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Abstract

Recent advancements in deep learning have revolutionized image process-
ing tasks such as segmentation and classification. This study investigates the
performance of U- Net-CNN models in multi-class aircraft segmentation and
classification using polygon and bounding box annotations. Military aircraft
classification is crucial for defense applications, as it aids in rapid and ac-
curate decision-making during critical missions. This study investigates how
these annotation methods affect training time, segmentation accuracy, and
classification performance in multi-class segmentation and classification tasks
involving military aircraft. The research compares polygon and bounding box
methods to evaluate their effectiveness in capturing object details and compu-
tational efficiency. While polygon annotations achieved superior precision with
a mean test accuracy of 0.987 and lower loss of 0.041, bounding boxes excelled
in computational efficiency. Future research should expand datasets and ex-
plore additional annotation techniques to further generalize these findings.

Keywords: U-Net CNN, Multi-Class Classification, Polygon Annotations, Bounding
Box Annotations, Image Segmentation.

Nomenclature

c = The convolution result

Autip+j = The component of the input matrix or image
kiy1ji1 = The element of the convolution kernel

bq = Bias

pool = Pooled feature

Conv = The convolution result

f(x) = Activation function

Softmax, = The softmax output

el = Exponential

m, = First moment (momentum)

v, = Second moment (RMSprop-like)

B, = Exponential decay rate for first moment (m,)
B, = Exponential decay rate for second moment (v,)
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g, = Gradient

m, = Bias-corrected first moment estimate
D, = Bias-corrected second moment estimate
€ = Small constant

n = Learning rate

Wy = Weights

Loss = Lossvalue

Y, = True label

v = Prediction probability

1. Introduction

Advancements in remote sensing technology and computer vision have significantly en-
hanced applications in areas such as aerial surveillance, air traffic monitoring, and satellite
imagery analysis (Maria et al., 2021; Salakhutdinov, 2015; Sternberg, 1983; Morgan et al.,
2020). However, accurately identifying, segmenting, and classifying objects in complex aerial
images remains a primary challenge. These challenges arise due to the intricate and often
cluttered nature of aerial imagery, which demands precise object recognition techniques to
achieve reliable results. Despite progress, there remains a critical gap in defining robust
methods for military aircraft classification—a task vital for strategic defense operations.

Deep learning models, particularly U-Net and Convolutional Neural Networks (CNNs),
have demonstrated remarkable effectiveness in addressing these challenges (Sun et al., 2019;
Girshick et al., 2014). However, there is a lack of comprehensive studies comparing the im-
pact of annotation methods on these models, especially when applied to military aircraft
classification. U- Net, with its encoder-decoder architecture, excels in achieving high-preci-
sion segmentation, while CNNs are highly effective in object classification tasks following seg-
mentation. Nevertheless, the performance of these models is strongly influenced by the data
annotation methods employed during training. Polygon and bounding box annotations are the
two primary labeling techniques used in image analysis. Polygon annotations provide detailed
boundaries that closely match an object’s shape, enabling the capture of intricate visual de-
tails. In contrast, bounding box annotations offer a simpler and less precise representation of
objects. This study investigates how these annotation methods affect training time, segmenta-
tion accuracy, and classification performance in multi-class segmentation and classification
tasks involving military aircratft.

This study aims to evaluate the performance of U-Net-CNN models trained using poly-
gon and bounding box annotations by examining their influence on training time, segmenta-
tion accuracy, and classification performance. The results will provide valuable insights into
how these annotation methods impact the precision and computational efficiency of automat-
ed systems, particularly in military applications. By addressing this gap, the study aims to
enhance the reliability of deep learning models for real-world defense scenarios and inform
the development of efficient image analysis pipelines.

2. Methodology

This section outlines the dataset used for training, validation, and testing of the U-
Net-CNN model, along with the data preprocessing steps involved. The segmentation data-
set comprises over 2,500 satellite images, which have been both augmented and annotated
using polygon and bounding box methods. For the classification task, the dataset includes
more than 8,000 samples from MTARSI, covering four classes: Attacker, Bomber, Carrier, and
Fighter (Ling et al., 2019). These images exhibit variability in lighting, angles, and background
complexity—factors that can influence classification performance. Challenges in the sample
images include the presence of occlusions, overlapping objects, and inconsistent resolutions,
which necessitate robust preprocessing.

The images were treated as static, with each frame representing a distinct and indepen-
dent observation. Augmentation techniques, including random rotations, scaling, and flip-
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ping, were applied to enhance model generalization by introducing diversity in lighting, an-
gles, and structural details. These preprocessing steps ensured balanced and comprehensive
data distribution, allowing for meaningful comparisons between the two annotation methods.
This setup supports an in-depth investigation into the sequence of operations—first identifi-
cation through classification, then segmentation—to evaluate U- Net-CNN performance.

2.1. Annotations

Polygon Annotations

Polygon annotation is a data labeling method in image analysis and com-
puter vision that enables the precise definition of object boundaries. As shown in
Figure 1, this method involves marking a series of connected points along the ob-
ject’s contour, forming a polygon that closely follows its actual shape. This allows
for the depiction of more complex and detailed shapes compared to the simpler,
less precise bounding box annotation (Ling et al., 2019).

Ground Truth Mask

Original Image

100

Figure 1: Polygon Annotation.

Polygon annotation is widely used in applications that require high-precision segmen-
tation, such as object recognition and shape analysis (Yang et al., 2023). By recording the
coordinates of each point, this method allows machine learning models to recognize objects
based on intricate shapes, such as curved edges, sharp angles, and protruding parts, and
spatial features, including varying textures, gradients, and spatial relationships among close-
ly packed objects. It is particularly beneficial for objects with irregular shapes or those that
are closely spaced, as it accurately traces the object’s boundaries without capturing irrelevant
background areas.

Bounding Box Annotations

Bounding box annotation is a widely used data labeling method in image analysis and
computer vision for defining the area surrounding an object using a rectangular box (Zheng
et al., 2023). As shown in Figure 2, this method involves placing a box around the object and
recording the coordinates of the top-left and bottom-right corners. Its simplicity and efficien-
cy in defining objects make bounding box annotation one of the most popular techniques in
image analysis.
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Figure 2: Bounding Box Annotation.
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2.2. U-Net Architecture

Initially developed for biomedical image segmentation, the U-Net architecture as illus-
trated in Figure 3 is tailored to improve the accuracy of object segmentation in images (Ron-
neberger et al., 2015). In this study, U-Net performs segmentation using input images of
size 256x256%3 and produces segmentation masks of size 256x256x1. The learning rate of
0.001 was chosen for its ability to balance fast convergence and stability during training,
ensuring effective optimization while avoiding overshooting minima. The model is configured
with the Adam optimizer for adaptive learning and binary cross-entropy as the loss function
to handle the segmentation task. To assess segmentation precision, accuracy is used as the
evaluation metric. The architecture of U-Net consists of four encoders that extract features
from the input image, a bottleneck layer that preserves abstract feature representations, and
four decoders that reconstruct the spatial information from the extracted features.

The U-Net-CNN model has been successfully applied in various fields, including object
segmentation in medical imaging (e.g., tumor detection) and object recognition in satellite im-
agery for disaster analysis. Initially, the model identifies objects through classification before
proceeding to segmentation, ensuring that all relevant objects are detected and appropriately
labeled. In the military context, U-Net-CNN can be employed to segment aircraft from complex
backgrounds, such as scenes with overlapping objects, variable lighting, and noisy environ-
ments. These challenges arise due to the high variability in aerial imagery, making robust
segmentation essential for mission-critical operations. Rapid and accurate decision-making
is achieved by providing precise visual outputs, which enable operators to act on detailed and
reliable information in high-stakes scenarios.

A confidence threshold of 0.5 is applied in this study to filter out predictions with lower
probabilities, ensuring that only outputs exceeding this threshold are considered valid. This
threshold prevents the inclusion of ambiguous results, thereby reducing false positives and
increasing the reliability of the system for defense applications. By evaluating two labeling
methods (polygon and bounding box) and three different batch sizes (2, 4, and 8), this study
comprehensively analyzes the trade-offs between segmentation accuracy and computational
resource utilization, offering practical insights into the performance of the U-Net-CNN model.
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Figure 3: U-Net Architecture.

2.3. CNN Architecture

The Convolutional Neural Network (CNN) model utilized in this study consists of several
key layers, starting with convolutional layers for feature extraction and ending with fully con-
nected layers for final classification (Krizhevsky et al., 2012).

Cij = (Err::é 3:_:% Ayiip+j X ki+1,j+1) + bq (1

pooly, = Max(Convy,y, CONVyyyy, CONVyys1, CONVitqp41) @
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The convolutional layers process input images of size (256, 256, 3), representing the im-
ages’ resolution and color channels. A 3 x 3 kernel is utilized in the convolutional layers, as it
strikes a balance between computational efficiency and the ability to capture spatial features.
The output of a convolutional layer is calculated using Equation (1), while Equation (2) defines
the Max Pooling function, where i and j represent the row and column indices, respectively.
In these equations, n denotes the kernel height, ¢, ; is an element in the input matrix, k,  is an
element in the kernel matrix, and b_is the bias associated with the g-th kernel. Following the
convolution and pooling stages, the data are flattened and passed through fully connected
layers. The first fully connected layer comprises 128 units, using the ReLU activation function
(Equation (3)) to capture complex patterns in the data by mapping input values to non-neg-
ative outputs. This activation introduces non-linearity, enabling the model to learn intricate
patterns. The final output layer contains four units, corresponding to the four target classes
(Attacker, Bomber, Carrier, and Fighter), and applies the softmax activation function (Equa-
tion (4)) to generate class probabilities, which represent the likelihood of each input belonging
to a specific class.

~ _(x jikax= 0

f(x) = max(0,x) = {0_ jikax <0 Y
et

Softmax; = m ?

j=1

Let x represent the input image value. The ReLU activation function, denoted as f(x),
maps x to a non-negative output, introducing non-linearity into the network. Each convo-
lutional layer is followed by a MaxPooling2D layer with a 2 x 2 pool size, which reduces the
data’s spatial dimensions while preserving critical features. After passing through the convo-
lution and pooling stages, the data are flattened and connected to the fully connected layers.
The first fully connected layer consists of 128 units and utilizes the ReLU activation function
to capture complex patterns in the data. This is followed by an output layer with a number
of units equal to the target classes, employing the softmax activation function to convert the
output into class probabilities.
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The model is compiled using the Adam optimizer, which adaptively adjusts the learning
rate based on past gradients and their squared values. In Equation (5), , and f, represent
the exponential decay rates for the moving averages of the gradient and the squared gradi-
ent, respectively. §, controls how much weight is given to recent gradients, while §, controls
the smoothing of the squared gradients to stabilize updates. The learning rate n determines
the step size for weight updates and is set to 0.001 in this study, balancing fast convergence
with optimization stability. The optimizer improves training efficiency but does not guarantee
higher accuracy in a shorter time for all tasks. Categorical cross-entropy is used as the loss
function to measure prediction errors, as shown in Equation (6), and accuracy is selected as
the evaluation metric to assess the model’s performance in classifying the input images.
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3. Result and Analysis

3.1 Training Performance

A detailed analysis was conducted to assess the segmentation and classification out-
comes of the U-Net-CNN model, addressing its performance in the context of polygon and
bounding box annotation methods. Specifically, the study examined how these annotations
influenced training accuracy, loss convergence, and segmentation precision. The dataset used
for this study consisted of aircraft images, divided into 70% for training, 20% for validation,
and 10% for testing. However, validation metrics, including accuracy and loss curves, have
been incorporated into the results to provide evidence of the model’s reliability. The U-Net-
CNN model was configured with four encoder and decoder layers, a bottleneck layer for fea-
ture abstraction, ReLU activation functions, the Adam optimizer with a learning rate of 0.001,
and binary cross-entropy as the loss function to optimize segmentation performance.

To investigate the impact of different annotation methods on model performance, the
training parameters were set with a batch size of 4 (as illustrated in Figure 4). Loss and ac-
curacy metrics were employed to assess the model’s convergence and classification accuracy,
and the results were presented through epoch curve graphs to provide a detailed visualization
of the training process.
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Figure 4: Training Performance (batch size: 4).

The experimental results revealed that the model utilizing polygon annotations exhibited
faster stabilization of loss and accuracy metrics compared to the model trained with bound-
ing box annotations. The training loss curve (Figure 3-1) indicates fewer fluctuations and a
downward trend. The accuracy curve demonstrates consistent improvement, underscoring
the effectiveness of polygon annotations in providing detailed boundary information. These
results highlight the importance of annotation techniques in influencing learning dynamics
and improving model performance, particularly for complex object features. Further valida-
tion through statistical analysis or larger datasets is required to generalize these findings.

These findings emphasize the critical role of annotation methods in complex object seg-
mentation and classification tasks. The superior performance of polygon annotations, espe-
cially in the context of military applications, suggests that the choice of annotation technique
can significantly influence the accuracy and reliability of automated aircraft recognition sys-
tems. This study thus provides valuable insights into how detailed labeling can enhance the
capabilities of deep learning models in remote sensing and defense related image analysis.

3.2 Segmentation Performance

The performance evaluation of segmentation was conducted by comparing the
results of the U-Net-CNN model trained with different annotation methods—poly-
gon and bounding box—across various batch sizes (2, 4, and 8) over 100 initial
epochs. Training was terminated early if there were no significant changes in the
model’s performance to optimize computational resources. The metrics used to
assess the segmentation performance included test loss, test accuracy, mean
Intersection over Union (IoU), and mean Dice Coefficient, providing a comprehen-
sive analysis of the model’s accuracy and precision in delineating aircraft within
the images.

18



Indonesian Journal of Aerospace Vol. 23 No. 1 Juni 2025 : pp 13 - 22 (Sitanggang et al.)

Table 1: Segmentation Performance

Mean
Annotations l?atch Test Loss s Mean IOU Dice
Size Accuracy 5

Coefficient

2 0.047 0.988 0.766 0.856

Polygon 4 0.041 0.987 0.749 0.843

8 0.039 0.987 0.732 0.829

2 0.091 0.980 0.793 0.872

Bounding Box 4 0.078 0.981 0.802 0.879

8 0.069 0.977 0.754 0.842

Table 1 presents the segmentation performance metrics for the U-Net-CNN model trained
using both polygon and bounding box annotations. Different batch sizes were selected to eval-
uate how varying computational loads and data grouping affected the performance of each
annotation method. Notably, bounding box annotations demonstrated a higher performance
in terms of mean IoU and mean Dice Coefficient, achieving values of 0.802 and 0.879, respec-
tively, when trained with a batch size of 4. For polygon annotations with a batch size of 2, the
results showed variation compared to other configurations due to the smaller data group lead-
ing to more frequent updates during training, which may have affected model convergence.
These results suggest that while bounding box annotations may offer an edge in certain seg-
mentation metrics, polygon annotations provide a more reliable and stable performance over-
all, especially for tasks requiring detailed object boundaries.

Ground Truth Mask Predicted Mask

Figure 5: Polygon Segmentation Output (Top) and Bounding Box Segmentation Output
(Bottom).

The differences in segmentation output are visually represented in Figure 5, which il-
lustrates the segmentation results of polygon annotations (top) and bounding box annotations
(bottom). The figure clearly shows that polygon annotations capture the intricate contours of
the aircraft more effectively than bounding box annotations, which tend to approximate object
boundaries with less precision.

Overall, the results indicate a trade-off between the two annotation methods. Polygon
annotations yield superior performance in terms of test loss and test accuracy, demonstrating
their effectiveness in producing more precise segmentations. On the other hand, bounding
box annotations excel in mean IoU and mean Dice Coefficient metrics, suggesting that they
may provide a more generalized representation of object boundaries. This comprehensive
evaluation highlights the importance of selecting an appropriate annotation method based
on the specific requirements of the segmentation task, particularly in applications where the
balance between accuracy and computational efficiency is crucial.
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3.3 Classification Performance

Satellite imagery is increasingly used to classify military aircraft through Convolutional
Neural Networks (CNNs). This study uses Maxar Technologies’ satellite images to classify air-
craft into four categories: Attacker, Bomber, Carrier, and Fighter. Bounding box annotations,
presented first in Table 2, serve as a baseline due to their simplicity and common use in object
detection. In contrast, Table 3 highlights the superior performance of polygon annotations,
which provide detailed object boundary representations, resulting in higher classification ac-
curacy and precision. This comparison evaluates the strengths of each annotation method for
military aircraft classification.

Table 2: CNN Classification Performance (Bounding Box).

Classification

Batch Size Accuracy Precision Recall F1 Score
8 0.361 0.13 0.361 0.191
16 0.826 0.844 0.826 0.829
32 0.603 0.651 0.603 0.55
64 0.607 0.654 0.607 0.555

Table 3: U-Net CNN Classification Performance (Polygon).

C]l;:tséﬁc;itzlgn Accuracy Precision Recall F1 Score
8 0.512 0.398 0.425 0.251
16 0.901 0.862 0.843 0.899
32 0.832 0.792 0.721 0.631
64 0.846 0.754 0.781 0.667

The performance of the CNN model for classifying military aircraft was evaluated across
various batch sizes. A batch size of 16 consistently demonstrated superior results compared
to 8, 32, and 64, suggesting an optimal balance between training stability and model gener-
alization. The U-Net CNN model, using polygon annotations, further enhanced performance,
achieving significantly higher accuracy, precision, recall, and Fl-score compared to the
bounding box approach. This improvement highlights the importance of polygon-based rep-
resentations in capturing more relevant visual details for accurate classification of military
aircraft.

Original Image Polygon Bounding Box

.

Figure 6: Satellite image of three Russian Su-35 (Fighter) landing at Anadyr
Airport, northeastern Russia. Satellite image © 2019 Google Earth, Maxar
Technologies.

Figure 6 further illustrates the advantage of polygon annotations over bounding boxes
in terms of segmentation accuracy. The satellite image depicts three Russian Su-35 fighters
landing at Anadyr Airport, and the segmentation results reveal the superior capability of
polygon annotations to trace object contours more precisely. This level of detail is particularly
beneficial for objects with complex shapes or protruding parts, as polygons can adapt to
the exact boundaries of the object. Conversely, bounding boxes often result in less accurate
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segmentations, especially in areas where the object has irregular shapes, leading to errors
such as over-segmentation or under-segmentation.

Overall, these findings highlight the limitations of bounding box annotations, which,
while providing a general indication of an object’s location, may lack the precision required
for accurate classification. The analysis in Tables 3-2 and 3-3 demonstrates that polygon
annotations not only improve the segmentation process but also enhance the model’s ability
to classify military aircraft effectively. This study emphasizes the critical role of choosing the
appropriate annotation method, particularly in defense-related applications where precise
object recognition is paramount for decision-making

4. Conclusions

This study demonstrates that polygon labeling significantly outperforms bounding box
labeling when applied in a U-Net-CNN model for aircraft segmentation and classification. The
results reveal that polygon labeling provides more precise and detailed segmentation, con-
tributing to enhanced model performance. Although bounding box annotations showed some
advantages in metrics such as mean Intersection over Union (IoU) and mean Dice Coefficient,
polygon annotations consistently delivered superior results, achie ving a lower test loss and
higher test accuracy. Specifically, the U-Net-CNN model utilizing polygon annotations reached
an accuracy of 0.901, markedly higher than the 0.826 achieved with bounding box annota-
tions.

These findings underscore the importance of choosing the appropriate labeling method
to improve segmentation and classification performance, especially in applications requir-
ing high precision, such as military and surveillance contexts. The superior performance of
polygon labeling suggests that it captures more relevant visual details, enabling the model to
make more accurate predictions.

However, to further validate and generalize these findings, future research should fo-
cus on expanding the dataset to include a wider variety of aircraft types and environmen-
tal conditions. Additionally, investigating different labeling techniques and their impact on
model generalization across diverse scenarios will be crucial. This research provides a solid
foundation for optimizing annotation methods in deep learning models, opening avenues for
advancements in remote sensing and object recognition technologies.
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