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Abstract

The implementation of Smart Airport and Airport 4.0 visions relies on the integration of automation, artificial intelligence,
data science, and aviation technology to enhance passenger experiences and operational efficiency. One essential factor in the
integration is the semantic segmentation of the aircraft main components (AMC) perception, which is essential to maintenance,
repair, and operations in aircraft and airport operations. However, AMC segmentation has challenges from low data availability,
high-quality annotation scarcity, and categorical imbalance, which are common in practical applications, including aviation.
This study proposes a novel AMC segmentation solution, employing a transfer learning framework based on a sophisticated
DeepLabV3 architecture optimized with a custom-designed Focal Dice Loss function. The proposed solution remarkably
suppresses the categorical imbalance challenge and increases the dataset variability with manually annotated images and
dynamic augmentation strategies to train a robust AMC segmentation model. The model achieved a notable intersection over
union of 84.002% and an accuracy of 91.466%, significantly advancing the AMC segmentation performance. These results
demonstrate the effectiveness of the proposed AMC segmentation solution in aircraft and airport operation scenarios. This
study provides a pioneering solution to the AMC semantic perception problem and contributes a valuable dataset to the
community, which is fundamental to future research on aircraft and airport semantic perception.
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Graphical abstract

Advanced Semantic Segmentation of Aircraft Main Components Based on Transfer Learning and
Data-driven Approach
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Conclusion: The method significantly enhances aircraft main components segmentation accuracy, achieving an loU of 84.002% and accuracy of 91.466%,

and provides a valuable annotated dataset for aviation research.
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1 Introduction

Smart Airport and Airport 4.0 visions spearhead an unprece-
dented revolution in the modern aviation industry [1].
These emerging trends signify a shift toward automation
and intelligence in airport operations and are also increas-
ingly recognized globally as critical factors in enhancing
passenger experiences and operational efficiency. With tech-
nological advancements and the progression of innovative
projects, there is a proactive exploration and development
of more automated solutions for smart airports, such as
the UK Research and Innovation (UKRI)-funded Future
Flight Challenge Phase Three and Out of Cycle NExt gen-
eration highly efficient air transport (ONEHeart) projects
[2, 3]. These projects propel the advancement of intelli-
gent technologies and provide novel automated solutions for
maintenance, repair, and operations (MRO), heralding signif-
icant transformations in future airport and aviation services.

Modern airports and aircraft are equipped with high-
resolution cameras and 3D laser scanners, capturing detailed
structural information to support vision-based maintenance
tasks [4, 5]. Combined with the growing computational
power of Al accelerators (GPUs and TPUs), this enables real-
time diagnostics and predictive maintenance [6, 7]. However,
varying lighting and complex visual conditions in airport
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environments pose challenges to the accurate segmentation
of aircraft components. To address these issues, this study
employs DeepLabV3 [8], amodel integrating atrous convolu-
tion and spatial pyramid pooling, which effectively segments
aircraft main components (AMC) under diverse conditions.
Using pretrained ResNet101 weights, this model achieves
high accuracy even with limited training data.

In the process of implementing automated aviation MRO,
precise semantic segmentation is essential for accurately
identifying and localizing key aircraft components, such as
wings, fuselage, and engines. This accuracy is critical for
early detection of defects, enabling targeted maintenance and
reducing inspection time. Unlike traditional manual inspec-
tion, which is time-consuming and prone to human error,
semantic segmentation offers a systematic approach to han-
dling complex backgrounds and varying lighting conditions,
ensuring consistency and reliability. However, high-quality
and task-specific data is often severely limited in the avia-
tion sector, a field with stringent demands for confidentiality
and safety, which complicates the development of robust seg-
mentation models [9]. Furthermore, the limited availability
of labeled data and the common issue of class imbalance
pose significant challenges, as they can lead to biased model
predictions and hinder the recognition of critical minority
classes [10]. This limitation makes it challenging for models
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to learn and generalize effectively, thereby hindering their
performance in real-world applications. Therefore, address-
ing data imbalance and label scarcity is crucial to achieving
precise segmentation of AMC, which is not only essential for
ensuring high safety standards but also for enhancing opera-
tional efficiency and supporting the implementation of Smart
Airport and Airport 4.0 visions.

This study focuses on the semantic segmentation for
commercial aircraft equipped with either twin or quad-jet
engines, aiming to achieve precise semantic segmentation
of AMC through advanced computer vision technologies.
This study has adopted an architecture based on DeepLabV3
[8], which integrates deep convolutional networks, atrous
convolution, and spatial pyramid pooling. This model is par-
ticularly suited for processing objects of varying sizes and
shapes in images. By initializing the model with pretrained
ResNetl01 weights from ImageNet, this study leverages
transfer learning strategies to quickly adapt to segmenting
AMC, ensuring efficient learning and generalization capa-
bilities even with limited training samples.

This study introduces a comprehensive approach for
AMC segmentation through a task-specific DeepLabV3-
based model and the creation of a novel AMC-Tr dataset with
detailed pixel-level annotations. The dataset was developed
using arigorous image screening and annotation protocol that
accounts for human bias, aircraft types, annotation error, and
component representation, ensuring high-quality annotations
for training, validation, and testing. Additionally, to address
the categorical imbalance, a custom Focal Dice Loss (FDL)
function was designed, combining the benefits of focal loss
and dice loss to enhance sensitivity to minority categories and
improve boundary recognition. This model leverages transfer
learning with pretrained ResNet101 weights, enabling effi-
cient learning even under limited data conditions. Together,
these contributions significantly advance semantic segmen-
tation performance for automated aircraft maintenance, sup-
porting precise and robust visual recognition in challenging
environments.

The contributions of this study are summarized as follows.

e This study employs a transfer learning strategy coupled
with a DeepLabV3-based neural network to provide a
novel solution for the automated semantic segmentation
of aircraft main components (AMC). Utilizing pretrained
ResNet101 weights from ImageNet, our model achieves
rapid and efficient learning on a limited training dataset,
significantly enhancing performance in aircraft compo-
nent recognition tasks. As far as the authors are aware,
this is the first successful solution for AMC semantic
segmentation.

e Facing the challenge of task-orientated data availabil-
ity and annotation scarcity, this study has designed and
implemented a systematic protocol for image screen-

ing and pixel-level annotation. This protocol not only
enhances the specificity of the data and consistency of
the annotations but also reduces human errors through
an independent review mechanism involving multi-
ple researchers. The pixel-level annotated dataset has
been made available to the academic community via
CORD, providing valuable resources for subsequent
related research, which can be accessed via: https://cord.
cranfield.ac.uk/

e To address the challenge of categorical imbalance, this
study successfully introduces the Focal Dice Loss (FDL)
into the AMC semantic segmentation task. FDL effec-
tively suppresses categorical imbalance and improves
model performance when dealing with minority cat-
egories and complex visual content. This innovation
enables the model to maintain high accuracy and robust-
ness under challenging conditions, such as adverse
weather and complex lighting scenarios.

The structure of this article is divided into six sections
to present systematically an in-depth analysis of this study.
Sect.2: Related study reviews prior work related to the AMC
semantic segmentation, providing a historical and theoretical
foundation for the innovations and needs of this study. Sec-
tion3 depicts the dataset configuration. Section4: Method
details the data selection processes, image annotation pro-
tocols, and the design and implementation of the model
architecture, clarifying the leading techniques and strate-
gies employed in the experiments. In Sect.5: Experimental
Design, the article meticulously introduces the experimental
setups, specific usage of datasets, and evaluation criteria to
ensure the reliability and validity of the experimental results.
This is followed by Sect.6: Results and Discussion, where
this study analyzes the experimental outcomes in detail, dis-
cusses the model performance and the effects of different loss
functions, and delves into the reasons and potential impacts
behind the results by comparing performance across different
configurations. The article concludes with Sect.7: Conclu-
sion, summarizing the findings, discussing the limitations of
the study, and suggesting possible directions for future work.

2 Related study
2.1 Aircraft main component

There is no unified definition for AMC, which varies depend-
ing on specific tasks. For example, Park et al. [11] identified
the main components of a typical commercial aircraft as
the fuselage, empennage, powerplant, wings, and landing
gears, focusing primarily on common commercial jets. Fig-
ure 1 illustrates the main components of a typical commercial
aircraft, highlighting the fuselage, empennage, powerplant,
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Empennage:
The tail section provides
stability and control surfaces.

Fuselage:
The main body houses the cockpit,
passengers, and cargo compartments.

Wing:
Generate lift and provide
aerodynamic  stability in
flight.

power.

Powerplant:
Engine system generating
thrust for propulsion and

Landing Gears:

Support  aircraft  during
take-off, landing, and
taxiing.

Fig.1 The main aircraft components (AMC) and their functions

wings, and landing gears, along with their respective func-
tions. Meanwhile, Khalid et al. [12] center on military or
specialized aircraft, including the empennage, wings, cock-
pit, and fuselage as main structural components, excluding
landing gears. This categorization reflects the specific focus
on noncommercial aircraft, where landing gears are not a pri-
mary focus. Furthermore, Faisal et al. [13] categorize fighter
jets into 12 distinct parts, and Hefazi et al. [14] divide a com-
mercial plane into approximately 20 separate components,
demonstrating the detailed segmentation in the highly com-
plex aircraft systems.

This study primarily works on providing visual seman-
tic information necessary for the autonomous operation of
robots and other intelligent devices within intelligent and
autonomous aircraft and airport operations. Clear and prac-
tical visual identification of aircraft components is essential
to ensure these devices can accurately navigate to the correct
aircraft positions. Therefore, this study adopts the AMC def-
inition in Park et al. [11], renaming powerplant to engines to
enhance its semantic intuitiveness. This decision is grounded
in several considerations. First, the objectives of Park et
al.[11] align with this study, both concentrating on com-
mercial aviation. Second, the definition of aircraft types is
suitable for commercial jets with twin and quad-jet engines
used in this study. Lastly, selecting these components as
the focus of the study ensures accuracy in annotation while
reducing the complexity and labor costs associated with
pixel-level labeling. This approach, driven by practicality and
study objectives, not only provides the necessary theoretical
and practical foundation for intelligent and autonomous air-
craft and airport operations but also ensures high data quality
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and repeatability of the research through a consistent anno-
tation protocol. These decisions reflect the complexity and
precision required in applying machine learning and com-
puter vision technologies within the aerospace field.

2.2 Semantic segmentation

Semantic segmentation has become a core technology in
computer vision, enabling precise identification and catego-
rization of objects in images. It builds on the fundamental
concept of image segmentation but extends beyond mere
region separation by associating each pixel with a mean-
ingful class label, such as roads, vehicles, or buildings [15,
16]. The development of deep learning, particularly convolu-
tional neural networks (CNNSs), has revolutionized semantic
segmentation by allowing models to learn complex feature
hierarchies directly from raw images, significantly enhanc-
ing performance. Traditional image segmentation techniques
relied heavily on handcrafted features and were limited
in capturing high-level semantic information. In contrast,
deep learning-based semantic segmentation techniques have
demonstrated remarkable success in various visual recogni-
tion tasks, from autonomous driving to medical imaging, due
to their ability to combine low-level features with high-level
contextual information.

The evolution of deep neural networks has led to the
emergence of several pioneering architectures specifically
designed for semantic segmentation. The Fully Convolu-
tional Network (FCN) [17] was the first architecture to
repurpose CNNss for pixel-wise classification, replacing fully
connected layers with convolutional layers to output dense
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predictions. Building on FCN, more sophisticated models
like U-Net [18] and SegNet [19] were introduced, incor-
porating encoder—decoder structures that allow for better
preservation and refinement of spatial information. DeepLab
[8], one of the most influential series, introduced atrous con-
volution and spatial pyramid pooling to capture multi-scale
contextual features, achieving state-of-the-art results in sev-
eral benchmark datasets. Recently, attention mechanisms and
transformer-based architectures, such as the Vision Trans-
former (ViT) [20] and SegFormer [21], have further improved
semantic segmentation by enabling long-range dependency
modeling, thereby overcoming some of the limitations of
convolutional layers in capturing global context.

Despite these advancements, semantic segmentation mod-
els face several critical challenges in real-world applications.
One of the most prevalent issues is class imbalance, where
certain categories, such as background regions, have far more
samples than others (e.g., small objects). This imbalance
can lead to biased predictions favoring majority classes and
reduced accuracy for minority categories [22]. To address
this, researchers have developed various loss functions, such
as focal loss and weighted cross-entropy loss, which dynam-
ically adjust the contribution of each class during training
[23]. Another challenge is the precise segmentation of small
or thin structures, which are often overlooked by standard
CNN-based models. Techniques like boundary-aware refine-
ment, multi-scale feature fusion, and context aggregation
strategies have been proposed to improve the representa-
tion of these objects and enhance boundary delineation [24].
These methods ensure that models not only focus on large,
prominent features but also maintain high precision on fine
details.

A newer trend in semantic segmentation research is the
integration of self-supervised learning and weakly super-
vised techniques to overcome data limitations. High-quality
labeled data is often scarce and expensive to obtain, espe-
cially for specialized tasks like aircraft component seg-
mentation. Methods leveraging self-supervised pretraining,
such as contrastive learning [25], and weakly supervised
learning using image-level labels or bounding boxes [26],
provide effective solutions to this problem. By learning
from large-scale unlabeled datasets or weak annotations,
these techniques significantly reduce the reliance on dense
pixel-level annotations while maintaining competitive seg-
mentation performance. This has enabled the deployment of
semantic segmentation models in domains where obtaining
precise labels is challenging, thereby expanding the applica-
bility of these models.

2.3 Transfer learning

Transfer learning has become a cornerstone in machine learn-
ing, enabling models to transfer knowledge from one domain

to another and address the challenges of data scarcity. This
approach involves various strategies depending on the rela-
tionship between the source and target tasks. A common
technique is to share pretrained weights from models trained
on large-scale datasets, such as ImageNet [27]. This method
helps capture general visual features and allows models to
adapt to new tasks with limited data. However, the use of
pretrained weights is only one aspect of transfer learning.
More advanced strategies include fine-tuning, where certain
layers of the model are frozen while others are retrained,
allowing for a balance between general feature retention and
task-specific adaptation [28]. Researchers have also explored
domain-specific transfer learning, where models are fine-
tuned on a small set of target domain samples to improve
performance in visually distinct domains, such as medical
imaging and autonomous driving [29, 30].

The choice of transfer learning strategy significantly
impacts model performance, particularly in visual recogni-
tion tasks. Sharing pretrained weights is effective for general
feature extraction, but it may not capture fine-grained details
in tasks such as semantic segmentation [31]. Therefore, a
common practice is to use a hybrid approach: some lay-
ers, typically the initial layers, are frozen to retain generic
features, while deeper layers are fine-tuned to adapt to the
specific characteristics of the target task. This selective fine-
tuning helps preserve the robustness of the pretrained model
while enhancing its ability to distinguish subtle differences in
the new task [32]. Another method is to employ a two-phase
training strategy, where initial training is conducted with
frozen layers, followed by end-to-end fine-tuning [33]. These
techniques are particularly useful in applications where train-
ing data is imbalanced, or annotations are limited, as they
reduce the risk of overfitting and ensure stable learning
dynamics.

Recent studies have also explored more sophisticated
forms of transfer learning, such as domain adaptation and
multi-task learning. Domain adaptation methods aim to min-
imize the discrepancy between source and target domains,
using techniques like adversarial training to align feature
distributions across domains [34]. This approach is effec-
tive when there is a substantial difference between the visual
characteristics of the source and target datasets. Multi-task
learning, on the other hand, leverages shared representations
across related tasks, improving generalization and robustness
[35]. These techniques expand the applicability of transfer
learning, making it a powerful tool not only for traditional
vision tasks but also for specialized applications like aircraft
component segmentation, where labeled data is scarce and
expensive to obtain [36].

In this study, we adopt a transfer learning strategy using
the DeepLabV3 model pretrained on the ImageNet dataset.
By leveraging pretrained ResNet101 weights, the model cap-
tures high-level visual features that generalize well across
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Fig.2 Example images in FGVC-Aircraft dataset. a and b refer to various angles/distances images and irrelevant aircraft types, respectively

different contexts [8]. To adapt these features to the AMC seg-
mentation task, the model is partially fine-tuned, with lower
layers frozen to retain general patterns, while upper layers
are retrained to identify aircraft-specific components. This
strategy not only saves on computational costs and reduces
the amount of required labeled data but also enhances the
model’s robustness and accuracy in identifying complex air-
craft structures. Furthermore, by adjusting the learning rates
of different layers during fine-tuning, we ensure a smooth
adaptation process and prevent catastrophic forgetting, a
common issue in transfer learning scenarios [37].

3 Dateset configuration

The primary challenge faced in this study is the scarcity
of data available for the AMC segmentation task, which
includes scene images targeted at AMC tasks and the
corresponding pixel-level segmentation masks for AMC.
Generating pixel-level masks is a labor-intensive and time-
consuming process highly susceptible to human error [38].
Human annotators may overlook small or inconspicuous
target objects, especially when images contain numerous
objects or when some objects are obscured. The proxim-
ity of object categories or unclear annotation guidelines may
lead to misclassification, causing category confusion. The
accuracy of annotations is also constrained by the image res-
olution, particularly in marking highly detailed or small-sized
objects, where insufficient resolution can prevent the precise
delineation of complete boundaries of an object. Operational
errors, such as accidentally deleting annotations or improper
use of annotation tools, further introduce human errors [38].
It is essential to establish an annotation protocol to address
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these issues and enhance the precision and efficiency of
the annotation process. This protocol should have consis-
tent annotation standards, high repeatability, and be accurate
and effective. This section introduces the datasets used as the
data source and the established criteria for the segmentation
mask annotations.

3.1 FGVC-aircraft dataset

The training and validation datasets utilized in this study
are sourced from the Fine-Grained Visual Categorisation
Aircraft (FGVC-Aircraft) dataset [39], first introduced in
2013 by Yang et al. titled Fine-grained visual classification
of aircraft without AMC annotations. This dataset is com-
monly employed in aircraft-related computer vision tasks,
as detailed in references [40, 41]. As depicted in Fig.2a,
the FGVC-Aircraft benchmark comprises images of aircraft
captured from various angles and distances, many of which
prominently display the main components of the aircraft.
Thus, the FGVC-Aircraft dataset provides a rich reposi-
tory of images tailored to the AMC-focused scenarios that
this study addresses. However, the dataset includes over 100
types of aircraft, many of which do not fit the scope of this
study, including images of fighter jets, wreckage, or small
single-engine planes (as shown in Fig.2b). The screening
strategy outlined herein details the process for selecting tar-
geted images from the FGVC-Aircraft dataset to align with
the specific requirements of the segmentation task.

3.2 Semantic screening strategy

The objective of the image screening strategy is to select
imagery from the FGVC-Aircraft dataset that is relevant
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to the AMC segmentation task. This task provides visual
semantic understanding for automated and robotic systems
operating within Smart Airport and Airport 4.0 visions. The
image selection process considers four main factors: the vis-
ibility of AMC, aircraft type, the volume of images, and
the risk of human bias. First, a more extensive image set
(AMC-TV set) is chosen for model training, which includes
images that clearly and comprehensively display AMC. One
smaller dataset is selected to test the generalizability per-
formance of the model under difficult weather and lighting
conditions, which is named AMC-Te, while 7e stands for
various weather and lighting conditions for testing. Second,
this study focuses on modern and new models of commercial
jets. There are no restrictions on the manufacturer or model,
and only the overall distribution of components is essen-
tial. An exception is considered in the selection of datasets,
where an aircraft appears as a typical twin-engine model but
has an engine mounted on the vertical stabilizer—a design
combining rear-mounted and wing-mounted engines. [42]
This study considers this aircraft type no longer suitable for
modern aviation. Thus, images of such aircraft designs are
excluded. Thirdly, the AMC-TV set comprises 200 images,
while the AMC-Te set contains ten images. Fourthly, to min-
imize human bias in image screening, a selection process
involving five independent researchers as panel members
with sufficient background in aviation and image process-
ing is implemented, where images selected by all five panel
members are included in the final image set.

The steps in the image screening strategy are as follows,
illustrated in Fig. 3:

step 1. Sort the FGVC-Aircraft dataset alphabetically.

step 2. Begin selection based on the image screening fac-
tors mentioned above. Each panel member selects 300
candidate images for the pre-AMC-TV setin the order
of the images.

Compare the images selected by the five panel mem-
bers, and those unanimously chosen are added to a
final AMC-TV set.

Further, for the AMC-Te set, which is designed for
testing in different visual conditions, including chal-
lenging conditions, select 20 images with different
weather and illumination conditions for the pre-
AMC-Te set, skipping any images already included
in the AMC-TV set.

Compare the pre-AMC-Te set images selected by the
researchers; those unanimously chosen are included
in the final AMC-Te set, and the inclusion will stop
when the AMC-Te set contains 10 images.

step 3.

step 4.

step 5.

This meticulous strategy ensures the relevancy and quality
of the images used and supports the accuracy and efficacy of
the segmentation tasks in automated airport systems.

3.3 The pixel-level segmentation mask annotation
protocol

The annotation protocol delineated herein is essential for the
precise semantic annotation of AMC masks and ensures rig-
orous standardization across all actions and rules within the
dataset (as shown in Fig.4). The protocol consists of four
rules, and the structural approach prevents human error and
ensures the uniformity of annotations, overcoming variations
that may arise from ambiguous junctures or aircraft model-
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Fig.4 The annotation protocol
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specific nuances. These guidelines are integral to maintaining
the high quality and replicability required for deploying
machine learning and computer vision technologies in avia-
tion applications.

Rule 1.

Rule 2.

Rule 3.

A dual review pipeline is stipulated, where the initial
annotation is followed by a critical review process
by four independent assessors. The central ques-
tion posed during the review phase is whether the
pixel-level annotation is precise enough. A majority
consensus either confirms the annotation or man-
dates re-annotation, with a maximum allowance of
three attempts. Failure to achieve consensus after
these attempts results in the exclusion of the image,
which indicates that the image is too complex for
human expert discernment. Notably, while machine
learning models that outperform human expertise
represent an engaging avenue for future research,
they fall outside the ambit of this particular study.
The selections and annotations for the AMC-TV set
cease when their image counts reach 200 images,
respectively. The AMC-Te set is not annotated
because of the difficult images included, which
can cause significant human error in the annotated
masks.

This rule is motivated by the operational context
within intelligent airports, where proximity between
cameras and aircraft is typical, thus rendering dis-
tant aircraft segmentation less significant. When
aircraft in the background is remote and occupy
small pixel areas, they are uniformly categorized
as “background’, thereby simplifying the segmen-
tation process. However, in cases where multiple
aircraft are in proximity and constitute substantial
pixel regions, all aircraft components must be anno-
tated to preserve the semantic clarity of the visual
data.

@ Springer

Rule 4. The AMC in this study are categorized into four

categories—engines, wings, fuselage, landing gear,
and empennage— and provide a precise mask anno-
tation protocol for each:

(a) Engines, typically jet engines or turbines, are
affixed to the wings via pylons. In the annotation
protocol, the pylon is not isolated but considered
an extension of the wing, recognizing the absence
of clear demarcation and the shared attributes
such as paint and materials.

(b) The interface between wings and fuselage is
invariably labeled as part of the fuselage to
promote consistency across the dataset. This pol-
icy effectively counters the potential variability
introduced by diverse perspectives and illumina-
tion conditions, thereby safeguarding the accu-
racy of data analysis.

(c) The empennage requires meticulous differentia-
tion, particularly of the junctions of the vertical
and horizontal stabilizers with the fuselage. The
annotation protocol mandates that these bound-
aries be well defined for the detailed identifica-
tion and segmentation of these structures.

(d) The landing gear, typically obscured by the
shadow of the aircraft, is annotated only for its
visible segments. In cases where ground obstruc-
tions partially conceal the gear, the annotations
are curtailed accordingly to exclude nonrelevant
elements.

(e) Lastly, as previously discussed, the fuselage
annotation must outline all visible fuselage sec-
tions as accurately as possible.

These carefully formulated guidelines not only equip the
autonomous systems of smart airports with a robust dataset
but also underpin the potential advancements in automated
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aviation MRO processes. By adopting such stringent proto-
cols, this study endeavors to set a precedent for precision and
reliability in applying advanced computational techniques to
aerospace semantic segmentation.

4 Method
4.1 Preprocessing

Preprocessing is a fundamental step in machine learning
solutions. It transforms raw data into a format that is more
amenable to learning, thereby enhancing the quality, effi-
ciency, and performance of the model. The preprocessing
primarily involves one-hot mask encoding, dataset partition-
ing, image enhancement, and image normalization.

The masks in this study encompass six categories, includ-
ing the background, engine, wing, empennage, landing gear,
and fuselage, distinguished by integers during the annotation
process. Since AMC semantic segmentation is a pixel-level
multi-class task, this study has employed one-hot encoding
for different category masks. The one-hot encoding provides
clear categorical separation in multi-class mask segmenta-
tion tasks, encoding each category into separate channels to
reduce confusion between categories and enhance the classi-
fication accuracy of the model. Moreover, one-hot encoding
allows the model to learn and distinguish the specific fea-
tures of each category more effectively, thus improving the
accuracy of the segmentation.

For dataset partitioning, the AMC-TV setand AMC-Te set
are subdivided and reorganized for training, validation, and
testing purposes. After shuffling, the AMC-T set is divided
into 160 images for training (AMC-Tr set), and 40 for val-
idation (AMC-Va set). The AMC-Tr set is used for model
training, the AMC-Va set is used for validation during train-
ing, and the AMC-Te set is used for independent testing.
Furthermore, the AMC-Te includes both normal scenarios
similar to AMC-Tr/Va sets, while some difficult scenarios
are also included to test the robustness under difficult visual
conditions.

Data augmentation is essential in machine learning and
computer vision, significantly enhancing model performance
and generalization capability. Data augmentation involves
strategically manipulating existing training data to gener-
ate variants without introducing new samples. By applying
carefully designed transformations, such as rotation, flip-
ping, cropping, and modifications to color and lighting, to
the original datasets, data augmentation aims to expand the
effective size of the training dataset. Traditional data aug-
mentation involves pre-generating enhanced versions of the
dataset and saving them to disk, significantly limiting the
number of possible enhancements to the available disk space.
Moreover, each enhanced instance must be loaded during

training, which can slow down the training process. This
work dynamically applies data augmentation, with trans-
formations randomly applied to each training batch. Each
transformation combination is different, ensuring the model
"sees" different versions of each instance in every training
set (as shown in Fig. 5).

Enhancements are equally applied to the correspond-
ing masks. This study has developed a data augmenta-
tion pipeline using the Albumentations package, passed as
parameters to the data loader handling dynamic image trans-
formations. The data augmentation transformation pipeline
consists of three geometric transformations and four photo-
metric transformations:

e (la) Random horizontal and/or vertical shifts, up to 5%
of the image size.

(1b) Random scaling of images, with a maximum scale
factor of 10%.

e (1c) Random rotation of images within a range of -10 to
10 degrees.

(2a) Random RGB shifts for each channel, up to 25.
(2b) Random brightness and contrast enhancement of
30%.

(2c) Random brightness and contrast reduction of 30%.
(2d) Random Gaussian blur.

4.2 AMC segmentation model design and training
strategy

This study adopts the DeepLabV3 architecture as the back-
bone model for precise semantic segmentation of aircraft
main components (AMC) due to its proven effectiveness in
complex segmentation tasks. DeepLabV3 has been widely
used in various domains because of its ability to handle intri-
cate object shapes and boundaries while maintaining high
segmentation accuracy [8]. The key strength of DeepLabV3
lies in its use of atrous (dilated) convolutions, which enable a
larger receptive field without losing resolution, allowing it to
capture multi-scale contextual information. This capability is
particularly important for AMC segmentation, where com-
ponents vary significantly in size and spatial arrangement.
The ability of DeepLabV3 to retain both local and global
features makes it a robust choice for segmenting aircraft com-
ponents that exhibit complex geometric characteristics, such
as curved wing edges and detailed fuselage features.
Furthermore, the Atrous Spatial Pyramid Pooling (ASPP)
module in DeepLabV3 enhances its ability to capture objects
at varying scales, which is essential for accurately seg-
menting aircraft components that may appear differently
due to changes in perspective or distance within the image.
By employing multiple dilation rates, the ASPP module
aggregates contextual information at different resolutions,
enabling the model to segment large structures like wings
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Fig.5 The dynamic data augmentation process

and smaller components like landing gears simultaneously.
Given the variability in the scale and shape of AMC, the
architecture of DeepLabV3 is highly suited to maintaining
boundary precision while preserving semantic information.
Besides, the flexibility to adapt through minor adjustments,
such as customizing the output layer for specific class labels,
ensures its compatibility with the proposed AMC-Tr dataset.
These considerations make DeepLabV3 an ideal foundation
for developing an effective and specialized AMC segmenta-
tion model.

This study adopts a transfer learning strategy to enhance
the model segmentation performance on the AMC semantic
segmentation task. The model backbone network is initial-
ized using pretrained ResNet101 weights from the ImageNet
dataset, leveraging the low-level image features learned from
large-scale image classification tasks. This approach allows
the model to effectively learn on the AMC-Tr dataset, which
consists of only 160 images—even after data augmentation,
the dataset only expands to 1280 images, which is insufficient
for deep learning training from scratch. Through transfer
learning, the model quickly adapts to the new task, acceler-
ates the training process, and swiftly converges on the specific
semantic segmentation task. This training strategy not only
saves computational resources but also enhances the general-
ization ability of the model across new datasets, enabling it to
extract underlying patterns and representations beyond a sin-
gle dataset more effectively. Besides, to prevent overtraining,
this study has implemented an early stopping strategy based
on the performance of the validation dataset, and it avoids the
risk of overfitting. This implementation of transfer learning
and early stopping strategy optimizes the semantic segmen-
tation of aircraft components, which is essential to achieving
efficient and precise segmentation results in our research.
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4.3 Loss function design

A loss function called Focal Dice Loss (FDL) was specifi-
cally designed to address the category imbalance in the AMC
semantic segmentation, combining the focal loss mechanism
and dice loss. In the AMC segmentation, the number of pixels
belonging to the background mask significantly outweighs
those of other categories. This may cause the model to pre-
dominantly predict most pixels as background, neglecting
other crucial components at the training stage. Traditional
cross-entropy loss, commonly used in semantic segmentation
tasks, can penalize misclassified pixels but is limited under
severe category imbalance scenarios (see Eq. 1). To overcome
this limitation, dice loss was introduced, which focuses on
the similarity between the predictions and actual labels, espe-
cially in terms of overlap (see Egs.2 and 3). The advantage
of dice loss is that it does not directly rely on the number
of pixels per category; thus, it is more suitable for handling
minority categories. However, dice loss may under-penalize
the misclassification of small objects, which can be problem-
atic when segmenting smaller components like landing gears.
To further optimize the loss function, the weight design of the
focal loss (see Eq. 4) was integrated into the FDL. Focal Dice
Loss adjusts the focus parameter (y) and category weights
(w;, see Eq.5) to enhance penalties on difficult-to-classify
or frequently misclassified samples (for example, samples
with a lower Dice Similarity Coefficient, DSC) and reduce
penalties on well-classified samples (see Eq. 6). This design
helps manage category imbalance and focuses on difficult-
to-segment areas, including the boundaries between wings
and the background. FDL provides a robust tool to tackle
specific challenges in the semantic segmentation of AMC,
optimize the training process, and improve the accuracy and
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generalization of segmentation.
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5 Experimental design

This study establishes a uniform experimental environment
to evaluate the effectiveness of various loss functions, input
image sizes, and models for semantic AMC segmentation.
The experimental setup included a computer running Ubuntu
20.04, equipped with an Intel Core i7-13700H processor, an
Nvidia RTX 4090 GPU with 24GB of VRAM, and 64GB
of system memory. To ensure the accuracy and repeatabil-
ity of the experiments, the specifications of the software are
PyTorch (version2.1.0 + cul 18), OpenCV (version4.8.1.78),
pandas (version 2.1.1), Albumentations (version 1.4.3), and
Matplotlib (version 3.8.2). During the experiments, the mod-
els were trained using the Adam optimizer from Pytorch with
a learning rate set to 0.0001 and a batch size of 32 images
per batch. Considering efficiency in training and prevent-
ing overfitting, an early stopping mechanism ceased training
when the validation loss continued to increase over 20 con-
secutive epochs, with a maximum limit of 1000 epochs set
for the training period. This study systematically explores
various experimental settings, including different loss func-
tions, input image sizes, and models, to assess the impact
of these variables on the performance of the AMC semantic
segmentation task (as detailed in Table 1). By comparing the
experimental results, this study aims to identify the optimal
model configurations and parameters to enhance the per-
formance of ACM segmentation and the practicality of the
model.

Table 1 Experiment design for AMC semantic segmentation

Index Group Loss Image size (pixels) Model
Ex-1 A/B/C FDL 256 x 256 DeeplabV3
Ex-2 A CE 256 x 256 DeeplabV3
Ex-3 A DL 256 x 256 DeeplabV3
Ex-4 A FL 256 x 256 DeeplabV3
Ex-5 A CE-DL 256 x 256 DeeplabV3
Ex-6 B FDL 128 x 128 DeeplabV3
Ex-7 B FDL 512 x 512 DeeplabV3
Ex-8 C FDL 256 x 256 FCN

Ex-9 C FDL 256 x 256 LRASPP

Table 1 presents nine experimental setups conducted in
this study, further divided into three groups—A, B, and C—
for straightforward comparative analysis. Group A consists
of Ex-1, Ex-2, Ex-3, Ex-4, and Ex-5, designed to assess the
impact of various loss functions on AMC segmentation. The
loss functions experimented with include the proposed Focal
Dice Loss (FDL) as well as Cross-Entropy (CE), Dice Loss
(DL), Focal Loss (FL), and a Combined Loss between Cross-
Entropy and Dice Loss (CE-DL). Group B comprises Ex-1,
Ex-6, and Ex-7, which explore the effect of different input
image sizes on AMC segmentation. Ex-1, Ex-6, and Ex-7 uti-
lize medium, small, and large image sizes, respectively, with
specific dimensions of 256 x 256, 128 x 128, and 512 x 512
pixels. Group C includes Ex-1, Ex-8, and Ex-9, focusing on
examining the influence of different segmentation models.
The models evaluated are the Fully Convolutional Network
(FCN) and Lite Reduced Atrous Spatial Pyramid Pooling
(LRASPP). This structured experimental design facilitates
a thorough evaluation of the impact of each variable and
enhances the precision and applicability of the segmentation
models in discerning AMC accurately.

6 Results and discussion
6.1 Aircraft main components segmentation dataset

This section extensively analyzes the structure and chal-
lenges of the proposed AMC segmentation dataset, delving
into the characteristics of the dataset and the issues based on
sample distribution and statistical analysis. First, the sam-
ple image and annotation results shown in Fig.6 clearly
illustrate the condition of occlusions within the AMC struc-
ture, which affects the complete display of components and
increases the complexity of the segmentation task. The par-
tial or complete occlusion of structures, particularly where
the engine obscures the wing, poses a significant challenge to
the precision of segmentation algorithms. Second, the chal-
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Fig. 7 The statistic analysis of the AMC dataset. a and b refer to the relative position of the camera corresponding to the aircraft and pixel ratio
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lenge of category imbalance within the dataset is further
confirmed in Fig.7b, where the background mask accounts
for 76% of the pixels, whereas the engine mask constitutes
only 1%. This pronounced imbalance highlights the need
for focused strategies on handling minority categories to
prevent the model from overfitting to the majority category
while neglecting minority-category recognition. In practical
applications, such as automated equipment in smart airports,
accurate identification of minority-category AMC is crucial.
Third, the distribution of viewing angles shown in Fig.7a
also reveals strategic considerations in data collection, with
the 45-degree front view having the highest sample volume,
aligning with the typical observational needs of automated
devices in airports to ensure precise capture of AMC from
multiple directions. This strategy reflects the operational
demands and enhances the practicality and effectiveness of
the AMC segmentation dataset.
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6.2 Image segmentation

This section delves into the AMC segmentation results
through both quantitative and qualitative experimental results.
First, data from Table 2 reveals significant variations in seg-
mentation outcomes across different experimental setups.
Ex-1, employing FDL, demonstrates the highest IoU val-
ues on the validation set, indicating superior performance
over other loss functions in AMC segmentation. Although
Ex-5 achieved the highest validation accuracy, the results
depicted in Fig. 8 suggest this high accuracy came from an
increased prediction boundary of the AMC, a phenomenon
also observed in Ex-2, hinting at potential misclassification
issues due to the cross-entropy component in the combined
loss function. Moreover, Ex-4, while showing the lowest val-
ues in training and validation losses, does not perform well
qualitatively, suggesting that alow numerical value of the loss
does not directly correlate with high segmentation results. In
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Table 2 Experiment results for

AMC semantic segmentation Index Group LoSStrain LosSyalid Accuracyyalid ToUyalid Epoches

Ex-1 A/B/C  5.046 x 1073 8.327 x 1073 83.420% 75.268% 263 epochs
Ex-2 A 105.832 x 107 317.089 x 1073 89.831% 66.798% 68 epochs

Ex-3 A 21.983 x 1073 38.429 x 1073 83.642% 74.985% 261 epochs
Ex-4 A 0.018 x 1073 0.071 x 1073 74.854% 22.952% 33 epochs

Ex-5 A 61.273 x 1073 198.208 x 1073 90.113% 70.622% 119 epochs
Ex-6 B 8.294 x 1073 12.981 x 1073 74.538% 65.992% 477 epochs
Ex-7 B 2.389 x 1073 5.233 x 1073 91.466% 84.002% 106 epochs
Ex-8 C 3.773 x 1073 7.427 x 1073 84.919% 75.656% 191 epochs
Ex-9 C 9.662 x 1073 13.696 x 1073 63.662% 56.237% 429 epochs

Group B, Ex-7, which increased image resolution, displays
better quantitative and qualitative outcomes than Ex-1 and
Ex-6, underscoring the significant impact of image resolu-
tion on segmentation results. However, higher resolutions
imply more significant computational costs and longer train-
ing times, necessitating a balance in practical applications.
For Group C, although the quantitative results of Ex-8 are
close to those of Ex-1, the mask edges in Ex-8 are more irreg-
ular. A slightly higher accuracy indicates a better background
pixel prediction in Ex-8, which does not entirely align with
the primary goals of AMC semantic segmentation. Thus, it
can be concluded that FDL effectively mitigates the cate-
gory imbalance caused by a predominance of background
masks, and where computational power and time permit,
increasing image resolution substantially enhances the per-
formance of AMC semantic segmentation. This thorough
analysis advances the understanding of various experimental
factors on AMC segmentation and provides valuable guid-
ance for future algorithm improvements and experimental
designs.

The curves depicted in Fig. 9a represent the training trajec-
tory of Ex-1, showcasing a rapid initial descent in loss values
indicative of the capability of the model to learn and adapt its
weights to the dataset swiftly. As epochs progress, the decline
in loss decelerates, ultimately stabilizing, which suggests the
approach of the model to convergence and robust understand-
ing of the data. The modest gap between the training and
validation loss curves denotes the proper generalization of the
model, a crucial marker for circumventing overfitting. Con-
currently, qualitative predictive results infer that the model
demonstrates substantial segmentation performance against
normal and clear backgrounds, accurately delineating each
AMC as demonstrated in the first row of Fig. 9b. However,
precision falters as backgrounds complexify, particularly in
scenarios with shadow occlusions, as observed in the second
row of Fig. 9b. This could stem from the limited adaptability
of the model to environmental changes, especially sensitivity
to shadow and illumination conditions variations. Further-
more, despite the satisfied predictive performance on frontal

components, room for refinement persists in the detailed
treatment of regions, notably at the fringes of the wings (as
shown in the third row in Fig. 9b).

Figure 10a and b presents the accuracy and IoU curves
for individual sub-categories, respectively. Analysis of the
curves displayed in these figures reveals distinct character-
istics in recognizing the model of various AMC throughout
the training process. First, a rapid improvement in both accu-
racy and IoU for all categories indicates the swift learning of
key features distinguishing each AMC. As the training pro-
gresses, the rate of increase for these metrics decelerates and
ultimately plateaus, suggesting that the model is approaching
its performance limit. The background category consistently
shows the highest accuracy and IoU, likely reflecting its
predominant presence and more straightforward features
within images. In contrast, the accuracy and IoU for engines,
empennages, and landing gears are relatively lower, indicat-
ing challenges encountered when processing these smaller,
more complex parts and pointing to potential areas where
model optimization could enhance performance. Notably,
improving the recognition accuracy of these components,
particularly under complex backgrounds or occlusions, is of
significant importance. These observations underscore the
necessity of devising customized strategies tailored to dif-
ferent aircraft parts to ensure precise segmentation across all
conditions.

Table 3 provides an insightful evaluation of the impact
of varying the y parameter in the FDL on the segmenta-
tion task, and Figure describes the predictions of different
y values. A clear trend is observed: as y increases from
1 to 4, there is a notable decrease in training loss, indicat-
ing a more focused training process on challenging samples.
Validation loss follows a similar trend, albeit with a slight
uptick for y = 3, which suggests an optimal range for y
may exist that balances attention to complex samples with-
out overfitting. Interestingly, the validation accuracy and loU
gradually increase with higher y values, with the highest loU
of 75.992% at y = 4, despite more epochs needed. This
could imply that an increased y helps the model better delin-
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eate between the segments, improving the overall precision
of segmentation, albeit at the cost of extended training time.
The trend highlights the delicate balance between focusing
on hard-to-classify pixels and achieving general segmenta-
tion accuracy, showcasing the importance of fine-tuning the
y parameter within the loss function for optimal model per-
formance.

6.3 Further tests for difficult visual conditions

This section deliberates on the performance of the proposed
AMC segmentation dataset across varying visual conditions.
Distribution samples from the AMC-Te set, as depicted in
Fig. 12, span a spectrum of challenging visual scenarios.
Conversely, the AMC-Te set underscores exceedingly dif-
ficult visual settings, which pose significant challenges even
for human observers, thus precluding manual annotation to
avoid high-error labeling due to extreme conditions.
Predictive results from the AMC-Va dataset demonstrate
proficiency in accurately recognizing and segmenting AMC
(as shown in Fig.10b). This corroborates the efficacy of
the advanced AMC segmentation approach under optimal
lighting without complex interferences. However, arduous
conditions reflected in the AMC-Te dataset, such as lens
blurring from rain, impose considerable impediments to the
segmentation task, often precluding any reliable structure
recognition (as shownin Fig. 13). Such instances illustrate the
performance limitations of even sophisticated segmentation
models under extreme conditions. Nonetheless, it is note-
worthy that the model exhibited robust performance under
suboptimal lighting, glare, dense fog, and low visibility,
albeit with less detailed precision than in normal lighting sce-
narios. These observations affirm the efficacy of the transfer
learning strategy. When confronted with challenging visual
environments, the pretrained weights endow the model with

the essential knowledge to tackle segmentation tasks, ensur-
ing effectiveness and adaptability across variable conditions.

7 Conclusion

This study advances the field of automated AMC semantic
segmentation through a tailored DeepLabV3-based model,
rigorous annotation protocols, and innovative loss function
design. The introduction of the novel AMC-Tr dataset, cre-
ated using a meticulous image screening and annotation
strategy, addresses data limitations and ensures high-quality
pixel-level annotations. A key contribution is the custom
Focal Dice Loss (FDL) function, which effectively handles
category imbalance, improving the model’s sensitivity to
minority components like engines and landing gears. Lever-
aging transfer learning with pretrained ResNet101 weights,
the model achieves robust performance under constrained
data conditions, enabling precise segmentation of complex
aircraft structures and advancing automated MRO capabili-
ties.

The empirical results of this study demonstrate a notable
high segmentation IoU of 84.002% and an accuracy of
91.466%, validating the efficacy of the proposed segmenta-
tion approach. These outcomes signify a leap in performance
and cement the practical utility of the model in intelligent
and autonomous aircraft and airport operations. The impact
of these findings sets a precedent for future research in the
domain and offers a rich repository for continued exploration
and development.

However, while the achievements are significant, the
research does not escape limitations. For instance, under
extreme visual conditions like lens blurring from rain, the
segmentation task faces substantial hurdles, revealing perfor-
mance bottlenecks of the current model. In particular, small
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Table 3 Experiment results for
Ex-1 setting with different y
values in FDL

Fig. 11 The predictions of
different y values

Index y LOSStrain LoSSyalid Accuracyyalid ToUyaiiq Epoches
Ex-1la 1 22.400 x 1073 38.200 x 1073 83.524% 75.172% 213 epochs
Ex-1 2 5.046 x 1073 8.327 x 1073 83.420% 75.268% 263 epochs
Ex-1b 3 7.112 x 1073 12.732 x 1073 84.309% 75.413% 283 epochs
Ex-1c 4 5.066 x 1073 9.277 x 1073 84.864% 75.992% 338 epochs
. . |
Input image Annotation

Fog

High light
Normal
Low light

Rain

Clear

Fig.12 The image distribution by weather and illumination conditions in the AMC-Te-D set
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Fig. 13 The predictions in the AMC-Te set

objects, such as landing gears and certain aircraft compo-
nents, remain challenging to segment accurately due to their
limited pixel size and complex backgrounds. As discussed
in the literature, small objects pose unique difficulties in
image recognition, primarily because they occupy arelatively
small area within the image and are often overshadowed by
larger objects, resulting in lower detection and segmenta-
tion accuracy [43]. This issue is further compounded by the
imbalance between small and large objects, as noted in mar-
itime and aerial applications [44]. Future work will focus
on addressing these limitations by incorporating advanced
small object detection strategies and integrating novel tech-
niques to enhance robustness and adaptability in challenging
environments.

One potential direction is to incorporate uncertainty
modeling to improve the model’s reliability in uncertain
scenarios, as explored in recent studies using deep learning-
based uncertainty-aware methods [45]. This approach can
provide better confidence estimates for the predictions and
help in identifying areas where the model is prone to errors,
especially under visual disturbances. Moreover, combining
the current framework with 3D modeling can enhance spa-
tial understanding, allowing the model to better segment
components with complex geometric structures. Expanding
the dataset to include more diverse weather and light-
ing conditions, as well as incorporating real-time learning
capabilities, will be crucial for creating a more dynamic
and responsive system. These advancements will contribute
toward achieving the broader Smart Airport and Airport 4.0
visions by providing a more comprehensive solution capa-

ble of handling complex scenarios with greater accuracy and
robustness.
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