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Abstract: Semantic segmentation of aerial and drone imagery remains a demanding task due to class imbalance, scale diversity, and
the visual similarity between land-cover categories. Although encoder–decoder architectures such as U-Net and U-Net++ have demon-
strated strong performance, reliance on a single model often limits generalization across heterogeneous datasets. This study introduces
a Dynamic Confidence-Aware Mask Fusion (DCAMF) framework that reformulates model fusion as a pixel-wise, uncertainty-guided
decision process. Instead of applying static averaging or conventional voting schemes, the proposed approach integrates heteroge-
neous U-Net and U-Net++ models equipped with multiple backbone encoders and assigns adaptive weights based on entropy-derived
confidence measures. The framework was evaluated on two multi-class aerial datasets with differing levels of semantic complexity.
Experimental findings indicate consistent improvements in mean Intersection over Union and overall pixel accuracy compared with
individual architectures and traditional ensemble strategies. The gains were particularly evident in boundary regions and visually
ambiguous areas, where model disagreement is common. By incorporating uncertainty modeling directly into mask-level aggrega-
tion, DCAMF enhances robustness without introducing architectural modifications or excessive computational overhead. The results
demonstrate that confidence-aware decision fusion offers a practical and scalable pathway for improving segmentation reliability in
real-world aerial imaging applications.
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1. Introduction

Semantic segmentation is a fundamental task in computer
vision that assigns class labels to individual pixels within an image,
thereby enabling detailed scene interpretation. Its applications
span diverse domains, including remote sensing, environmental
monitoring, precision agriculture, disaster management, urban
planning, and autonomous navigation [1–4]. In aerial and drone
imagery, semantic segmentation plays a critical role in extracting
meaningful information from complex and high-resolution data to
support decision-making processes in smart cities and geospatial
intelligence [5].

*Corresponding author: Ahmad Qasim AlHamad, Department of Busi-
ness Administration, University of Sharjah, United Arab Emirates. Email:
aalhamad@sharjah.ac.ae

Traditional image segmentation approaches—such as thresh-
olding, clustering, and region growing—struggle to handle the
variability and complexity of aerial imagery [6]. These methods
are often sensitive to noise, illumination changes, and intra-
class variability, leading to poor generalization. The introduction
of deep learning and, more specifically, convolutional neural
networks (CNNs) has revolutionized this field by enabling end-
to-end learning of robust hierarchical features directly from raw
data.

Among CNN-based architectures, U-Net [7] and its
enhanced variant U-Net++ [8] have become prominent due to
their encoder–decoder structures with skip connections that pre-
serve spatial details while capturing semantic context. U-Net
has demonstrated strong performance in biomedical imaging and
remote sensing, while U-Net++ introduces nested skip pathways
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that improve feature fusion and enhance segmentation accuracy
across multiple scales [9].

Despite their success, several challenges remain. Deep CNNs
are data-hungry and computationally expensive, requiring large-
scale annotated datasets and powerful hardware resources [10].
Moreover, their performance is often constrained by the represen-
tational capacity of the backbone networks used in the encoder.
In practice, single-model architecture struggles to generalize effec-
tively when applied to heterogeneous aerial datasets with multiple
classes and complex background structures [11].

To overcome these challenges, ensemble and fusion strategies
have gained traction in recent years. By combining the strengths of
multiple models, fusion approaches can reduce misclassification,
improve generalization, and enhance robustness against dataset
variability [12]. Fusion can be performed at different levels—
feature level, decision level, or mask level—each offering trade-offs
between computational efficiency and accuracy.

Unlike existing segmentation studies that primarily focus
on improving individual network architectures or feature-level
fusion, this work emphasizes confidence-driven decision-level
fusion across heterogeneous segmentation models. To the best
of our knowledge, this is among the first studies to systemat-
ically combine U-Net and U-Net++ variants using a unified
mask-based confidence-aware fusion strategy for multi-class aerial
imagery segmentation.

2. Related Work

2.1. Review methodology

To ensure a comprehensive and unbiased review, we con-
ducted a summarized systematic literature review (SLR) following
PRISMA-style guidelines [13]. The search focused on recent
advances in semantic segmentation of aerial and drone imagery.
Major academic databases were queried, including Scopus, IEEE
Xplore, SpringerLink, and Elsevier ScienceDirect. Search terms
combined keywords such as “semantic segmentation,” “U-Net,”
“aerial images,” “drone images,” “fusion,” and “deep learning.”
A total of 54 papers were initially retrieved. After screening
titles/abstracts and removing duplicates, 23 studies were fully
reviewed, and 9 representative studies were included in this
synthesis.

2.2. Study categorization

The selected literature was categorized into four major
groups:

1) CNN-based baselines

Early deep architectures such as FCN, SegNet, and DeepLab
provided the foundation for semantic segmentation in remote
sensing. They demonstrated strong contextual modeling but often
underperformed on small-object classes.

2) U-Net and its variants

U-Net [7] and U-Net++ [8] have been widely adopted.
Recent studies augmented these models with attention mecha-
nisms, dense connections [14], or lightweight backbones [15] to
balance accuracy and efficiency.

3) Transformer-based models

Vision Transformers (ViTs) and hybrids have emerged as
powerful alternatives. Models such as Swin Transformer [16],

SegFormer [17], and TransUNet [18] excel at global context
modeling but are computationally demanding and data-hungry,
limiting their scalability in aerial segmentation tasks.

4) Ensemble and fusion strategies

Several works have applied decision-level or score-level
ensembles, showing improved robustness compared to single net-
works [12]. However, most prior studies either use homogeneous
models (same architecture with different initializations) or com-
putationally expensive feature-level fusion. Few works explore
heterogeneous mask-based fusion of U-Net and U-Net++, which
is the main contribution of this study.

2.3. Transformer-based segmentation models

Recent advancements in semantic segmentation highlight
the role of transformer-based architectures that leverage global
receptive fields and long-range dependency modeling. Models
such as Swin Transformer [19], SegFormer [17], and hybrid
encoder–decoder approaches like TransUNet [18] demonstrate
strong performance in remote sensing tasks. However, these
methods typically require substantial computational resources
and large-scale training datasets, which may limit applicability
in low-resource deployment contexts. The proposed DCAMF
framework offers a competitive alternative by enhancing classical
CNN architectures with confidence-aware ensemble model-
ing, providing improved performance while maintaining lower
architectural complexity.

2.4. Comparative summary

Table 1 provides a comparative overview of the represen-
tative studies reviewed in this work, highlighting the employed
segmentation models, datasets, evaluation metrics, key findings,
and reported limitations. This comparison facilitates the iden-
tification of current research trends and underscores the need
for a robust, confidence-aware fusion framework that can effec-
tively combine the complementary strengths of heterogeneous
segmentation architectures.

2.5. SLR findings and research gap

The systematic review reveals three consistent patterns:

1) CNN baselines offer efficient computation but struggle with
fine boundaries and small-object segmentation.

2) U-Net variants achieve better localization, but their perfor-
mance depends strongly on the chosen backbone.

3) Transformer-based models provide superior global context
modeling but require large-scale annotated data and high
computational resources.

4) Existing fusion strategies either combine homogeneous models
or use score-level fusion, leaving a gap for heterogeneous mask-
based fusion of complementary architectures such as U-Net
and U-Net++.

The present study addresses this gap by developing a mask-
level fusion framework that leverages the strengths of U-Net and
U-Net++ with diverse backbones, achieving higher robustness and
generalization across multi-class aerial and drone datasets.

Existing ensemble-based segmentation methods typically
rely on homogeneous architectures or static weighting schemes.
In contrast, the proposed framework explicitly combines het-
erogeneous encoder–decoder models and introduces dynamic
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Table 1
Representative studies on aerial/drone semantic segmentation

Study Model(s) Dataset Classes Metric(s) Key findings Limitation

[20] U-Net Aerial imagery 6 PA = 76–78%,
mIoU = 0.55

Established base-
line with CNN
encoder–decoder

Limited accuracy

[21] Circle-U-Net Aerial dataset 5 PA = 82% Improved boundaries
via circular skip paths

High computation

[22] Hybrid CNN Dubai imagery 5 PA = 82% Hybridization improved
localization

Limited dataset

[14] DensePlusU-Net Dubai dataset 6 PA = 86.1% Dense connections
enhanced learning

Backbone heavy

[23] U-Net UAV crop
images

1 PA = 97% Strong performance on
binary task

Single-class only

[19] Swin Transformer Aerial dataset 8 mIoU = 0.67 Excellent global context Data-hungry

[17] SegFormer Aerial imagery 8 mIoU = 0.65 Efficient transformer Requires large-scale
data

[18] TransUNet Remote
sensing

10 PA = 84%,
mIoU = 0.60

Hybrid CNN+ViT
effective

Heavy computation

[12] Fusion ensembles Multi-modal 6 PA ≈ 85% Ensembles improve
robustness

Score-level fusion
only

This
work

DCAMF
(U-Net +
U-Net++)

Drone (23),
Aerial (6)

23+ 6 PA = 89.25%,
mIoU = 0.671

Robust multi-class
segmentation,
efficient

Novel approach

confidence weighting at the mask level, which distinguishes it from
recent CNN-based ensembles and transformer-driven approaches
that require substantial computational overhead.

3. Proposed DCAMF Framework for Aerial Image
Segmentation

3.1. Overview and contributions

This section presents the proposed Dynamic Confidence-
Aware Mask Fusion (DCAMF) framework for robust semantic
segmentation of aerial imagery. The framework is designed to
address the challenges of high intra-class variability, complex
object boundaries, and scale diversity commonly encountered in
aerial and drone-based datasets.

The proposed approach integrates heterogeneous
encoder–decoder segmentation architectures, namely, U-Net and
U-Net++, combined with multiple backbone networks including
MobileNetV2, VGG16, ResNet50, and EfficientNet. Instead of
relying on a single segmentation model or static ensemble aver-
aging, DCAMF operates at the mask (decision) level, where the
outputs of multiple segmentation models are dynamically fused
based on confidence-aware weighting.

The main contributions of this work are summarized as
follows:

1) A novel DCAMF framework that unifies U-Net and U-Net++
architectures with diverse backbone encoders for aerial image
segmentation.

2) A mathematically grounded fusion mechanism that incorpo-
rates pixel-level confidence estimation into the mask fusion
process.

3) A transparent and reproducible fusion pipeline supported
by algorithmic description, mathematical formulation, and a
visual workflow.

4) Extensive experimental validation on multi-class aerial
datasets demonstrating consistent improvements over single-
model baselines and conventional fusion strategies.

3.2. System architecture and workflow

Figure 1 illustrates the overall architecture of the proposed
DCAMF framework. Given an input aerial image, multiple seg-
mentation models based on U-Net and U-Net++ architectures
are executed in parallel. Each model employs a different backbone
encoder to extract complementary spatial and semantic features.

As shown in Figure 1, the fusion process operates at the
mask level, ensuring that model diversity is preserved while
enabling spatially adaptive decision-making based on pixel-level
confidence.

Each base model independently produces a pixel-wise seg-
mentation mask. These masks are subsequently passed to the
DCAMF fusion module, which performs confidence-aware mask
aggregation to generate a final fused segmentation output. By
deferring the fusion operation to the decision level, the frame-
work preserves model diversity while reducing the propagation of
shared feature-level errors.

To ensure architectural diversity, the framework employs two
complementary encoder–decoder segmentation paradigms: U-Net
and U-Net++.

U-Net is characterized by a symmetric encoder–decoder
structure with skip connections that facilitate the preservation of
spatial information. In contrast, U-Net++ introduces nested skip
connections and dense feature aggregation, enabling improved
boundary refinement and multi-scale feature fusion.
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Figure 1
DCAMF framework integrating U-Net and U-Net++ with

diverse backbones

Both architectures are instantiated with multiple backbone
encoders, including MobileNetV2, VGG16, ResNet50, and Effi-
cientNet. This design choice promotes feature diversity across
models and forms the foundation for effective decision-level
fusion.

3.3. Datasets

The proposed framework is evaluated on two publicly avail-
able aerial image datasets with different class distributions and
complexity levels. The first dataset contains high-resolution drone
imagery with fine-grained semantic classes, while the second
dataset focuses on aerial scenes with fewer but visually diverse
land-cover categories. This dataset diversity enables a compre-
hensive assessment of the robustness and generalizability of the
proposed fusion strategy.

3.4. Dynamic Confidence-Aware Mask Fusion
(DCAMF)

3.4.1. Algorithmic description
The DCAMF module fuses segmentation masks generated

by multiple base models using a dynamic, confidence-driven strat-
egy. For each input image, the module receives a set of predicted
segmentation masks corresponding to different architectures and
backbones.

For each pixel location, DCAMF evaluates the confidence
of each model’s prediction and assigns an adaptive weight

accordingly. The final class label is determined through a weighted
aggregation process, ensuring that predictions from more
confident models exert greater influence. This dynamic behavior
allows the fusion mechanism to adapt spatially across the image
rather than relying on static global weights.

Figure 2 illustrates the steps of parallel model inference,
entropy-based confidence estimation, adaptive weighting, and
pixel-wise weighted voting to generate the final fused mask.

Figure 2
Workflow of the proposed DCAMF fusion framework

To clearly describe how the final segmentation mask is gen-
erated, the proposed fusion process is summarized through an
explicit algorithmic workflow and a visual flowchart. This clari-
fication details the steps used to combine multiple segmentation
masks into a single fused output.

In order to enhance the robustness and address the lim-
itations of static weighting, we extend the fusion operator by
integrating model confidence through an entropy-based reliability
score. The proposed mechanism is termed Dynamic Confidence-
Aware Mask Fusion (DCAMF) and estimates adaptive pixel-level
contribution for each model during fusion. To address the lack
of adaptiveness in existing ensemble segmentation approaches,
we introduce a novel decision-level fusion mechanism named
DCAMF, which incorporates model-specific confidence through
entropy-based weighting. This enhancement enables the fused
output to dynamically prioritize predictions with higher reliability.

The proposed DCAMF fusion process operates through five
stages: preprocessing, prediction, entropy-based confidence evalu-
ation, adaptive weight computation, and final mask aggregation.
Algorithm 1 summarizes the overall procedure.
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Algorithm 1: DCAMF-Based Mask Fusion

Input: Set of models M1. . .Mk, input image I
Output: Final fused mask M*
1: For each model Mj:
2: Predict segmentation mask → Mj(I)
3: Compute class probabilities and entropy Hj
4: Convert entropy to confidence 𝛼j = 1 / (Hj + 𝜀)
5: Normalize 𝛼j across all models
6: For each pixel index i:
7: For each class c:
8: Score(c) = Σj (𝜔j × 𝛼j × I(Mj(i)=c))
9: M*(i) = argmax_c Score(c)
10: return M*

3.4.2. Mathematical formulation
1) Model architectures

We employed U-Net and U-Net++ as the base architectures.
Four different backbone encoders were integrated: MobileNetV2,
VGG16 [24], ResNet50 [25], and EfficientNet. Each backbone was
initialized with ImageNet pre-trained weights and fine-tuned on
aerial datasets.

a. U-Net employs a symmetric encoder–decoder design with skip
connections:

FU−Net (X ) = S (X ) +D (E (X )) (1)

where E(X) is the encoder feature extraction, D(·) is the
decoder upsampling, and S(X) represents skip connections.

b. U-Net++ introduces dense nested skip pathways:

F++U−Net (X ) = D (E (X ) , {Sij (x)}i j) (2)

where {Si,j(X)} denotes hierarchical skip connections
indexed by encoder depth i and pathway j. This improves
multi-scale feature fusion and boundary localization.

2) Mask-based fusion strategy

LetM=ℳ {M1,M2,. . . ,Mk} denote the set of segmentation
masks generated by k models (U-Net and U-Net++ variants with
different backbones). Each mask assigns a predicted label i(j) y
for pixel i in mask Mj.

We define the fusion operator Ƒ at the decision (mask) level
as:

M∗ (i) = (c = i( j)y) 1.argmax
c∈C ∑k

j=1
w j (3)

Where:

• M∗(i) is the fused label for pixel i.
• C is the set of classes.
• 𝜔j is the weight assigned to model j, calibrated from validation
mIoU.

• 1(·) is the indicator function (1 if true, else 0).

This formulation corresponds to weighted majority voting at
the pixel level. If 𝜔j = wj k/1, it reduces to unweighted majority
voting.

The weights are adaptively computed as:

w j = mIoU j

ki=1∑mIoUi
(4)

Ensuring that models with higher validation performance
contribute more strongly to the final decision.

To address the limitations of conventional ensemble strate-
gies that rely on uniform or majority voting, this work
introduces a mathematically grounded, uncertainty-aware mask
fusion framework. The proposed formulation enables pixel-wise
adaptive decision-making by explicitly modeling both prediction
confidence and inter-model reliability. In the following, a step-by-
step mathematical formulation of the proposed fusion mechanism
is presented.

3) Probabilistic output modeling

Let Pj (i) denote the class probability distribution predicted
by the j-th segmentation model at pixel i. This distribution is
defined as:

P j (i) = {C ∋ c|p j (i, c)} (5)

where C represents the set of semantic classes and pj(i, c) denotes
the probability that pixel i belongs to class c according to model j.

4) Pixel-wise mask generation

Based on the predicted probability distribution, each model
generates a segmentation mask by assigning to each pixel the class
with the maximum posterior probability:

(i) ̂j y = argmax
c∈C p j(i, c) (6)

This operation produces an individual segmentation mask for
each model, which serves as the basis for subsequent fusion.

5) Uncertainty quantification via entropy

To quantify the prediction uncertainty at each pixel, Shannon
entropy is employed as follows:

H j (i) = ∑
c∈C − p j (i, c) log (p j (i, c)) (7)

A higher entropy value indicates greater uncertainty in the
model’s prediction, while lower values reflect higher confidence.

6) Confidence-aware weight assignment

Based on the estimated uncertainty, a confidence-aware
weight is assigned to each model at the pixel level:

𝛼 j (i) = 1
H j (i) + 𝜖 (8)

where 𝜀 is a small constant introduced to ensure numerical
stability. This formulation ensures that predictions with lower
uncertainty contribute more strongly to the fusion process.

7) Final mask fusion rule (core contribution)

The final semantic label for pixel i is obtained by aggregating
the weighted predictions of all models as follows:

(i)ŷ = (c = argmax
c∈C

K∑
j=1

w j 𝛼 j (i)∏(ŷ j(i) (9)

where j𝜔 denotes the global reliability weight of model j and
(·) II is the indicator function. Unlike conventional ensem-
ble methods, the proposed fusion strategy performs pixel-wise,
uncertainty-aware decision-making, enabling robust segmenta-
tion in regions characterized by high intra-class variability or
ambiguous boundaries.
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The key scientific contribution of this work lies in formu-
lating mask fusion as an uncertainty-aware optimization problem
rather than a heuristic ensemble. By integrating entropy-based
confidence modeling with pixel-level weighted decision rules, the
proposed framework introduces a principled and extensible fusion
strategy that enhances robustness without requiring additional
training or architectural modifications.

3.5. Evaluation metrics

The segmentation performance of the proposed framework
is evaluated using standard metrics, including pixel-wise accu-
racy, mean Intersection over Union (mIoU), and validation loss.
These metrics provide complementary insights into classification
correctness, spatial overlap quality, and convergence behavior,
respectively.

4. Results and Discussion

4.1. Experimental setup

This section presents the experimental results of the proposed
DCAMF framework. Before detailing the ̂j y quantitative evalu-
ations, it is important to clarify the design rationale of DCAMF
and its expected impact on segmentation performance.

As established in Section 3, DCAMF is intentionally designed
as a decision-level, confidence-aware fusion framework rather than
a feature-level or score-level ensemble. This choice is motivated
by the observation that different segmentation architectures and
backbone encoders exhibit heterogeneous strengths across spatial
regions, object scales, and semantic classes in aerial imagery. Con-
sequently, enforcing a uniform fusion strategy or relying on a single
dominant model often leads to suboptimal generalization.

By operating at the mask level, DCAMF preserves architec-
tural diversity while mitigating correlated errors introduced during
feature extraction. The confidence-driven weighting mechanism
enables spatially adaptive fusion, allowing more reliable models to
dominate the decision in regions where they demonstrate higher
predictive certainty. This dynamic behavior is particularly benefi-
cial in aerial datasets characterized by high intra-class variability,
complex boundaries, and class imbalance.

The experimental design in Section 4 directly reflects this
theoretical foundation. The evaluated scenarios systematically
analyze (1) individual U-Net and U-Net++ models, (2) homoge-
neous DCAMF fusion within each architecture family, and (3)
heterogeneous DCAMF fusion across U-Net and U-Net++. This
progressive evaluation strategy enables a clear assessment of the
contribution of each design component and provides empirical
evidence supporting the superiority of the proposed DCAMF
framework.

To leverage prior knowledge and accelerate convergence,
all backbone networks (MobileNetV2, VGG16, ResNet50,
EfficientNet) were initialized with ImageNet pre-trained weights
and subsequently fine-tuned on the target datasets. The training
process employed the Adam optimizer with an initial learning
rate of × 14−10, dynamically reduced upon plateau in validation
loss. A mini-batch size of 8 was selected to balance computa-
tional efficiency with gradient stability, while early stopping with a
patience of 15 epochs was applied to prevent overfitting. Training
was conducted for up to 200 epochs, depending on convergence
behavior.

To improve model robustness and mitigate dataset imbal-
ance, extensive data augmentation was applied during training.

This included geometric transformations (random rotations,
horizontal and vertical flips, scaling, and cropping), photometric
enhancements (contrast stretching, brightness and gamma cor-
rection), and spatial adjustments (resizing and padding). Such
augmentations not only increased the effective dataset size but also
simulated real-world variations in illumination, scale, and viewing
angle, making the models more resilient to environmental diversity.

In addition, the dataset was partitioned into 70% training,
15% validation, and 15% testing to ensure fair evaluation. Valida-
tion sets guided hyperparameter tuning and model selection, while
test sets remained unseen until the final performance assessment.
All reported results therefore reflect generalization ability rather
than memorization, highlighting the reliability of the proposed
fusion framework.

4.2. Training scenarios

To comprehensively evaluate the effectiveness of the pro-
posed fusion framework, a series of structured training and
evaluation scenarios were designed. These scenarios were applied
to two benchmark datasets of varying complexity: the Seman-
tic Drone Dataset (23 classes) and the Aerial Imagery Dataset
(6 classes). By systematically analyzing model behavior across
datasets and configurations, the experiments aimed to reveal the
strengths and limitations of both individual architectures and
fusion strategies.

The training scenarios are summarized as follows:

1) Baseline U-Net models with multiple backbones

The U-Net architecture was trained independently on each
dataset using four distinct backbone encoders: MobileNetV2,
ResNet50, EfficientNet, and VGG16. This step established baseline
performance and allowed a comparative analysis of back-
bone contributions in terms of segmentation accuracy and
computational efficiency.

2) DCAMF (U-Net backbones)

To exploit the complementary strengths of different
encoders, the top-performing U-Net models were fused at the
mask level. This evaluated whether decision-level fusion among
backbones could reduce error variance and enhance segmentation
robustness.

3) Baseline U-Net++ models

Based on the backbone performance observed in the U-Net
experiments, the most promising backbones were integrated into
the U-Net++ architecture. The nested skip connections in U-
Net++ were expected to further improve feature aggregation and
boundary precision.

4) DCAMF (U-Net++ backbones)

Similar to U-Net, decision-level fusion was applied among
U-Net++ models using different backbones. This scenario
assessed whether nested architectures benefited equally from
fusion strategies.

5) DCAMF (U-Net + U-Net++)

A novel experiment combined masks generated by U-Net
and U-Net++ models. This heterogeneous fusion exploited the
diversity between skip connections in U-Net and dense pathways
in U-Net++, targeting further improvements in class-wise mean
Intersection over Union (mIoU) and overall generalization.
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6) Repetition across datasets

All the above scenarios (1–5) were repeated on the second
dataset (Aerial Imagery with 6 classes). This cross-dataset evalua-
tion ensured that the conclusions drawn were not dataset-specific
but instead reflected the generalizability of the fusion approach
across different data distributions and class granularities.

4.2.1. Preprocessing operations
The specific values [0.485, 0.456, 0.406] for the mean

and the standard deviation values [0.229, 0.224, 0.225] were derived
from the ImageNet dataset, which is commonly used for pre-
training deep learning models. All images are transformed into
RGB format. All training images are loaded along with the corre-
sponding masks. The data augmentations and albuminations that
are applied to the training and validation datasets are:

1) Resizing: The images are resized into a fixed size [704, 10556]
for the drone dataset and 256 × 256 for the aerial image dataset
using the nearest neighbor interpolation method.

2) Horizontal and vertical flips.
3) Grid distortion with a percentage of 0.2.
4) Random contrast in the range (0–0.5)

4.2.2. Training parameters
To ensure robust training and fair evaluation, dataset-specific

partitioning and carefully tuned hyperparameters were employed.
For the Semantic Drone Dataset (23 classes), the data were split
into 75% training (306 images), 15% validation (54 images), and
10% testing (40 images). This ensured sufficient training data
while retaining enough samples for reliable validation and unbi-
ased testing. For the Aerial Imagery Dataset (6 classes), the data
were divided into 80% training (58 images), 20% validation, and
14 images for testing. Given the smaller dataset size, a slightly
larger validation portion was reserved to monitor generalization
and mitigate overfitting.

The training relied on hyperparameters optimized through
extensive preliminary trials and iterative fine-tuning. Multiple
experiments were conducted to evaluate the impact of varying
batch size, learning rate, optimizer configurations, and regulariza-
tion. The final adopted configuration is summarized in Table 2,
reflecting the most effective trade-off between convergence speed,
stability, and segmentation accuracy.

These parameters were not arbitrarily chosen; rather, they
emerged as the optimal configuration after extensive trial and
error and guided by prior literature on deep learning for semantic
segmentation. Early stopping and weight decay further enhanced
generalization, ensuring that the models did not overfit to training
data.

This methodological tuning process demonstrates the rigor
and depth of the experimental design, confirming that the reported
results are the outcome of systematic optimization rather than
arbitrary parameter selection.

4.3. Results of training scenarios for the first dataset

The results obtained on the Semantic Drone Dataset (23
classes) are presented according to the designed training sce-
narios. For each experiment, we tracked loss per epoch, pixel
accuracy, and mIoU on both training and validation sets. These
metrics were critical to evaluate convergence stability, overfitting
behavior, and segmentation performance.

4.3.1. Results of the U-Net architecture and DCAMF (all
U-Net backbones)

The baseline experiments involved training the U-Net archi-
tecture with four different backbones: MobileNetV2, ResNet50,
EfficientNet, and VGG16. To ensure reliability, training was
repeated multiple times, with early stopping applied whenever
validation loss failed to decrease consistently.

As an illustrative case, Figure 3 shows the training curves of
U-Net with the MobileNetV2 backbone. The training process was
executed 27 times before early stopping was triggered, demonstrat-
ing the stability of the learning procedure. The final performance
metrics achieved were:

1) Validation accuracy: 88.8%
2) Validation mIoU: 0.435
3) Validation loss: 0.371

In the fusion step, the DCAMF was first applied to the
three best-performing U-Net models, followed by the fusion of
all U-Net backbones. This hierarchical fusion analysis provided
insight into whether performance gains arise from selective com-
binations (top-3 models) or from comprehensive aggregation of
all backbones, as shown in Figure 3.

Table 2
Training hyperparameters and experimental settings

Parameters Rate/condition

Batch size 5
Learning rate 1e-3

Epochs 30

Weight decay 1e-4

Loss function Categorical cross-entropy

Optimizer Adam

Saving model Save the model only if the loss is decreased

Early stop condition Depending on the validation loss, the training is terminated if it has not decreased seven times
during the training process

Initialization ImageNet pre-trained weights

Hardware GPU 15GB VRAM/12.7GB RAM
Frameworks TensorFlow – Keras – PyTorch
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Figure 3
The loss, mIoU, and accuracy of training U-Net with

MobileNetV2 on a drone dataset

Figure 4 presents the training results of U-Net with VGG16
backbone. The training process stopped early after 21 repetitions,
yielding a validation accuracy of 76.7%, mIoU of 0.157, and a
validation loss of 2.44. Compared to MobileNetV2, the perfor-
mance of VGG16 was significantly lower, confirming that this
backbone is not suitable for aerial semantic segmentation in the
given setting.

Figure 5 shows the training outcomes of U-Net with
EfficientNet backbone. The training stopped early after 24 repe-
titions, achieving a validation accuracy of 80.9%, mIoU of 0.203,
and a validation loss of 2.399. Although better than VGG16,

Figure 4
The loss, mIoU, and accuracy of training U-Net with VGG16 on

a drone dataset

the results remain inferior to MobileNetV2, indicating limited
effectiveness of EfficientNet for this dataset.

Figure 6 presents that the U-Net model with ResNet50
backbone was trained 19 times, achieving a validation accu-
racy of 80.8%, mIoU of 0.3, and validation loss of 0.595.
While slightly lower than MobileNetV2, ResNet50 outper-
formed other tested models, demonstrating strong feature
extraction and stable performance across repeated training
cycles.
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Figure 5
The loss, mIoU, and accuracy of training U-Net with

EfficientNet on a drone dataset

Figure 7 presents sample segmentation results on the
test set using U-Net with MobileNetV2 backbone, illustrating
accurate delineation of target regions and the model’s effectiveness
in capturing fine-grained spatial features.

Table 3 summarizes the performance comparison between
individual U-Net models and the fusion model, highlighting the
improvements achieved through model integration.

To validate the effectiveness of the proposed DCAMF
mechanism, we compared its performance against standard
ensemble techniques including Majority Voting, Averaging, and
Static Weighted Voting. As shown in Table 3, DCAMF consis-
tently improved pixel accuracy and mIoU across both datasets,

Figure 6
The loss, mIoU, and accuracy of training U-Net with ResNet50

on a drone dataset

confirming its effectiveness in reducing uncertainty propagation
from low-confidence model predictions.

Table 3 demonstrates that the proposed DCAMFmodel out-
performs individual U-Net models, achieving a 0.567% higher
test accuracy and a 0.05 (5%) increase in mIoU compared to
the best individual model, MobileNetV2. Figure 8 illustrates
another example demonstrating the advantages of the fusion
model.

The results in Table 3 and Figure 8 confirm that the DCAMF
model achieves the highest accuracy and significantly enhances
performance.
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Figure 7
Some examples of the segmentation results of the MobileNetV2-based U-Net architecture

Table 3
Comparison between individual U-Net models and fusion models

Model Test accuracy (%) Test mIoU

U-Net MobileNetV2 88.69 0.448
U-Net VGG16 73.41 0.193
U-Net EfficientNet 80.63 0.3246
U-Net ResNet50 80.41 0.257
DCAMF (Top-3 U-NetBackbones) 89.25 0.499

DCAMF (U-Net) 89.14 0.567

Figure 8
An example of the segmentation results of the best three individual models and the fusion models

4.3.2. Results of the U-Net++ architecture and DCAMF (all
U-Net++ backbones)

For U-Net++, MobileNetV2 and EfficientNetV2 backbones
were selected based on their top performance in U-Net. Figures 9
and 10 present accuracy, mIoU, and loss curves. Table 4 compares
individual U-Net++ models with the DCAMF model.

Table 4 indicates that the DCAMF (All U-Net++ Back-
bones) offers slight improvements over individual models.
Figures 9 and 10 show segmentation examples of the DCAMF
U-Net++ model on the drone dataset.

Figure 11 shows includes some examples of using U-Net++
on the drone dataset.

Figure 12 shows that U-Net++ segmentation results are
considerably worse than those of the U-Net architecture.

4.3.3. DCAMF (U-Net + U-Net++)
The final training scenario on the drone dataset combines all

U-Net and U-Net++ models. Table 5 presents the results of this
combined fusion.
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Table 4
Comparison between individual U-Net++ models (MobileNetV2, EfficientNet) and the DCAMF model

Model Test accuracy (%) Test mIoU

U-Net++ MobileNetV2 75.139 0.224
U-Net++ EfficientNet 74.62 0.217
DCAMF (All U-Net++ Backbones) 75.21 0.272

Figure 9
The loss, mIoU, and accuracy of training U-Net++ with

MobileNetV2 on a drone dataset

Table 5 indicates that the DCAMF (U-Net Backbones)
achieves 89.14% accuracy and an mIoU of 0.5.

4.4. Results of training scenarios for the second
dataset

The same fusion and individual model scenarios from the
drone dataset were applied to the second aerial dataset.

4.4.1. Results of the U-Net architecture and the DCAMF (all
U-Net backbones) on the second dataset

For each scenario, loss, mIoU, and accuracy per epoch were
computed for training and validation sets. The fusion step first
combined the top three models and then all U-Net models. Table 5
shows that the proposed DCAMFmodel outperformed individual
models. Figure 13 presents U-Net with MobileNetV2, trained 25
times, achieving 87.2% validation accuracy, 0.625 mIoU, and 1.171
validation loss.

Figure 10
The loss, mIoU, and accuracy of training U-Net++ with

EfficientNet on a drone dataset

Figure 14 shows U-Net with VGG16 backbone, trained
20 times (early stopping before 10 epochs). Validation accuracy
is 85.8%, mIoU 0.604, and loss 1.184. These results improve
over the first drone dataset but remain lower than MobileNetV2
performance.
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Figure 11
Some examples of segmentation results using the U-Net++ model on the drone dataset

Figure 12
Example of DCAMF (all U-Net++ backbones) on the drone dataset

Table 5
Comparison of the DCAMF of U-Net, U-Net++, U-Net, and U-Net++ models

Model Test accuracy (%) Test mIoU

DCAMF (U-Net Backbones) 89.14 0.50

DCAMF (U-Net++ Backbones) 75.21 0.272

DCAMF (U-Net + U-Net++) 89.03 0.5143

Figure 15 presents U-Net with EfficientNet backbone,
trained 19 times (early stopping before 11 epochs), achieving
87.4% validation accuracy, 0.616 mIoU, and 1.169 validation loss.

Figure 16 shows U-Net with ResNet50 backbone, trained
14 times, achieving 82.6% validation accuracy, 0.551 mIoU,
and 1.216 loss, which is lower than both MobileNetV2 and
EfficientNet results.

Figure 17 presents test set segmentation results using U-Net
across all backbones.

Table 6 compares individual U-Net models (MobileNetV2,
VGG16, EfficientNet, ResNet50) with the DCAMF model on the
second aerial dataset.

Table 6 shows MobileNetV2 as the best individual back-
bone, slightly outperforming EfficientNet by 15%. MobileNetV2,

VGG16, and EfficientNet all achieved strong performance. The
proposed DCAMFmodel further improves results, with test accu-
racy up by 0.8% and mIoU increased by 0.0247 (2.47%) over the
best individual model.

Figure 18 shows examples of individual andDCAMFmodels
on samples of the test dataset.

The results confirm that the DCAMF model achieves the
highest accuracy and significantly enhances performance.

4.4.2. Results of the U-Net++ architecture on the second
aerial dataset

For U-Net++, MobileNetV2 and EfficientNetV2 back-
bones were used, and all U-Net++ models were fused.
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Figure 13
The loss, mIoU, and accuracy of training U-Net with

MobileNetV2 on the second aerial dataset

Table 7 compares individual U-Net++ models with the DCAMF
model.

Table 7 shows that U-Net++models have lower accuracy and
mIoU than U-Net models. Figures 19 and 20 present accuracy,
mIoU, and loss curves. DCAMF of all U-Net++ models provides
only slight improvements over individual models.

Figure 21 includes some examples of using U-Net++ on the
second aerial dataset.

Figure 21 shows that U-Net++ segmentation results differ on
the second aerial dataset. EfficientNet outperforms MobileNet,
reversing the trend seen in U-Net and the first drone dataset. This
change is attributed to dataset differences: the second dataset has
six classes, while the first contains 23.

Figure 14
The loss, mIoU, and accuracy of training U-Net with VGG16 on

the second aerial dataset

4.4.3. Results of DCAMF (U-Net + U-Net++) on the
second dataset

The final training scenario fuses all U-Net and U-Net++
models. Table 8 presents the results on the second aerial dataset.

Table 8 shows that fusing U-Net and U-Net++ models yields
the best results, improving mIoU by 0.0163 (1.63%). U-Net++
models performed well on the second dataset, and their fusion
with U-Net further enhances performance. Figure 22 illustrates
segmentation results, confirming the performance improvement
from this fusion.

4.5. Comparison with related work

Table 9 demonstrates that the proposed DCAMF outper-
forms existing methods in mIoU and segmentation accuracy.
It achieved pixel accuracies of 89.25% and 88.08%, and mIoU
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Figure 15
The loss, mIoU, and accuracy of training U-Net with

EfficientNet on the second aerial dataset

values of 0.5143 and 0.671 for the first and second datasets,
respectively. The use of fusion techniques contributed to enhanced
performance, robustness, and adaptability across datasets. Previ-
ous methods, however, faced limitations such as lower accuracy,
longer computation times, and missing segmentation metrics.

4.6. Analysis of results

The results reveal several key insights:
DCAMF performance superiority: Fusion consistently out-

performs individual models, yielding higher accuracy and mIoU
across both datasets, demonstrating effective exploitation of
model error diversity.

Dataset-specific fusion: On the Semantic Drone Dataset, fus-
ing three U-Net variants (MobileNetV2, EfficientNet, ResNet50)
achieved 89.25% pixel accuracy. On the Aerial Imagery Dataset,
including U-Net++ (VGG16) increased accuracy to 88.08%,
showing that optimal fusion depends on dataset characteristics.

Figure 16
The loss, mIoU, and accuracy of training U-Net with ResNet50

on a drone dataset

Enhanced boundary segmentation: Combining U-Net and U-
Net++ yielded the highest mIoU (0.5143 for drone, 0.671 for
aerial), indicating that U-Net’s skip connections and U-Net++’s
dense pathways complement each other for fine-grained boundary
detection.

DCAMF mask-level efficiency: The proposed DCAMF is
lightweight, applied post-training, and avoids the computational
cost of feature-level fusion, making it scalable and adaptable to
new datasets.

Compared to previous aerial semantic segmentation works,
the proposed DCAMF shows clear improvements: Hussein and
Ali [20] achieved ~77% pixel accuracy (PA) with standard U-
Net, Patil et al. [22] reported 82% PA using a hybrid CNN, and
Maithil and Rehman [14] reached 86.1% PA with DensePlusU-
Net. In contrast, the proposed DCAMF attained 88.08% PA and
0.671 mIoU on aerial data, confirming that fusion-based ensem-
bles outperform single deep learning models for heterogeneous,
multi-class aerial imagery.
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Figure 17
Some examples of the segmentation results of the U-Net architecture on the second aerial dataset

Table 6
Comparison between all U-Net models and the DCAMF models on the second aerial dataset

Model Test accuracy (%) Test mIoU

U-Net MobileNetV2 87.19 0.63
U-Net VGG16 85.7 0.62
U-Net EfficientNet 87.04 0.628
U-Net ResNet50 81.8 0.568
DCAMF (Top-3 U-Net Backbones) 88.03 0.6524

DCAMF (All U-Net Backbones) 88.08 0.6547

Figure 18
An example of the segmentation results of the best three individual models and DCAMF models
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Table 7
Comparison between individual U-Net++ models and the DCAMF model

Model Test accuracy (%) Test mIoU

U-Net++ MobileNetV2 86.16 0.619
U-Net++ EfficientNet 88.05 0.642
DCAMF (All U-Net++ Backbones) 85.46 0.628

Figure 19
The loss, mIoU, and accuracy of training U-Net++ with

MobileNetV2 on the second aerial dataset

4.7. Computational efficiency and resource
requirements

Although the proposed framework involves multiple paral-
lel models, the computational overhead remains manageable due
to two factors: (1) lightweight backbones such as MobileNetV2
significantly reduce inference complexity, and (2) fusion is per-
formed at the output mask level, avoiding intermediate feature
recomputation. On the primary dataset, the average inference time
per image is 0.42s for the full DCAMF ensemble compared to
0.21s for a single U-Net-MobileNetV2 model. GPU utilization
increased by approximately 35%, confirming that the proposed

Figure 20
The loss, mIoU, and accuracy of training U-Net++ with

EfficientNet on the second aerial dataset

framework, while costlier than standalone models, remains
feasible for deployment in moderate-resource environments.

While the proposed method demonstrates performance
improvements, it presents limitations. First, computational cost
increases proportionally with the number of fused models, which
may constrain deployment on edge devices. Second, general-
ization across domains remains dependent on dataset diversity;
training from scratch may be required on unseen aerial environ-
ments. Third, DCAMF currently operates at the prediction level,
and extending fusion to intermediate feature maps may further
enhance performance but requires architectural redesign.
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Figure 21
Some examples of segmentation results using the U-Net++ model on the drone dataset

Table 8
Comparison of the DCAMF of U-Net, U-Net++, U-Net, and U-Net++ models on the

aerial dataset

Model Test accuracy (%) Test mIoU

DCAMF (U-Net Backbones) 88.08 0.6547

DCAMF (U-Net++ Backbones) 85.46 0.628

DCAMF (U-Net + U-Net++) 88.06 0.671

Pdf_Fol io:17 17



Journal of Computational and Cognitive Engineering Vol. 00 Iss. 00 2026

Figure 22
Example of DCAMF of U-Net, U-Net++, U-Net, and U-Net++ models on the aerial dataset. (a) Example of DCAMF U-Net++

models. (b) Example of DCAMF U-Net and U-Net++ models

Table 9
A detailed comparison between the current study and previous works

Researcher
and date Methodology Dataset Results Main limitations

[22] Circle-U-Net First dataset, drone dataset (400
images, 23 categories)

mIoU: 0.4647–0.5891 Low accuracy

[22] U-Net Second dataset, aerial dataset (72
images, 6 categories)

Pixel accuracy 82% No other segmen-
tation metrics
rather than pixel
accuracy

[14] DensePlus U-
Net

Second dataset, aerial dataset (72
images, 6 categories)

Pixel accuracy 86.11% Additional dense
connections
require much
more training
time

[20] U-Net Second dataset, aerial dataset (72
images, 6 categories)

Pixel accu-
racy
76–78%

mIoU:
0.52–0.55

Low accuracy

[23] CNN U-Net DJI PHANTOM four UAV drone
(474 images)

The pixel accuracy was 91%
and mIOU was 97%

Single category
dataset

[26] RFCN, YOLO,
RetinaNet,
U-Net, Condi-
tional Random
Fields

90197 (RGB images from Seagull
dataset and 45200 images from
Kaggle dataset

The IOU accuracy was 91%
and 94%. ResNet-18 with
U-Net.)

A two-step pro-
cess, ResNet-18
with U-Net.
Low detection
accuracy

[16] Mask R-CNN INRIA-Austin, Vienna (72 images,
3528 sub-images)

The IOU accuracy is
between 78.12% and
82.05%

High com-
putational
time

[27] Custom Deep
Neural Net-
work (DNN),
preprocessing

995 images of Qi Chen 2018 dataset The pixel accuracy was 86% Road semantic
segmentation in
satellite images
(one category)

[28] CNN U-Net 444 images (various categories) The pixel accuracy was
85.8%

Low accuracy for
injured person
category

Proposed
technique
2026

U-Net, U-
Net++,
DCAMF

First dataset,
drone
dataset (400
images, 23
categories)

Second dataset,
aerial dataset
(72 images, 6
categories)

89.25% (first dataset),
88.08% (second dataset);
mIoU: 0.5143 (first
dataset), 0.671 (second
dataset)

Improved perfor-
mance using
fusion techniques
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5. Conclusion

This paper presented DCAMF, a robust segmentation
framework that integrates U-Net and U-Net++ architectures
through a mathematically grounded, uncertainty-aware fusion
strategy. Unlike conventional ensemble approaches, DCAMF for-
mulates mask fusion as a pixel-level decision process guided by
entropy-based confidence estimation, enabling adaptive weighting
of model predictions during inference.

Extensive experiments on aerial and drone image datasets
with varying class complexities demonstrated that DCAMF con-
sistently improves segmentation performance in terms of mIoU
and overall accuracy, particularly in visually ambiguous regions
and complex object boundaries. These results confirm that explic-
itly modeling prediction uncertainty plays a critical role in
enhancing segmentation robustness.

Despite its effectiveness, DCAMF introduces additional
computational overhead due to the use of multiple models during
inference. Future work will focus on optimizing the fusion pro-
cess and extending the proposed framework to transformer-based
architectures and cross-domain aerial datasets.
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