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Abstract

Precise brain tumor segmentation from magnetic resonance imaging (MRI) scans is critical
for clinical diagnosis and treatment planning. However, determining an optimal deep
learning architecture for such tasks remains a challenge due to the vast hyperparameter
space and structural variations. This paper presents a novel approach that integrates
Bayesian Optimization (BO) to automatically tune the U-Net architecture for effective
brain tumor segmentation. The proposed BO-UNet framework searches over encoder,
bottleneck, and decoder configurations using a Gaussian Process-based surrogate model,
guided by a fitness function derived from Dice Similarity Coefficient (DSC) and Jaccard
Index (JI). Experiments were conducted on two benchmark datasets: the Figshare Brain
Tumor Segmentation (FBTS) dataset and the BraTS 2021 dataset (focused on Whole Tumor
segmentation). The best-discovered architecture [64, 64, 64, 256, 64, 128, 256] achieved
notable performance: on the FBTS dataset, it reached 0.9503 DSC and 0.9054 JI; on BraTS
2021, it obtained 0.9261 DSC and 0.8631 JI, outperforming several state-of-the-art methods.
Convergence and segmentation-map evolution confirm that BO effectively guided the
architectural search process. These findings demonstrate the potential of BO-driven deep
learning in medical imaging, opening new avenues for architecture-level optimization with
minimal manual intervention.

Keywords: Bayesian Optimization; U-Net architecture; brain tumor segmentation; medical
image analysis; MRI

1. Introduction
Brain tumor segmentation from MRI is essential for diagnosis, surgical planning,

and treatment monitoring [1]. However, tumors exhibit high variability in size, shape,
and intensity across modalities, making manual delineation slow and inconsistent. Deep
convolutional neural networks, particularly U-Net, have become the foundation of medical
image segmentation due to their encoder–decoder architecture and skip connections that
effectively integrate local and contextual information [2].

Despite its success, U-Net performance is strongly dependent on architectural hyper-
parameters such as filter width, network depth, and decoder configuration [3,4]. Manual
trial-and-error tuning is inefficient and often suboptimal for complex multimodal MRI data,
leading to limited reproducibility and architecture bias [5,6]. Metaheuristic approaches [7],
including Particle Swarm Optimization (PSO) and Genetic Algorithms (GAs), have been
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applied to optimize U-Net parameters; however, their population-based nature typically
requires extensive evaluations and may suffer from premature convergence, restricting
scalability and robustness in architecture-level optimization [8].

Bayesian Optimization (BO) offers a more principled and sample-efficient alternative
by modeling the performance landscape with a Gaussian Process (GP) surrogate and
exploring promising configurations via an acquisition function [9]. Although BO has shown
effectiveness in hyperparameter tuning, its application to architecture-level optimization of
encoder–decoder structures for medical image segmentation remains largely unexplored.
To address this gap, we propose Bayesian Optimization-Driven U-Net (BO-UNet), an
automated framework that integrates BO directly into the U-Net architecture search to
discover optimal encoder, bottleneck, and decoder configurations. Guided by a composite
fitness function that combines the Dice Similarity Coefficient (DSC) and Jaccard Index (JI),
BO-UNet enables data-driven architectural discovery tailored to segmentation performance
on the Figshare Brain Tumor Segmentation (FBTS) and BraTS 2021 datasets. Unlike prior
studies that focus on tuning isolated training parameters, BO-UNet formulates architectural
design itself as a probabilistic optimization problem, enabling the automated discovery of
compact yet high-performing U-Net structures.

The major contributions of this study are as follows:

• We propose BO-UNet , a novel framework that integrates Bayesian Optimization with
U-Net for automated architecture-level tuning in brain tumor segmentation.

• We design a composite fitness function that combines DSC and JI to guide the proba-
bilistic search toward segmentation-specific objectives.

• We validate BO-UNet on two benchmark datasets (FBTS and BraTS 2021), showing
consistent improvements over manually designed and state-of-the-art models through
quantitative metrics and visual analysis.

The remainder of this paper is organized as follows: Section 2 reviews related work;
Section 3 describes the proposed method and optimization strategy; Section 4 presents the
experimental results and the discussion; and Section 5 concludes the paper.

2. Related Work
Deep learning has transformed medical image segmentation, particularly for brain tu-

mor analysis. U-Net [10] remains the foundational architecture due to its encoder–decoder
design and skip connections that fuse localization and context. Numerous extensions—such
as ResUNet [11], UNet++ [12], and Attention U-Net [13]—introduce residual links, nested
skip paths, and attention modules to enhance feature representation. Further hybrids,
including YOLO-UNet [14], Residual Attention U-Net [15,16], ViT-based UNETR [17],
and ASPP-integrated U-Net [18], integrate localization cues, transformer encoders, or
multi-scale aggregation to improve boundary precision.

Although these designs achieve strong results, most rely on manually crafted architec-
tures or fixed hyperparameters, limiting scalability and reproducibility. AutoML and neural
architecture search (NAS) methods provide partial automation, but are computationally
heavy and rarely optimized for the fine boundary accuracy required in tumor delineation.
Optimization-based approaches using Particle Swarm Optimization (PSO) [19,20] or Ge-
netic Algorithms (GAs) [21] have improved U-Net configurations, but their population-
based sampling demands many evaluations and often converges prematurely. Bayesian
Optimization (BO) offers a more sample-efficient, probabilistic alternative by modeling the
performance landscape with Gaussian Processes and balancing exploration–exploitation
via acquisition functions [22]. However, its use for architecture-level tuning in medical
image segmentation remains limited. The proposed BO-UNet addresses this gap by embed-
ding BO directly into U-Net’s design to discover optimal encoder, bottleneck, and decoder
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configurations guided by segmentation-specific metrics (DSC and JI), achieving robust
performance on both the FBTS and BraTS 2021 datasets.

Although recent studies have explored Bayesian Optimization for tuning learning
rates, loss functions, or attention parameters, its application to the full U-Net architectural
configuration remains limited. Existing approaches largely focus on component-level
optimization rather than holistic encoder–decoder design. This work addresses this gap by
embedding Bayesian Optimization directly into the architectural search process, enabling
the automated discovery of compact, yet high-performing, U-Net structures for brain
tumor segmentation.

3. Method
This section describes the proposed Bayesian Optimization-Driven U-Net (BO-UNet)

framework designed to automate the architectural tuning of U-Net for brain tumor seg-
mentation from MRI scans. Instead of manually defining encoder–decoder widths, the
framework employs Bayesian Optimization (BO) with a Gaussian Process (GP) surro-
gate to identify an optimal configuration that maximizes segmentation accuracy [9] while
minimizing design effort.

3.1. Framework Overview

The BO-UNet procedure comprises five main stages. First, a search space is defined by
specifying the number of filters for each encoder (E1, E2, E3), bottleneck (B), and decoder
(D3, D2, D1) block. Unlike conventional hyperparameter tuning, these variables explicitly
define the architecture-level structure of the U-Net model. Next, a Gaussian Process
(GP) surrogate model approximates the performance landscape of these configurations.
The Expected Improvement (EI) acquisition function is then used to select promising
candidates, balancing the exploration of uncertain architectural regions and exploitation of
high-performing configurations, which are subsequently trained and evaluated using the
Dice Similarity Coefficient (DSC) and Jaccard Index (JI). Finally, the GP model is updated
with the new results and the process repeats until convergence or the evaluation budget
is reached.

This iterative optimization process enables BO-UNet to automatically discover an
optimal encoder–bottleneck–decoder configuration without manual architectural design.
By modeling segmentation performance as a black-box objective function, Bayesian Opti-
mization efficiently navigates the discrete architectural search space while minimizing the
number of costly network evaluations.

This process yields the architecture that maximizes a segmentation-specific fitness
function. Figure 1 illustrates the workflow, where Bayesian Optimization dynamically ad-
justs convolutional filters at the architectural level to improve Dice and Jaccard performance
while preserving the skip connection symmetry.

3.2. Search-Space Design

To maintain valid and balanced encoder–decoder structures, the discrete search do-
main was defined as:

E1, E2, E3 ∈ {32, 64, 128, 256}, B ∈ {64, 128, 256, 512}, D3, D2, D1 ∈ {32, 64, 128, 256}.

Here, E1–E3 denote the encoder blocks, B represents the bottleneck, and D3–D1 cor-
respond to the decoder blocks of the U-Net architecture. Each variable directly controls
the number of convolutional filters, thereby defining the architectural capacity at different
resolution levels.
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The search space was deliberately constrained to discrete filter sets to ensure architec-
tural feasibility and encoder–decoder symmetry through skip connections. By sharing the
same candidate filter values for encoder and decoder blocks, the proposed design prevents
incompatible feature-map dimensions and avoids degenerate network configurations.

This bounded space constrains exploration to feasible U-Net variants and en-
sures compatibility between encoder and decoder depths, while still allowing suffi-
cient flexibility for Bayesian Optimization to discover compact and high-performing
architectural configurations.

Figure 1. BO-UNet overview: Bayesian Optimization tunes encoder/bottleneck/decoder filters via a
Gaussian Process surrogate and Expected Improvement to maximize Dice and Jaccard.

3.3. Bayesian Optimization Algorithm

The Algorithm 1 summarizes the optimization process. The initial architectures are
randomly sampled, evaluated using DSC and JI, and used to fit the GP model. At each
iteration, the EI function proposes the next configuration that maximizes the expected gain
over the current best fitness.

Algorithm 1 Bayesian Optimization for U-Net Architecture Tuning

Require: Architecture search space S, maximum BO iterations T, initial sample size n, training
dataset Dtrain, validation dataset Dval

Ensure: Optimal U-Net architecture x∗

1: Initialize empty evaluation historyH ← ∅
2: Initialize Gaussian Process (GP) surrogate model
3: Sample n initial architectures {x1, . . . , xn} ⊂ S
4: for i = 1 to n do
5: Train U-Net with xi using Dtrain
6: Evaluate DSCi, JIi on Dval
7: Compute fitness fi =

DSCi+JIi
2

8: H ← H∪ {(xi, fi)}
9: end for

10: Fit GP surrogate model using evaluation historyH
11: for t = n + 1 to T do
12: xt ← arg maxx∈S EI(x |GP)
13: Train U-Net with xt using Dtrain
14: Evaluate DSCt, JIt on Dval
15: Compute fitness ft =

DSCt+JIt
2

16: H ← H∪ {(xt, ft)}
17: Update GP with (xt, ft)
18: end for
19: return Best architecture x∗ = arg max(x, f )∈H f
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Algorithm 1 follows the standard Bayesian Optimization paradigm with a fixed eval-
uation budget. The first loop corresponds to the initial design phase required to fit the
Gaussian Process surrogate, while the second loop performs sequential model-based opti-
mization guided by the Expected Improvement acquisition function. No explicit conditional
branching is required, as exploration–exploitation trade-offs are handled probabilistically
through EI. The termination is governed by the predefined maximum number of BO it-
erations T, and the final solution x∗ is selected as the architecture achieving the highest
observed fitness value across all evaluated configurations.

3.4. Fitness and Acquisition Functions

The fitness score guiding BO is defined as the mean of DSC and JI:

f =
DSC + JI

2
(1)

This composite formulation emphasizes spatial overlap accuracy between predicted
and ground truth tumor regions, while mitigating the bias of relying on a single segmen-
tation metric. By jointly optimizing DSC and JI, the fitness function encourages balanced
improvements in boundary alignment and region coverage.

The EI acquisition function selects the next candidate architecture:

EI(x) = E [max(0, f (x)− f+)] (2)

where f+ is the best observed fitness.
The Expected Improvement (EI) criterion quantifies the expected gain over the current

best-performing architecture by considering both the predicted mean performance and
uncertainty of the Gaussian Process surrogate. As a result, EI enables an effective trade-off
between the exploration of under-sampled architectural configurations and exploitation of
architectures with high predicted segmentation performance.

This balances the exploration of uncertain regions with the exploitation of promis-
ing ones. In this study, the acquisition function operates over discrete architectural con-
figurations, where each candidate x represents a complete encoder–bottleneck–decoder
U-Net structure.

In the proposed framework, the Gaussian Process surrogate models the relationship
between architectural configurations and segmentation performance. Distances are com-
puted implicitly in the architectural parameter space (encoder, bottleneck, and decoder
filter dimensions) through the kernel function of the GP. The Dice Similarity Coefficient
and Jaccard Index are not used as distance measures within the GP; instead, they constitute
scalar observations of the black-box objective function evaluated in each architectural
configuration. Consequently, the optimization process remains fully automatic once the
search space and evaluation budget are defined.

3.5. Best Discovered Architecture

After ten Bayesian-Optimization iterations, the best-performing configuration was
obtained as:

[64, 64, 64, 256, 64, 128, 256] ⇒ [E1, E2, E3, B, D3, D2, D1] (3)

This architecture represents the configuration that maximized the segmentation fitness
defined in Equation (1) during the Bayesian Optimization process. This layout (Figure 2)
offers an effective balance between model capacity and generalization. The shallower
encoder layers capture essential local features, while the deeper bottleneck and decoder
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blocks allow for detailed spatial reconstruction, preserving anatomical boundaries with
minimal redundancy.

Figure 2. BO-optimized U-Net architecture ([64, 64, 64, 256, 64, 128, 256] for E1–E3, B, D3–D1) using
symmetric skip connections to balance feature abstraction and spatial reconstruction.

3.6. Implementation Details

The experiments were implemented in TensorFlow 2.x and executed on an HPC system
with eight NVIDIA A100 (40 GB) GPUs. Input MR images were resized to 256 × 256,
normalized to [0,1], and processed in grayscale for consistency across modalities. Training
employed the Adam optimizer with a batch size of 8 and 50 epochs. Binary Cross-Entropy
(BCE) was used as the loss function, and segmentation quality was assessed using accuracy,
DSC, and JI metrics defined below:

• Accuracy evaluates the overall proportion of correctly classified pixels and provides a
coarse measure of the voxel-wise prediction correctness. It is defined as Equation (4).

Accuracy =
TP + TN

TP + TN + FP + FN
(4)

Although accuracy is reported for completeness, it may be biased in medical image
segmentation tasks due to the dominance of background pixels. Therefore, overlap-
based metrics are emphasized for performance interpretation.

• The Dice Similarity Coefficient (DSC) measures the overlap between the predicted
segmentation (P) and the ground truth (G) (Equation (5)) and is particularly sensitive
to boundary alignment and small tumor regions.

DSC =
2|P ∩ G|
|P|+ |G| =

2TP
2TP + FP + FN

(5)

• The Jaccard Index (JI), also known as Intersection over Union (IoU), quantifies the
similarity between the predicted and actual tumor regions (Equation (6)) and imposes
a stricter penalty on over-segmentation compared to DSC.

JI =
|P ∩ G|
|P ∪ G| =

TP
TP + FP + FN

(6)

Let TP, TN, FP, and FN denote the number of true-positive, true-negative, false-
positive, and false-negative pixels, respectively. Let P represent the predicted tumor
mask and G the ground truth tumor mask. The operator | · | denotes the cardinality
(i.e., the number of pixels) of a set.
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• Binary Cross-Entropy (BCE) is the training loss function used to optimize voxel-wise
classification probabilities and is defined as Equation (7).

BCE = − 1
N

N

∑
i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)] (7)

where yi and ŷi represent the ground truth label and the predicted probability for
pixel i, respectively.

These metrics were used both for reporting segmentation accuracy and as the founda-
tion of the Bayesian Optimization fitness evaluation in Equation (1) [23].

4. Results and Discussion
This section presents the experimental setup, dataset details, and evaluation results of

the proposed BO-UNet on two benchmark brain tumor segmentation datasets: the Figshare
Brain Tumor Segmentation (FBTS) and BraTS 2021 collections.

4.1. Dataset Description and Experimental Setup

The FBTS dataset comprises T1-contrast-enhanced (T1CE) MRI slices categorized
into three types of tumors: Meningioma, Glioma, and Pituitary [24]. In total, the dataset
contains 3064 annotated 2D MRI slices, distributed across Meningioma (1426 slices), Glioma
(708 slices), and Pituitary (930 slices). Each image and its corresponding mask were resized
to 256 × 256 pixels and normalized to the grayscale intensity in [0, 1].

The BraTS 2021 dataset contains multi-sequence MRI scans (FLAIR, T1, T1CE, and T2)
with voxel-level tumor annotations [25]. The dataset includes 1251 subjects, from which
axial 2D slices containing tumor regions were extracted for analysis. Following previous
work, experiments targeted Whole Tumor (WT) segmentation using 2D axial slices.

For both datasets, only slices containing visible tumor regions were retained to ensure
meaningful supervision and to avoid trivial background-only samples.

For both datasets, the 80:10:10 split was applied for training, validation and testing.
All experiments were executed on 8×NVIDIA A100 (40 GB) GPUs using TensorFlow 2.x.
Each candidate architecture was trained for 50 epochs with the Adam optimizer (learning
rate = 10−4), batch size = 8, and Binary Cross-Entropy loss.

Performance was evaluated using accuracy, Dice Similarity Coefficient (DSC), and Jaccard
Index (JI) defined in Equations (4)–(6). For statistical significance, the Wilcoxon signed-rank
test was employed to compare BO-UNet with a baseline U-Net of fixed configuration.

4.2. Convergence Behavior of BO-UNet

Bayesian Optimization was performed for ten iterations over the defined search space.
Figure 3 illustrates the convergence trend of accuracy, loss, DSC, and JI. Although accuracy
remained consistently high from the early iterations, DSC and JI improved markedly
after iteration 4, indicating that the Gaussian Process surrogate progressively identified
better architectural configurations. Loss decreased from 0.1114 to 0.0384, confirming stable
convergence of the optimization process. The best architecture, [64, 64, 64, 256, 64, 128, 256],
achieved the highest fitness value, reflecting an optimal trade-off between architectural
compactness and segmentation quality.

Although segmentation accuracy saturates early due to the dominance of background
pixels in medical image segmentation, the continuous improvement of Dice and Jaccard
metrics after the fourth iteration demonstrates that Bayesian Optimization, guided by
the Gaussian Process surrogate and Expected Improvement criterion, effectively refines
architectural configurations rather than converging to trivial solutions. It is important
to emphasize that DSC and JI are not used as comparative metrics between different

https://doi.org/10.3390/engproc2026124022

https://doi.org/10.3390/engproc2026124022


Eng. Proc. 2026, 124, 22 8 of 12

models within Figure 3. Instead, they serve as objective functions that guide the Bayesian
Optimization process. Comparative evaluation with state-of-the-art methods is performed
separately in Section 4.4, following standard benchmarking protocols.

Figure 3. Convergence behavior of the Bayesian Optimization process. The evolution of the Dice
Similarity Coefficient (DSC) and Jaccard Index (JI) across BO iterations reflects progressive refinement
of architectural configurations guided by the Gaussian Process surrogate. Loss and accuracy are
shown for training stability analysis and are not used as optimization objectives.

4.3. Quantitative Evaluation and Statistical Analysis

FBTS Dataset. Table 1 reports the results for Meningioma, Glioma, and Pituitary
classes. BO-UNet consistently achieved very high accuracy (>0.998) and strong over-
lap metrics across all categories. The Pituitary class reached the highest performance
(DSC = 0.9559, JI = 0.9156), likely due to its well-defined structural boundaries. The mini-
mal differences between the training and testing results indicate a stable convergence and a
strong generalization of the BO-optimized architecture.

BraTS 2021 Dataset. Table 1 summarizes the results for the four MRI modalities. The
FLAIR modality yielded the best results (DSC = 0.9456, JI = 0.8970), reflecting its superior
tumor-to-tissue contrast. T2 and T1CE followed closely, while T1 performed slightly lower
due to weaker contrast in non-enhanced regions.

Statistical Validation. Wilcoxon signed-rank tests (Table 2) confirmed statistically
significant improvements of BO-UNet over the baseline U-Net across all tumor types
and modalities (p < 0.01 for DSC and JI). Median gains ranged between +0.011 and
+0.021 in DSC, demonstrating that Bayesian Optimization yields consistent and non-trivial
performance improvements rather than random variation.

Table 1. Segmentation results of BO-UNet on the FBTS and BraTS 2021 datasets.

Class/Modality
Training Testing

Acc Loss DSC JI Acc Loss DSC JI

FBTS

Meningioma 0.9986 0.0035 0.9374 0.8826 0.9987 0.0032 0.9509 0.9066
Glioma 0.9981 0.0044 0.9375 0.8826 0.9984 0.0038 0.9441 0.8941
Pituitary 0.9995 0.0012 0.9551 0.9125 0.9995 0.0012 0.9559 0.9156

BraTS 2021

FLAIR 0.9973 0.0065 0.9348 0.8779 0.9975 0.0060 0.9456 0.8970
T1 0.9960 0.0097 0.9020 0.8220 0.9964 0.0086 0.9143 0.8423
T2 0.9971 0.0070 0.9298 0.8691 0.9968 0.0076 0.9327 0.8743
T1CE 0.9969 0.0075 0.9228 0.8569 0.9963 0.0090 0.9119 0.8386
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The consistently high accuracy values (>0.99) reflect the strong class imbalance in-
herent in medical image segmentation, where background voxels dominate. Therefore,
overlap-based metrics such as DSC and JI provide more discriminative insight into seg-
mentation quality.

Table 2. Wilcoxon signed-rank test results for BO-UNet vs. baseline U-Net.

Class/Modality
DSC (p-Value) JI (p-Value)

Median p Median p

FBTS

Meningioma +0.016 0.0023 +0.014 0.0041
Glioma +0.011 0.0065 +0.012 0.0084

Pituitary +0.014 0.0047 +0.013 0.0053

BraTS 2021

FLAIR +0.021 0.0019 +0.019 0.0032
T1 +0.014 0.0096 +0.015 0.0125
T2 +0.018 0.0042 +0.017 0.0067

T1CE +0.013 0.0078 +0.012 0.0109

These results confirm that the observed improvements are statistically robust and
consistent across datasets and modalities.

4.4. Qualitative Results and Comparison with SOTA

Figure 4 shows representative visual results for both datasets. Across modalities,
BO-UNet delineates tumor boundaries with high spatial consistency, particularly in FLAIR
and T2 images where edema regions are better captured. The predicted masks exhibit
close alignment with the ground truth annotations, especially along tumor boundaries and
irregular regions. In FBTS samples, all tumor types are accurately localized with minimal
false positives.

The comparison results with state-of-the-art methods are summarized in Table 3.
BO-UNet achieves the highest DSC and JI values among the compared methods on both
datasets, indicating consistent performance gains across different tumor types and imaging
modalities. BO-UNet outperforms transformer- and attention-based models such as ViT-
Self-Attention and Attention U-Net.

Unlike transformer- and attention-based models that introduce additional parame-
ters and training complexity, BO-UNet achieves competitive or superior segmentation
performance through principled, architecture-level Bayesian Optimization. These results
demonstrate that efficient probabilistic exploration of U-Net architectural configurations
can surpass manually engineered or heavily parameterized designs while maintaining
computational efficiency.

(a)

Figure 4. Cont.
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(b)

Figure 4. Qualitative segmentation results on the (a) BraTS 2021 dataset across four MRI modalities
(FLAIR, T1, T2, and T1CE), and (b) FBTS dataset across Meningioma, Glioma, and Pituitary tumor
classes. The columns represent: original image, ground truth mask, predicted mask, and overlap.

Table 3. Comparison of BO-UNet with state-of-the-art methods on FBTS and BraTS 2021 datasets.

Method DSC JI

FBTS Dataset

BO-UNet (Proposed) 0.9503 0.9054
EfficientNet-B4 [26] 0.9339 0.8795

Self-Attention U-Net [27] 0.9327 0.7800
YOLO-UNet [14] 0.9273 0.8915

Residual-Attention
U-Net [28] 0.9110 0.8930

BraTS 2021 Dataset

BO-UNet (Proposed) 0.9261 0.8631
U-Net-ASPP-EVO [18] 0.9251 –
ViT-Self-Attention [29] 0.9174 –

U-Net-AG [13] 0.9095 0.8323
U-Net (baseline) [10] 0.8600 0.7807

4.5. Limitations and Future Work

Although BO-UNet achieves consistent accuracy and strong generalization, each opti-
mization iteration entails training a complete model, leading to substantial computational
cost. Future extensions will focus on: (i) multi-objective Bayesian Optimization to jointly
optimize accuracy and efficiency; (ii) hybrid BO–metaheuristic strategies (e.g., BO–PSO)
to accelerate convergence; and (iii) cross-dataset and federated validation to evaluate
robustness under domain shifts. Despite these constraints, the results indicate that BO-
based architectural tuning provides a scalable and reproducible pathway toward a fully
automated medical image segmentation design.

5. Conclusions
We presented BO-UNet, a Bayesian Optimization-driven framework that automati-

cally performs architecture-level tuning of U-Net models for brain tumor segmentation
by modeling performance with a Gaussian Process and selecting candidate architectures
via Expected Improvement. Guided by a DSC + JI fitness, BO-UNet discovered compact
encoder–bottleneck–decoder configurations that achieved up to DSC = 0.9559/JI = 0.9156
on FBTS and DSC = 0.9456/JI = 0.8970 on BraTS 2021, with median DSC gains of +0.01–0.02
over a fixed U-Net (Wilcoxon p < 0.01), demonstrating statistically significant and con-
sistent improvements across datasets and imaging modalities. Unlike conventional ap-
proaches that rely on manual architectural design or population-based metaheuristics,
BO-UNet formulates U-Net architecture selection as a probabilistic optimization problem,
enabling efficient exploration of the architectural search space with fewer costly evaluations
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while preserving segmentation accuracy and generalization capability. These findings
underscore the value of probabilistic, data-driven architecture search for medical image
segmentation and its ability to reduce manual design effort, while future work will explore
multi-objective BO strategies that jointly consider accuracy and computational efficiency,
hybrid BO–metaheuristic schemes for faster convergence, and broader validation across
modalities and clinical cohorts.
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