracy levels.

Poojitha et al. [17] in Aircraft Recognition System, used
the EfficientNet B3 model, to classify and recognize the military
aircraft with much accuracy. It uses deep learning algorithms
and computer vision-based techniques to automatically enhance
aviation security by aircraft detection. The proposed model
was also much better when compared with the architectures
of VGG16, InceptionV3, and ResNet50 and attained the accuracy
of 95.76%. This system is excellent for applications requiring
high accuracy, real-time operations, with efficient processing
and where model complexity demands plentiful amounts
of computational resources and long training times because
the system is deep and possibly complex and may thereby affect
the deployment speed to be used in fast operational scenarios.

Sapkota et al. [18] performed the experiments of YOLOvVS
and Mask R-CNN in more complex scenarios of orchard
application. According to their results, as though both models
represented competitive results, it is claimed that the developed
YOLOV8 attained better speed and efficacy under a real-time
scenario. After applying the Complex Orchard Segmentation
dataset, YOLOV8 attained an mloU of 85%, and thereby showing
that the proper choice of model with the needed specifics
is required, especially for application domains within precision
agriculture where the right information is timely critical.

Sun et al. [20] proposed in synthetic aperture radar images
and tested in high resolution, the Scattering Characteristics
Analysis Network for few-shot aircraft classification. A new
network, less training data compared to other networks,
sets in a novel technique of analyzing scattering characteristics,
which are crucial in aircraft-type distinctions. On the SAR images,
target discreteness and background interference are two aspects
that SCAN perceives to reduce false alarms and enhance class
classification accuracy. It demonstrates efficacy on the SAR-ACD
dataset-improving the structural correlation between scattering
points while suppressing clutter interference. Biases involved
in current datasets carry some of which include limitations
in few-shot learning for SAR images would challenge the direct
applicability and performance evaluation.

Yang et al. [26] proposed the new framework of plant
leaf image segmentation with the integration of an advanced
DeepLabV3+ model and YOLOV8 architecture. The main
objective of this research work is to improve the accuracy
of segregation for leaf plants as this is important for analysis
and monitoring in the agricultural field. This is achieved through
the primitive object detection scheme with the help of YOLOVS
followed by pixel-wise segmentation with an advanced
DeepLabV3+.The experiments were carried out using
a diversified dataset of plant leaf images, that have been
intentionally composed from different species and contexts
The evaluation metric shows that the proposed approach reaches
an average loU of 93.6%. The huge improvement with respect
to standard methods applied in segmentation demonstrated
in the proposed approach testifies to the fact that using YOLOVS8
within efficient segmentation models is a clever idea for detailed
high-resolution analysis of plant leaf images.

2. Methodology
2.1. Task definition

Ensuring the safety and efficiency of air travel is of utmost
importance in the aviation sector. The early and precise
identification of aircraft in a variety of operating settings
is a critical component of this endeavor. However, the creation
of automated solutions is required to expedite this work because
human aircraft identification procedures are laborious and prone
to mistakes. With a particular focus on the YOLOv8 Nano model,
the research intends to use deep learning techniques to construct
an effective aircraft identification and segmentation system
in order to meet this demand.
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Aircraft counting involves the application of computer vision
techniques to accurately determine the number of aircraft present
in a given scene or image. Utilizing algorithms such as object
detection and image segmentation, aircraft counting systems
identify and localize individual aircraft within the image.
By analyzing the spatial distribution and characteristics
of detected aircraft, these systems can provide precise counts
in various environments, including airports, airspace, or aerial
imagery. Aircraft counting enhances operational efficiency
and safety in aviation by facilitating real-time monitoring
of air traffic and resource allocation.

The study uses visual clues taken from optical pictures
to classify airplanes. The capability of YOLOV8's sophisticated
pattern recognition to distinguish between different types
of aircraft increases the level of detail in airspace monitoring.
Deep learning algorithms and other computer vision techniques
are frequently employed for this kind of work. These systems
learn to distinguish between passenger jets, cargo planes,
helicopters, and other aircraft variants by training models
on annotated datasets including photographs of different aircraft
types. Awviation stakeholders can gain significant insights
from aircraft classification, which facilitates a better knowledge
of fleet compositions, airspace usage, and operational patterns.

2.2. Proposed model

Our proposed airplane type identification and segmentation
methodology on the FAIR1IM-2.0 dataset actually is three-step-
preprocessing of the data, followed by the training of YOLOV8
Nano on the models and then evaluation. Data preprocessing
includes conversion of the original XML annotations of bounding
box coordinates into the traditional YOLOV8 format, that is,
xt format. After that, the dataset filtered images containing
different types of aircraft so that our data would be relevant
to our classification task. In addition to that, all images are resized
to uniform resolution amenable to training YOLOV8 Nano.

It utilizes the YOLOV8 Nano model at the training stage.
This model has been selected for an optimal balance between
precision and computational requirements. Hence, it is very
suitable for such an application with the use of high-resolution
satellite imagery. The YOLOvV8 Nano model learns by utilizing
a preprocessed FAIR1M-2.0 dataset to carry out feature
extraction as well as instance detection regarding aircraft. It first
of all categorizes the aircraft, after the aircraft are sensed,
according to classes like Boeing 737, Boeing 747, Airbus A320,
and many more.

It finally evaluates the performance of the model. To measure
the accuracy of the model with which different types of aircraft
are classified, scores like Precision, Recall, F1-score, and mean
Average Precision or mAP are used. At last, a comparison with
traditional methods is carried out to point out the progress
acquired and to outline possible directions for future
improvement. The process flow of the proposed model is shown
in Fig. 1.
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2.3. Dataset description

The FAIR1M-2.0 dataset is originally created, focusing
on high-resolution satellite images particularly designed for tasks
requiring detailed object detection and recognition. It comprises
15,000 RGB images sourced from Gaofen satellite by accessing
Google Earth. The dataset features rich annotations that use
rotated bounding boxes for more accurate depiction of the
orientation of different objects and scenes, with 37 subcategories
across five major categories: ships, vehicles, airplanes, courts, and
roads.

It filtered the FAIR1IM-2.0 dataset for aircraft images only.
Filtering only for images containing aircraft resulted in a subset
of subsets of various categories of aircraft. Besides that,
the dataset was well-curated towards 11 specific aircraft types
as shown in Fig. 2, which gives better precision in detection
and classification effort and effect.

Translating these initial XML-formatted annotations
of bounding box coordinates on aircraft instances into standard
YOLO format (.txt) will make them compatible with the needs
of the YOLOvV8 model. Thus, it would be easy to implement
inside the Ultralytics YOLOv8 Nano framework. Annotations
for other objects which are not aircraft have been excluded
to make this dataset narrow to exclusive aircraft identification
and classification.

The architecture of the model used for this research is shown
in Fig. 3.

Images from the dataset for reference are shown in Fig. 4
and Fig. 5.
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Fig. 3. YOLOV8 architecture [5]

p-ISSN 2083-0157, e-ISSN 2391-6761

et

Fig. 4. Image from the FAIR1M-2.0 Dataset [19]

Fig. 5. Image with bright background from FAIR1M-2.0 Dataset [19]

2.4. Data preprocessing

The preprocessing of the dataset is our first step in our
approach, making sure it gets put into a proper form to train
the YOLOV8 Nano model. The dataset FAIR1M-2.0 is annotated
in terms of XML stating coordinates for the bounding boxes
of aircraft instances, and these XMLs are turned into .txt, which
is common in use when annotating about to use a model like
YOLO. Each file of the .txt contains a class label along
with normalized coordinates of bounding boxes in such a way
that annotation could match up to the specs of the YOLOv8 Nano
model.

We then curate that set more into images of merely airplanes
belonging to different classes of aircraft, disregarding other object
categories such as vessels, cars, parks, and roads. In this way,
it will ensure the set only consists of images with regard to aircraft
classification. Hence, the images are resized to a uniform
resolution often of 640x640 pixels so that standard dimensions
for the input to the model can be stipulated. This ensures
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consistency and that the training of the model is efficient as well
as effective.

Other features that improved the high-resolution pixel-level
segmentation functionality applied to create the masks included
the application of the Segment Anything Model, or SAM. These
are quite effective at identifying very fine characteristics
within complex images. SAM employs deep learning techniques
for automatic generation of high-quality segmentation masks
delineating the objects of interest, in this case, aircraft within
a satellite image.

The integration of SAM into the workflow is based
on improving the segmentation process, so for each aircraft,
precise masks were available. Methodology: input satellite images
were taken into the SAM framework, where visual information
was automatically processed and segmentation masks describing
contours of each aircraft were produced. Critical annotations;
these masks genuinely enhance the efficacy of next-level
segmentation algorithms.

3. YOLOvV8 nano model training

The training portion is focused on using YOLOvV8 Nano
model. The choice has been done with YOLOV8 Nano as it is
basically an optimal design well balanced in terms of accuracy
with computational efficiency, which makes it very useful
for high-resolution satellite image analysis when computational
resources are in short supply.

The preprocessed images with their annotations taken
as input in the training of the YOLOV8 model. This led to inputs
into the model which would detect and classify as many types of
aircraft that appear in the images.
The CSPDarknet53 components include a neck and head structure
to input data from input images. The proposed method outputs
bounding boxes for the detected objects along with their
objectness scores and class probabilities.

Alongside the typical YOLOVS loss functions — classification
loss, localization loss, and objectness loss, the segmentation model
incorporates an extra loss function that is dedicated to evaluating
the precision of the predicted segmentation masks. Mask loss
might differ from the differences that occur between the masks
generated and the real masks presented by SAM. The model
refines its prediction based on the differences identified wherein
masks closely resemble the real boundaries of aircraft.

During training, the model is designed to predict everything
at the same time-that is, object detection's bounding boxes
and the segmentation pixel-level masks. The common features
existing between these two, namely the detection task
and the segmentation task, can be exploited in the dual-task
architecture of the model to better facilitate accuracy in these
two tasks. It systematically reduces the loss function describing
the differences between the bounding boxes and class labels
predicted and true bounding boxes, class labels, and segmentation
masks. Therefore, it enhances not only the accuracy of recognition
but also delimiting different types of aircraft while strengthening
the reliability and efficiency of segmentation.

3.1. Evaluation

The last step involves the performance evaluation
of YOLOVS. In order to evaluate our model, we used different
measuring criteria. We employed various evaluation metrics
to measure the model's accuracy and to identify differences
when sorting aircraft accurately. This includes Precision, Recall,
F1-score, and mean Average Precision (mAP).

e Accuracy is the number of true positives divided by the total
number of positive events.

o Recall assesses the degree of correct identification
and measures the ratio of correctly identified positive events.

e Fl-score is the harmonic mean of Precision and Recall,
used as a single metric to weigh the costs and benefits.
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e Average Precision(AP) measures the average precision
across all classes and provides a balanced measurement
of the model’s performance.

e Mean Average Precision (mAP) calculates the mean
of the average precision scores for each class, serving
as a comprehensive metric for assessing overall model
effectiveness in multi-class scenarios.

The evaluation of these metrics defines the value of the model
and highlights any areas for improvement. We also compared our
results with those obtained from known methods to demonstrate
the validity of our approach. This comparison reveals whether
improvements have been made and identifies areas that may
benefit from further research.

Algorithm 1: Generate Segmentation Masks

Input: Dataset D; Detection Model M, ; Segmentation Model
SAM; Threshold T

Output: List of segmentation masks M.

Initialize an empty list of masks M.

2. For each image I in the dataset D:

1. Use the detection model M, to identify objects in image I,
generating a set of predictions in the form of pairs: (B;,C)),
where B; is the bounding box and C; is the class label for
each detected object from i=1 to K.

2. For each bounding box B; in P:

1 Extract the region of interest (ROI) R from | based on
B;.

2 Apply SAM to generate a mask M; for the ROI R.

3 Refine the mask M; by applying the threshold T.

3. Combine all masks M; for image | to produce the final
mask M for that image.

4. Append the final mask M to the list M.

5. Return the list of segmentation masks M.

=

Generating Segmentation masks is imperative to fine-grained
civilian aircraft detection and segmentation in satellite imagery
because these masks ensure pixel-level precision needed
to differentiate various types of aircraft. Interesting as it may
sound, while other algorithms would at best generate only simple
bounding boxes, the information captured by the model through
segmentation masks would be crucial in picking out subtle shape-
based features that distinguish between quite similar types
of aircraft. That increased accuracy is particularly important
for complex satellite imagery, where aircraft may be very close
or partially obscured by other objects. Such masks also allow
for post-processing analysis, calculating shape-based metrics
for the visual results, making it easier to understand the outcome
for end-users.

Algorithm 2: Aircraft Detection and Segmentation

Input: Dataset D with bounding box annotations and
segmentation masks; Number of epochs E; Batch size B;
Learning rate LR
Output: Trained model M; Detection results R.
1. [Initialize the YOLOvV8 model M.
2. Split the dataset D into a training set Dy, and validation set
Dval-
3. Preprocess images in Dy, and Dy,
1. For each image | in Dy
1. Clean and augment I.
2. Normalize I.
3. Resize | to the input size (H, W).
4. Convert annotations A to YOLO format.
2. Foreach image I in Dyg:
1. Normalize and resize I.
4. For each epoch from 1 to E:
1. Shuffle Dygin.
2. For each batch B in Dygin :
1. Load batch images and annotations.
2. Feed images through model M to generate predictions
P.
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3. Calculate the loss L between predictions P and the
ground truth annotations.
4. Update model weights using backpropagation with
learning rate LR.
5. Validate the model M on D,,:
e Foreachimage I in Dy,:
1. Feed I through M to obtain predicted bounding boxes
B and class labels C;.
2. Apply non-maximum suppression to remove duplicate
predictions.
3. Store results R={(l1,B,C))}.
6. Return the trained model M and detection results R.

This algorithm outlines the training process for a YOLOv8
model on object detection and segmentation tasks with
an annotated image dataset using bounding boxes
and segmentation masks. First, initialize the model and split
the set into training and validation subsets. All images in both
subsets are preprocessed, augmented, normalized, resized,
and transformed to the appropriate YOLO format. Then
the epochs iteration process occurs; data is shuffled and batched
accordingly. This is a computation of loss between the predictions
of a model and actual annotations of each batch. It updates
the weights by backpropagation. After each epoch, it tests
the performance of the model using predictions from the model
on the validation set, applying non-maximum suppression
to remove duplicate predictions ensuring each aircraft is counted
only once, and saving the output. Finally, the algorithm outputs
the trained model and detection results, hence providing an all-
inclusive output of civilian aircraft detection and segmentation.

3.2. Mathematical relations

Leotar = Lloc + Leons + Letass + Lseg (1)
Lige = Acoora Xizo S0 177 [Ct = )% + (v = 92 +

+w—-w)?+ (h— ;)] o)
Leonf = Oz] 107 (C - 6 )2 +

+ 25, 1 (6 - 6 3)

Letass = 220 17" Teectasses Pice) = pi(c))z 4)
Loeg = =7 201 261 (mclog(Fnc) +

+(1 = ync)log(1 = 9nc)) ©®)

LSS = Acoora Lizo Ximo Wij” [(i — £) + (i — 912
A N2
+Aob1 ZL OZ? 0 WObj (C' - C') +

FAmask Dm0 I Ob’ MaskLoss(M,,M ) (6)
Recall:
TP
. T TP+FN ™
Precision:
TP
T TP+FP ®)
F1 Score:
2.P.R
=% ©)
mean Average Precision (mAP):
mAP = —Z ., AP; (10)
Intersection over Union (loU):
_ Areaof Overlap
loU = Area of Union (11)
mean loU (mloU):
mloU = —Z =, loU; (12)

where FN — False Negatives, TN True Negatives, FP — False
Positives, TP — True Positives.
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4. Experimental setup and result

It is the methodology designed to recognize, classify
and segment aircraft using YOLOV8 Nano in PyTorch as well
on Google Colab using the dataset FAIR1M-2.0 — this is a total
collection of 2550 high-resolution images captured by Gaofen-3
satellite, where the bounding boxes for the aircraft, belonging
to the 11 types, have known coordinates.

This model, based on the YOLOVS8, depicts it to be very
efficient in detecting, classifying, and segmenting a civilian
aircraft from the satellite image.

The model is trained over epochs, fine-tuning parameters such
as learning rate, batch size, and augmentations to optimize its
performance. For every training epoch, forward passes make
predictions of aircraft locations and classifications and then back
propagate the loss using a custom-built function to penalize
localization and classification errors.

Moreover, segmentation accuracy was much improved since
the model was capable of distinguishing an outline of an aircraft
from a complex background. This approach of performing the task
simultaneously had improved detection precision and thus enabled
full segmentation.
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F1-Confidence Curve
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The cloud-based GPU infrastructure is used to train
the process, making use of Google Colab; the model performance
is then tested using 5-10-fold cross-validation, categorizing
the dataset into training (70%) and testing and validation (30%).
Other performance metrics are illustrated to assess the model’s
effectiveness under diverse environmental conditions and image
variations captured by the Gaofen-3 satellite. As shown in Fig. 6,
the precision curve highlights how accurately the model identifies
aircraft across different confidence thresholds. The recall
performance, as illustrated in Fig. 7, reflects the model’s ability to
detect all relevant aircraft instances. Fig. 8, as depicted, presents
the F1-score curve, showing the balance between precision and
recall. Classification accuracy across the various aircraft
categories is demonstrated by the confusion matrix in Fig. 9. As
illustrated in Fig. 10, the training and validation loss graphs
indicate stable learning and effective convergence. Fig. 11 shows
metric plots, providing insights into how well the model refines its
mask predictions over epochs. To make results accessible and
user-friendly, a dedicated interface was developed, as shown in
Fig. 12, allowing users to view detection and segmentation outputs
interactively. Accurate and consistent localization of all aircraft is
clearly demonstrated by the model, as illustrated in Fig. 13.

5. Conclusion and future work

Recognition and segmentation of aircraft types from
geospatial imagery attracts a high level of research attention.
In this paper, we first tested several datasets of satellite images
that have been predominantly utilized to date for object
recognition. We concluded that separate datasets either were
inappropriate for our area of research or had significant limitations
to be effectively applied to our project. Thus, we chose
the FAIR1IM-2.0 dataset finally for aircraft type recognition.
The great diversity and the high-resolution Gaofen-3 satellite
image are the primary reasons for selecting the dataset
for our research. The FAIR1M-2.0 is a benchmark of 2550
images annotated with accurate bounding box coordinates
of 11 specific aircraft types, against which methodologies can be
developed to identify the type of aircraft, developed and reviewed.
In addition, usage of dataset creates techniques in computer
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vision, image manipulation, and target
leading to creating aerial imageries. Our experiments
leveraged a set of cutting-edge detection, classification
and segmentation techniques focus on the YOLOvV8 Nano model.
By our experimental protocols, epochs of training, forwarding
and back-propagation and key performance metric computation
such as Precision, Recall, F1-score, and mean Average Precision
(mAP), the data show that these different methods offer a good
starting point for future researchers to perform comparative
analysis. Although the YOLOv8 Nano model was established
to be efficient in aircraft image classification, in our study,
we were limited to using only satellite-based aircraft images.
Multi-resolution  methodology's effect on aerial imagery
and relative importance of each tier of resolution in the image
classification process are not analyzed in our study. Further
development of these data sets in future research projects may
be used for exploring some advanced aircraft recognition methods.
Other goals include expanding the dataset to include
heterogeneous data, possibly even classes of objects that may exist
in a remotely sensed image.
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