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Abstract. Accurate brain tumor segmentation from magnetic resonance
imaging (MRI) is essential for clinical diagnosis and treatment planning,
yet convolutional neural network performance is highly sensitive to hy-
perparameter selection. This paper proposes a lightweight Grey Wolf
Optimization (GWO)–driven framework for automated hyperparameter
tuning of a parameterized U-Net. The approach jointly optimizes archi-
tectural and training parameters under a constrained evaluation budget
using reduced-resolution training, enabling efficient search without in-
creasing model complexity. Experimental results on the Figshare Brain
Tumor Segmentation dataset demonstrate strong performance, achiev-
ing Dice scores of up to 0.9820 under five-fold cross-validation. The opti-
mized model generalizes well to BraTS 2021, reaching whole-tumor Dice
scores up to 0.9778. These results demonstrate that lightweight and inter-
pretable metaheuristic optimization can effectively improve segmentation
performance while maintaining computational efficiency.

Keywords: Brain tumor segmentation · U-Net · Grey Wolf Optimiza-
tion · Hyperparameter tuning · MRI.

1 Introduction

Accurate brain tumor segmentation from MRI is essential for diagnosis and
treatment planning [11]. Manual annotation is time-consuming and variable,
motivating automated deep learning approaches [17]. Encoder–decoder CNNs,
particularly U-Net, are widely used due to their ability to capture multiscale
context while preserving spatial detail [9].

However, U-Net performance is highly sensitive to hyperparameters such as
depth, filter size, kernel size, learning rate, and regularization [8]. In medical
imaging, empirical tuning often leads to suboptimal performance. Conventional
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search methods (grid, random, Bayesian) are inefficient or unstable for high-
dimensional non-convex problems [12].

Grey Wolf Optimization (GWO) is a lightweight metaheuristic with strong
exploration–exploitation balance [10]. Although metaheuristic tuning is effec-
tive, most studies focus only on the final performance without analyzing the
optimization behavior. This work proposes a lightweight GWO-based hyperpa-
rameter tuning framework for U-Net with analysis of convergence, sensitivity,
and Top-K robustness.

The main contributions are:

– A lightweight GWO-based hyperparameter optimization for U-Net.
– Systematic analysis of optimization behavior, including convergence, top-

performing configurations, and hyperparameter sensitivity.
– Statistical validation of hyperparameter effects using non-parametric tests.
– Improved segmentation performance without increasing model complexity.

The remainder of this paper is organized as follows. Section 2 reviews related
work. Section 3 presents the proposed framework and the experimental setup,
Section 4 reports the results, and Section 5 concludes the paper.

2 Related Work

U-Net and its variants are widely used for brain tumor segmentation due to their
encoder–decoder design with skip connections [20]. Extensions using residual
connections, attention mechanisms, and multiscale convolutions improve feature
representation [1], but performance is often influenced by empirically selected
hyperparameters.

Hyperparameter optimization is therefore critical. Conventional methods (grid,
random, Bayesian) are inefficient for high-dimensional problems [5]. Metaheuris-
tics have shown effectiveness, but most works report only final performance
without analyzing convergence, sensitivity, or robustness [14]. GWO provides a
lightweight alternative [10], but is typically used as a black-box optimizer. This
work addresses these gaps with a lightweight GWO framework and systematic
optimization analysis.

3 Methodology

3.1 Parameterized U-Net and Hyperparameter Representation

The segmentation backbone is based on the classical U-Net encoder–decoder
architecture with skip connections [20]. Instead of modifying the topology, U-
Net is expressed in a parametric form where both the architectural and the
training components are optimized (Fig. 1).

The model capacity and the receptive field are jointly influenced by the net-
work depth D and the kernel size K, where increasing D expands the hierarchical
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Fig. 1: Parameterized U-Net architecture optimized by GWO.

context and larger K improves local spatial information. Regularization is con-
trolled by dropout p, while training dynamics depends on learning rate η and
batch size B. Each candidate configuration is encoded as a vector (Eq. 1).

x = [η, p, F, K, B, D] , (1)

where each dimension corresponds to a specific hyperparameter, with discrete
values obtained via quantization.

Candidate solutions are evaluated using the Dice similarity coefficient (DSC):

DSC =
2|A ∩B|
|A|+ |B|

, (2)

and the optimization objective is defined in Eq. 3, where transforms the maxi-
mization of DSC into a minimization problem.

f(x) = 1−DSC. (3)

3.2 GWO Optimization and Training Procedure

Grey Wolf Optimization (GWO) models [10] a leadership hierarchy of α, β,
δ, and ω wolves. Each wolf represents a candidate solution, where its position
vector Xi corresponds to the hyperparameter vector defined in Eq. 1. The best
solutions are denoted as Xα, Xβ , and Xδ. Position updates (Eq. 5) are computed
on the basis of the Distance (Eq. 4).

Di = |Ci ·Xleader −Xi| , (4)

Xi = Xleader −Ai ·Di, (5)

where Xleader ∈ {Xα,Xβ ,Xδ}.
The coefficient vectors are defined in Eq. 6.

Ai = 2a · r1 − a, Ci = 2 · r2, (6)
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where r1, r2 ∼ U(0, 1) and a decreases linearly from 2 to 0 to balance exploration
and exploitation.

The final position update is obtained by averaging the leading wolves (Eq. 7).

X(t+ 1) =
Xα +Xβ +Xδ

3
. (7)

To ensure computational efficiency, the optimization phase uses reduced-
resolution inputs, short training schedules, and a compact wolf population. Can-
didate configurations are initialized by uniform sampling within the predefined
search bounds, decoded according to Eq. 1, and evaluated using the fitness in
Eq. 3. At each iteration, the leading wolves Xα, Xβ , and Xδ guide the popu-
lation update through Eq. 4–Eq. 7. After optimization, the best configuration
xα is retrained using full-resolution data. All evaluations are logged to enable
analysis of convergence behavior, hyperparameter sensitivity, and robustness.

3.3 Experimental Setup

Experiments are conducted on the Figshare Brain Tumor Segmentation (FBTS)
dataset and BraTS 2021. FBTS consists of contrast-enhanced T1-weighted MRI
slices for meningioma, glioma, and pituitary tumors with binary masks [7], while
BraTS 2021 provides multimodal MRI (FLAIR, T1, T1ce, T2) with annotations
for whole tumor (WT), tumor core (TC), and enhancing tumor (ET) [4]. Fixed
80:20 training–validation splits are used.

All images are converted to grayscale, resized, and min–max normalized to
[0, 1] as Inorm = I−min(I)

max(I)−min(I) . During optimization, the inputs are downscaled,
while full-resolution images are used for the final training.

U-Net is trained with Adam and binary cross-entropy. Hyperparameters are
optimized via GWO under a constrained budget using short training cycles,
followed by full-resolution retraining of the best configuration. Random seeds are
fixed. The optimized hyperparameters and search ranges are listed in Table 1.

Table 1: Optimized hyperparameters and search ranges.
Hyperparameter Symbol Range Hyperparameter Symbol Range
Learning rate η [10−5, 10−2] Kernel size K {3, 5}
Dropout rate p [0.0, 0.5] Batch size B {4, 8, 16}
Base filters F {16, 32, 48, 64} Network depth D {2, 3, 4}

Performance is evaluated using overlap and boundary metrics: Dice (Eq. 2),
Jaccard (JI), Hausdorff Distance (HD), and ASSD (Eq. 8).

JI(A,B) =
|A ∩B|
|A ∪B|

, HD(A,B) = max

{
sup
a∈A

inf
b∈B

∥a− b∥, sup
b∈B

inf
a∈A

∥b− a∥
}
,

ASSD(A,B) =
1

|A|+ |B|

(∑
a∈A

inf
b∈B

∥a− b∥+
∑
b∈B

inf
a∈A

∥b− a∥

)
,

(8)
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where A and B denote boundary points of predicted and ground-truth segmen-
tations.

4 Results

4.1 Optimization Behavior and Hyperparameter Analysis

Fig. 2 summarizes both convergence behavior and hyperparameter sensitivity.
The best Dice improves rapidly from ≈ 0.26 to > 0.82 in two iterations and
stabilizes thereafter, indicating efficient early convergence. The best-so-far curve
exceeds 0.80 within ≈ 10 evaluations, confirming that the lightweight search
budget is sufficient to identify a high-quality configuration.

(a) Best Dice (b) Best-so-far (c) Learning rate (d) Depth

Fig. 2: Optimization convergence and hyperparameter sensitivity of the proposed
GWO framework.

Sensitivity analysis shows that the learning rate is the dominant factor, with
optimal values around 10−3. Moderate depth (D = 3) provides stable perfor-
mance, while extreme configurations lead to degraded accuracy. These trends
are consistent with the convergence dynamics. Statistical analysis across all eval-
uated configurations (N = 40) confirms that the learning rate has a significant
effect (p < 0.01, ε2 > 0.14), while depth and filter size exhibit moderate in-
fluence. Top-performing configurations (Dice > 0.81) are concentrated around
learning rates of (1–2)× 10−3, moderate dropout (≈ 0.1–0.2), and depth D = 3,
indicating a stable high-performing region rather than a single isolated optimum.

4.2 Quantitative Results and Generalization

Table 2 summarizes performance on FBTS and BraTS 2021. On FBTS, the
model achieves high accuracy across tumor types, with Dice up to 0.9820 for
meningioma and 0.9568 for pituitary, while glioma improves significantly after
cross-validation (0.9189). On BraTS 2021, strong generalization is observed, with
a whole tumor Dice up to 0.9778 and consistent performance across modalities.

4.3 Comparison with State-of-the-Art

Table 3 compares the proposed method with representative approaches. On
FBTS, the proposed method achieves DSC = 0.9820, significantly exceeding typ-
ical U-Net variants. On BraTS 2021, it achieves DSC = 0.9778, outperforming
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Table 2: Segmentation performance on FBTS and BraTS 2021.
FBTS BraTS 2021

Class DSCval JIval DSCcv JIcv Modality DSCWT JIWT DSCTC JITC DSCET JIET

Meningioma 0.9338 0.8765 0.9820 0.9652 FLAIR 0.9778 0.9566 0.9087 0.8341 0.9395 0.8862
Glioma 0.7532 0.6110 0.9189 0.8663 T1 0.8904 0.8044 0.9608 0.9245 0.9454 0.8966
Pituitary 0.8779 0.7849 0.9568 0.9207 T2 0.9764 0.9539 0.9520 0.9081 0.9476 0.9011

T1CE 0.8983 0.8196 0.9729 0.9498 0.9658 0.9340

several recent methods. Compared to NAS/AutoML approaches, which require
extensive computational resources, the proposed lightweight GWO framework
achieves competitive performance at significantly lower cost.

Table 3: Comparison with state-of-the-art methods on FBTS and BraTS 2021
using DSC.

FBTS BraTS 2021 (WT)
Method DSC Method DSC
Ensemble-CNN. [3] 0.748 DenseUNet+ [6] 0.9500
FCNN (U-Net) [2] 0.753 UNet-AG [16] 0.9483
U-Attention Net [19] 0.704 ResUNet50 [15] 0.9553
MS-UNet [18] 0.800 PSO-UNet [13] 0.9578
Proposed GWO-UNet 0.9820 Proposed GWO-UNet 0.9778

4.4 Qualitative Results

Fig. 3 shows representative segmentation results, demonstrating strong boundary
alignment and high overlap with ground truth, consistent with the quantitative
Dice and Jaccard scores. Boundary discrepancies are minimal and primarily
localized at ambiguous tumor regions, aligning with low HD and ASSD values.

Fig. 3: Representative qualitative segmentation results on FBTS (Meningioma)
and BraTS 2021 (FLAIR).
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5 Conclusion

This paper presented a lightweight Grey Wolf Optimization (GWO)–based frame-
work for hyperparameter tuning of U-Net for brain tumor segmentation. By op-
timizing key architectural and training parameters under a constrained budget,
the method efficiently identified stable high-performing configurations without
increasing model complexity. The optimized model achieved strong performance
on FBTS (up to DSC = 0.9820) and demonstrated robust generalization on
BraTS 2021 (up to DSC = 0.9778). The convergence, sensitivity, and statistical
analyses further confirmed the effectiveness and interpretability of the optimiza-
tion process. Overall, the results show that lightweight metaheuristic optimiza-
tion can provide accurate and computationally efficient segmentation.
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