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Abstract

Reliable delineation of brain tumor boundaries in multimodal magnetic resonance imag-
ing (MRI) remains challenging despite substantial advances in deep learning–based seg-
mentation. Although modern encoder–decoder architectures achieve strong volumetric
overlap, precise geometric alignment of tumor contours remains inconsistent, particularly
for small lesions and heterogeneous clinical cases. In neuro-oncology, even minor bound-
ary deviations may influence surgical planning, radiotherapy targeting, and longitudinal
treatment assessment. These limitations suggest that segmentation performance is not
determined solely by network depth or loss design, but also by how multimodal infor-
mation is structured prior to learning. We introduce CMYD-SurfaceNet, a scale-aware
cascaded framework that restructures multimodal MRI inputs at the representation level
to enhance boundary-sensitive segmentation. Rather than treating modalities as indepen-
dently concatenated channels, selected sequences are first organized into a task-guided
pseudo-RGB projection. This intermediate representation is subsequently transformed into
the CMYK color space to disentangle shared luminance structure from modality-specific
contrast dominance. To further encode geometric priors, a gradient-derived boundary den-
sity channel is incorporated to explicitly emphasize spatial discontinuities corresponding
to tumor margins. The resulting CMYD representation is integrated within a two-stage
nnU-Net cascade, where global tumor localization is followed by high-resolution region-of-
interest refinement with auxiliary contour supervision. This scale-aware design improves
sensitivity to small tumor components while stabilizing contour delineation. Extensive
evaluation on the BraTS benchmark demonstrates consistent improvements in boundary-
sensitive metrics. Compared with baseline nnU-Net, the proposed framework reduces
HD95 from 3.6 mm to 2.4 mm and increases Surface Dice at 1 mm tolerance from 0.82
to 0.89, while maintaining competitive Dice performance. These findings suggest that
representation-level structural decoupling, when combined with scale-aware refinement,
may provide clinically relevant boundary-aware multimodal MRI segmentation support
without increasing architectural complexity.

Keywords: brain tumor segmentation; multimodal MRI; nnU-Net; boundary-aware seg-
mentation; cascaded segmentation; representation-level learning; structural disentanglement
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1. Introduction
Brain tumor segmentation from multimodal magnetic resonance imaging MRI is a

central task in neuro-oncologic image analysis. Accurate delineation of tumor subregions
such as the whole tumor (WT), tumor core (TC), and enhancing tumor (ET) is essential
for surgical planning, radiotherapy contouring, and longitudinal treatment monitoring [1].
Although deep learning methods have significantly improved automated segmentation
performance, achieving clinically reliable boundary precision remains challenging. Encoder–
decoder architectures derived from U-Net have become the dominant paradigm in medical
image segmentation because of their ability to integrate multiscale contextual information
with spatial localization [2]. Among these frameworks, nnU-Net has demonstrated strong
robustness across diverse biomedical datasets by automatically adapting preprocessing, ar-
chitectural configuration, and training strategies to dataset characteristics [3]. Despite these
advances, improvements in volumetric metrics such as Dice do not consistently translate
into equivalent improvements in geometric boundary accuracy. This discrepancy is partly
related to the widespread reliance on region-based optimization objectives. Metrics such as
the Dice similarity coefficient emphasize global volumetric overlap but remain relatively
insensitive to localized contour deviations [4]. Consequently, a segmentation model may
achieve high Dice scores while still exhibiting boundary irregularities or subtle geometric
misalignment. In clinical contexts, even small surface deviations can influence radiation
dose planning and surgical margin assessment [1]. To improve boundary sensitivity, pre-
vious studies have introduced surface-based loss formulations and Hausdorff-inspired
optimization strategies that explicitly penalize contour mismatch [5,6]. While these meth-
ods enhance geometric awareness during training, they primarily operate at the level of loss
design or architectural modification. Comparatively limited attention has been directed
toward how multimodal MRI inputs are structured prior to feature extraction. In most mul-
timodal segmentation pipelines, MRI modalities including T1, contrast-enhanced T1 (T1c),
T2, and FLAIR are concatenated as independent channels and directly used as network
input [7]. Although this approach is straightforward, it assumes that early convolutional
layers can internally disentangle shared anatomical intensity structure, modality-specific
contrast variations, and structural discontinuities. When these heterogeneous signals are
entangled within a single tensor, the network must resolve multiple representational sub-
problems during early training stages. Tumor morphology further increases segmentation
difficulty. Brain tumors vary substantially in size, internal heterogeneity, and contour com-
plexity [8]. Small tumor components and thin peripheral enhancing regions may occupy
only a limited number of voxels, making them particularly vulnerable to omission during
repeated downsampling operations in encoder–decoder architectures. In contrast, larger
tumors often exhibit irregular geometries and heterogeneous intensity distributions that
require refined spatial modeling. A representation that does not explicitly organize contrast
relationships and structural cues may therefore struggle to maintain stability across such
scale variability.

Motivated by these observations, we propose CMYD-SurfaceNet, a representation-
driven and scale-aware framework for multimodal brain tumor segmentation. Instead of
relying solely on architectural expansion, the proposed approach restructures multimodal
inputs before feature learning begins. First, selected tumor-relevant modalities are orga-
nized into a task-oriented pseudo-RGB configuration to spatially align complementary
contrast information. This intermediate representation is then transformed into the CMYK
color space in order to separate shared luminance structure from modality-dominant chro-
matic variations. Although the luminance component is used during decomposition, it
is not retained in the final input. Instead, it is replaced by a gradient-derived boundary
density channel that explicitly encodes spatial intensity transitions associated with tumor
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margins. The resulting four-channel CMYD representation, composed of chromatic compo-
nents C, M, and Y together with a structural boundary descriptor D, defines a structured
feature manifold in which contrast dominance and geometric discontinuities are disentan-
gled into complementary dimensions. This organization reduces inter-channel redundancy
and introduces deterministic structural priors prior to optimization. To further address
tumor scale variability, the CMYD representation is integrated within a two-stage cascaded
nnU-Net architecture. The first stage performs coarse global tumor localization across
the full brain volume. The second stage refines segmentation within a region of interest
extracted around the predicted lesion, enabling higher-resolution boundary modeling
and improved preservation of small tumor components. This cascaded strategy redis-
tributes computational focus from global detection to localized contour refinement, thereby
enhancing sensitivity across different lesion scales.

Unlike most existing multimodal segmentation approaches, which mainly focus on
network architecture or loss design, this work takes a different perspective by rethinking
how the input itself is structured. Instead of simply concatenating MRI modalities, we
reorganize them into a representation that separates contrast-related information from
structural boundary cues before learning begins. This perspective suggests that segmen-
tation performance is not only a function of model capacity, but also of how multimodal
information is presented to the network. By introducing structured input decomposition to-
gether with a scale-aware cascaded refinement strategy, the proposed framework improves
boundary precision without increasing architectural complexity.

The main contributions of this work can be summarized as follows:

• Unlike conventional multimodal segmentation approaches that rely primarily on
architectural design, this work establishes a representation-driven perspective, high-
lighting the importance of input structuring as an effective alternative for improving
boundary-aware segmentation.

• It introduces the CMYD representation, which explicitly separates contrast-related
information from structural boundary cues, enabling more effective learning of tumor
appearance and geometry.

• It proposes a scale-aware cascaded segmentation framework that improves sensitivity
to small tumor components while preserving global context.

• It demonstrates, through extensive experiments, that the proposed approach con-
sistently improves boundary-sensitive metrics, particularly HD95 and Surface Dice,
without increasing model complexity.

• The results further indicate improved boundary stability and robustness across hetero-
geneous imaging conditions, demonstrating potential for real-world clinical applicability.

2. Related Work
Multimodal MRI has long been recognized as essential for reliable glioma segmen-

tation because each imaging sequence captures complementary tissue characteristics [9].
T1-weighted imaging primarily provides anatomical context, contrast-enhanced T1 high-
lights enhancing tumor components, T2 reflects fluid abnormalities, and FLAIR improves
visualization of edema and infiltrative regions. The integration of these modalities has
therefore become a foundational element in brain tumor segmentation research [10].

Large-scale benchmark initiatives such as the Brain Tumor Segmentation (BraTS)
challenge have further standardized multimodal evaluation protocols and stimulated
methodological development [10]. These benchmarks have revealed that segmentation
performance must remain robust under substantial inter-patient and inter-institution vari-
ability, including heterogeneous tumor morphology and imaging conditions. Prior to deep
learning, segmentation approaches relied on handcrafted features combined with clustering,
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probabilistic models, and graph-based optimization [11]. Although these methods repre-
sented important early contributions, they struggled to generalize across diverse tumor
appearances. The introduction of convolutional neural networks substantially improved
robustness and accuracy.

Encoder–decoder architectures, particularly U-Net and its 3D extensions, became
central to volumetric medical image segmentation due to their multiscale representation
learning capabilities [12,13]. Subsequent developments introduced residual variants, V-Net,
and transformer-based models to further enhance contextual modeling [14–16]. Among
these, nnU-Net demonstrated that a carefully self-configured framework can achieve
strong baseline performance across diverse biomedical tasks without extensive manual
tuning [17]. Despite architectural advancements, most multimodal pipelines continue to
rely on simple channel concatenation of MRI sequences [18]. While effective in practice, this
strategy assumes that the network can internally disentangle shared intensity baselines and
modality-specific contrast information. To improve multimodal interaction, attention-based
fusion mechanisms and feature-level integration strategies have been proposed [19,20].
These approaches enhance adaptive weighting of modalities but generally operate within
the network rather than restructuring the input representation itself. Another major di-
rection concerns boundary-aware learning. Because overlap-based metrics such as Dice
are relatively insensitive to local contour deviations, researchers have proposed surface-
based losses and Hausdorff distance–inspired optimization strategies to improve geometric
precision [21,22]. Auxiliary boundary prediction branches have also been incorporated to
reinforce contour sensitivity during training [23]. These methods confirm that structural
accuracy is critical when segmentation results are used for clinical planning. Closely re-
lated to boundary precision is tumor scale variability. Brain tumors vary significantly in
spatial extent, ranging from small enhancing nodules to large heterogeneous masses. Small
lesions are particularly susceptible to omission during repeated downsampling operations
in encoder–decoder networks. To mitigate this limitation, cascaded segmentation strategies
have been proposed, where an initial network performs coarse localization and a second
stage refines predictions within a restricted region of interest [24,25]. Cascaded architec-
tures have demonstrated improved sensitivity to small lesions and enhanced boundary
refinement by redistributing computational focus toward high-resolution modeling. In
parallel, representation-oriented transformations have been explored as alternative means
of organizing multimodal information. Pseudo-color strategies that map grayscale MRI
modalities into RGB-like configurations have been investigated to improve contrast sep-
aration [26]. While these approaches suggest that structured channel organization can
influence feature learning, they were largely designed for visualization or heuristic en-
hancement rather than principled representation-level disentanglement within end-to-end
segmentation systems.

Recent studies have followed different directions to improve medical image analysis.
Some works have focused on new network architectures, such as NeuroMamba, which
uses state-space modeling to support efficient and explainable brain tumor segmenta-
tion [27]. Other methods, including ESE-UNet, aim to design lighter encoder–decoder
models that can maintain good segmentation performance while reducing computational
complexity [28]. In addition, multi-task learning has been explored by combining glioma
segmentation with survival prediction, showing the potential benefit of learning related
clinical tasks together [29]. Edge-aware convolutional networks have also been proposed
to better capture tumor and organ boundaries, which is important for accurate segmenta-
tion [30]. Outside the segmentation task, systems such as RADAI highlight the broader use
of deep learning for radiological image classification and reflect the increasing demand for
robust and interpretable medical imaging models [31].
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Although these studies are related to the present work, they mainly focus on modify-
ing the model architecture or extending the learning objective. In contrast, the proposed
approach does not primarily introduce a new segmentation backbone. Instead, it concen-
trates on reorganizing multimodal MRI inputs before feature extraction, with the goal of
providing the network with more informative and consistent representations.

Overall, existing research has primarily focused on improving network architecture,
loss formulation, and feature-level multimodal fusion. Comparatively limited work has
examined whether multimodal MRI inputs themselves can be reorganized into a struc-
turally disentangled and scale-aware representation prior to learning. This gap motivates
the representation-driven and cascaded framework proposed in this study.

3. Methodology
3.1. Framework Overview

Brain tumor segmentation from multimodal magnetic resonance imaging (MRI) re-
mains challenging due to substantial variability in lesion morphology, spatial extent, and
internal heterogeneity. Although modern encoder–decoder architectures have achieved
strong volumetric performance, most existing pipelines rely on direct modality concate-
nation, where T1, T1c, T2, and FLAIR sequences are stacked as independent input chan-
nels [32]. While effective, this strategy assumes that early convolutional layers can internally
disentangle modality correlations, normalize intensity distributions, and extract boundary-
relevant features during the initial stages of optimization. In practice, shared anatomical
intensity structure, modality-specific contrast dominance, and geometric discontinuities are
embedded within a single tensor. Such representational coupling increases the burden on
early feature extraction layers and may limit robustness, particularly for small enhancing
components and irregular tumor margins [33]. These limitations motivate restructuring
multimodal inputs before segmentation learning begins. In this work, we address this
limitation by restructuring multimodal MRI inputs prior to network learning. The pro-
posed framework achieves this through representation-level transformation combined with
scale-aware refinement. Unlike prior works that use these transformations independently,
the proposed framework integrates pseudo-RGB structuring, CMY-based contrast decou-
pling, and explicit gradient-driven boundary encoding into a unified representation space
tailored for segmentation learning.

Rather than increasing network depth or introducing complex fusion modules, the
method reorganizes the input feature space to explicitly separate contrast information from
structural cues.

First, tumor-sensitive MRI modalities are organized into a task-driven pseudo-RGB
configuration. Structured cross-channel representations have been shown to influence
feature separability and multimodal interaction [34]. By spatially aligning complemen-
tary contrast sources within a compact three-channel representation, this step reduces
inter-channel redundancy prior to convolutional processing. Second, the pseudo-RGB
representation is transformed into the CMYK color space to disentangle luminance struc-
ture from chromatic contrast variations. Color-space decomposition has been explored as
a mechanism for reducing channel correlation and enhancing discriminative learning in
medical imaging contexts [35]. In our formulation, the luminance component is used only
for intermediate separation and is not retained in the final input. Instead, the chromatic
channels C, M, and Y encode modality-dominant contrast deviations. To reinforce geomet-
ric sensitivity, a boundary density descriptor derived from gradient magnitude analysis is
incorporated as an additional channel. Gradient-based structural cues have been shown
to improve contour stability and boundary-aware feature learning [36]. The resulting
CMYD representation—composed of C, M, Y, and D—forms a structured feature space
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in which contrast imbalance and boundary transitions are encoded along complementary
dimensions. To address tumor scale variability, the CMYD representation is integrated
within a two-stage cascaded nnU-Net architecture. Cascaded segmentation strategies have
demonstrated improved detection of small lesions and enhanced boundary refinement
through coarse-to-fine modeling [24,25,37]. In the first stage, a coarse network performs
whole-brain tumor localization. In the second stage, segmentation is refined within a region
of interest centered on the predicted lesion, enabling higher effective resolution and im-
proved preservation of small tumor components [38,39]. By combining representation-level
structural decoupling with scale-aware cascaded refinement, the proposed framework
enhances boundary-sensitive segmentation without increasing architectural complexity.
The overall workflow is illustrated in Figure 1.

Figure 1. Overview of the proposed CMYD-SurfaceNet framework for scale-aware cascaded mul-
timodal MRI brain tumor segmentation. Colors represent different modality and feature transfor-
mations: red/green/blue correspond to T1c/T2/FLAIR mapping, while cyan/magenta/yellow
denote CMY decomposition channels. The D channel represents boundary density derived from
gradient magnitude. Blue and orange blocks indicate Stage 1 (coarse localization) and Stage 2 (refined
segmentation), respectively.

3.2. Multimodal MRI Inputs

Multimodal magnetic resonance imaging (MRI) remains the standard imaging protocol
for glioma evaluation because different sequences reveal complementary aspects of tumor
morphology and tissue alteration. Large collaborative efforts such as the BraTS challenges
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have repeatedly shown that combining multiple MRI modalities improves the delineation
of tumor subregions compared to single-sequence analysis [40,41]. This multimodal inte-
gration is therefore considered essential for robust and clinically meaningful segmentation.
In this study, four routinely acquired MRI sequences are considered: T1-weighted (T1),
contrast-enhanced T1-weighted (T1c), T2-weighted (T2), and fluid-attenuated inversion
recovery (FLAIR). Each modality emphasizes a different biological or structural character-
istic. T1-weighted imaging provides anatomical reference and overall structural context.
After contrast injection, T1c highlights regions of blood–brain barrier disruption, typically
corresponding to actively enhancing tumor tissue. T2-weighted images are sensitive to fluid
content and therefore capture edema and tumor-associated swelling. FLAIR suppresses
cerebrospinal fluid signals, improving the visibility of infiltrative tumor margins and per-
itumoral abnormalities. The complementary diagnostic roles of these modalities have
been consistently validated in curated glioma MRI datasets and radiomic studies [42–44].
Although all four sequences are clinically relevant, the representation restructuring stage
of the proposed framework focuses on tumor-discriminative contrast behavior. Specifi-
cally, the pseudo-RGB projection is constructed using T1c, T2, and FLAIR images. These
modalities collectively encode enhancement patterns, edema distribution, and infiltrative
characteristics, forming a contrast-oriented basis for the subsequent structural decoupling
step. The T1 modality remains part of the preprocessing pipeline to preserve anatomi-
cal consistency but is not directly included in the pseudo-color mapping process. Prior
to representation-level transformation, all volumes undergo standardized preprocessing
procedures, including spatial co-registration, resampling to isotropic voxel spacing, and
intensity normalization. These steps ensure cross-modality alignment and numerical stabil-
ity, allowing the subsequent representation transformation to operate on harmonized data.
The characteristics and functional roles of the MRI modalities considered in this study are
summarized in Table 1.

Table 1. MRI modalities and their role in brain tumor analysis.

MRI Modality Description Tumor-Related Information

T1 Anatomical MRI sequence Provides structural reference
of brain anatomy

T1c Contrast-enhanced
T1-weighted MRI

Highlights enhancing tumor
regions associated with

contrast uptake

T2 Fluid-sensitive MRI
sequence

Emphasizes edema and
fluid-related abnormalities

FLAIR Fluid-attenuated inversion
recovery

Enhances visualization of
infiltrative tumor regions and

peritumoral edema

3.3. Pseudo-RGB Representation

In conventional multimodal MRI segmentation frameworks, imaging modalities are
commonly concatenated as independent input channels and directly processed by convo-
lutional neural networks. Although this strategy is straightforward and computationally
efficient, it does not impose any structural alignment between modality-specific contrast
mechanisms before feature extraction. Since early convolutional layers perform weighted
cross-channel aggregation, the initial organization of modalities influences how enhance-
ment patterns, edema distributions, and infiltrative regions interact during the first stages
of representation learning. In glioma MRI, T1c typically exhibits stronger discriminative
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contrast compared to T2 and FLAIR, motivating an ordered channel structuring rather than
arbitrary stacking.

The purpose of this transformation is not to create a visual color representation, but
to reorganize multimodal MRI signals into a structured form that facilitates learning. By
mapping tumor-sensitive modalities into a pseudo-RGB configuration, complementary
contrast information is spatially aligned within a compact three-channel representation,
reducing arbitrary inter-channel interactions and improving feature consistency during
early convolutional processing. To introduce explicit structural organization at the represen-
tation level, we define a pseudo-RGB embedding that reorganizes selected tumor-sensitive
modalities into a compact three-channel tensor. Let the multimodal input be defined as

X = {XT1c, XT2, XFLAIR }, Xm ∈ RH×W , (1)

where each modality Xm represents a spatially aligned and intensity-normalized MRI slice
defined over a two-dimensional spatial domain of height H and width W. Since these
modalities are spatially co-registered and share identical resolution, they can be jointly
represented as a three-channel tensor. Based on this unified representation, we introduce a
deterministic embedding operator:

Φ: RH ×W×3 → RH ×W×3 (2)

such that
XRGB = Φ(X) (3)

The operator is defined voxel-wise as

XRGB(i, j, 1) = XT1c(i, j) (4)

XRGB(i, j, 2) = XT2(i, j) (5)

XRGB(i, j, 3) = XFLAIR(i, j) (6)

for all spatial coordinates (i, j) within the image domain.
The mapping Φ is deterministic and linear, performing a fixed channel re-indexing

without modifying spatial geometry or voxel intensities. Mathematically, it can be in-
terpreted as an identity-preserving permutation operator in tensor space. No additional
information is introduced; rather, the existing modality-specific signals are reorganized
along predefined channel axes. Although structurally simple, this embedding has represen-
tational implications for convolutional processing.

A convolutional layer computes feature responses according to

F = σ(W × XRGB + b) (7)

where W denotes the learnable convolutional kernels, b represents the bias term associated
with each output feature map, and σ(·) is a nonlinear activation function. The bias term b
shifts the linear response before activation, allowing the network to learn features that are
not constrained to be zero-centered. Because convolution performs linear combinations
across channels prior to nonlinearity, the statistical arrangement of modalities directly
affects cross-channel interaction patterns during early feature extraction.

By embedding enhancement-dominant (T1c), edema-dominant (T2), and infiltration-
sensitive (FLAIR) signals into orthogonal channel dimensions, the operator Φ imposes
a contrast-aligned basis before optimization. This structured embedding reduces arbi-
trary modality entanglement and facilitates more stable cross-channel aggregation in the
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first convolutional layers. Importantly, the pseudo-RGB transformation is not intended
for perceptual colorization or visual enhancement. Instead, it serves as a representation-
conditioning stage within the segmentation pipeline. By reorganizing multimodal infor-
mation into a structured embedding space, it prepares the input tensor for the subsequent
CMY-based structural decoupling stage, where shared intensity structure and modality-
dominant contrast components are further separated. In summary, the pseudo-RGB em-
bedding constitutes a mathematically well-defined, identity-preserving transformation
that reorganizes tumor-relevant modalities into a contrast-aligned representation. While
computationally lightweight, this re-indexing step influences early convolutional dynamics
and provides a structured foundation for boundary-sensitive learning in the proposed
CMYD-SurfaceNet framework.

3.4. CMYK Transformation

Although the pseudo-RGB embedding introduces structured channel alignment, resid-
ual inter-channel redundancy may persist due to shared anatomical intensity baselines
across MRI modalities [45]. In multimodal brain imaging, non-pathological tissues fre-
quently exhibit comparable brightness distributions in different sequences, which intro-
duces correlated luminance components across channels. Such redundancy may bias early
convolutional filters toward common structural intensity rather than modality-specific
contrast deviations that are more indicative of tumor subregions [46–48].

The CMYK transformation is introduced to reduce redundancy across channels by
separating shared luminance from modality-specific contrast components. To mitigate
this effect, the pseudo-RGB representation is transformed into the CMYK color space.
Color-space decomposition techniques have long been used in image processing to sep-
arate luminance and chromatic components in order to reduce channel correlation and
enhance contrast discrimination [49]. In the present work, this transformation is em-
ployed not for perceptual color modeling, but for structural intensity decoupling prior to
segmentation learning.

Let the normalized pseudo-RGB tensor be defined as

XRGB = {R, G, B}, R, G, B ∈
[
0, 1] H×W (8)

The shared luminance component K is computed voxel-wise as

K(i, j) = 1 − max(R(i, j), G(i, j), B(i, j)) (9)

for all spatial coordinates (i, j).
This formulation corresponds to the standard RGB-to-CMYK conversion model and

estimates the dominant brightness contribution at each voxel [49].
For voxels where K(i, j) ̸= 1 the chromatic components are defined as

C(i, j) =
1 − R(i, j)− K(i, j)

1 − K(i, j)
(10)

M(i, j) =
1 − G(i, j)− K(i, j)

1 − K(i, j)
(11)

Y(i, j) =
1 − B(i, j)− K(i, j)

1 − K(i, j)
(12)

When K(i, j) = 1, chromatic values are set to zero to ensure numerical stability.
Through this normalization, the chromatic channels encode relative contrast deviations

with respect to the shared luminance baseline. From a statistical perspective, removing the
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dominant luminance component reduces inter-channel covariance and improves feature
conditioning in early convolutional layers [48]. This is particularly relevant in tumor seg-
mentation, where pathological regions are often characterized by modality-specific contrast
dominance rather than uniform intensity elevation. Although the CMYK transformation
yields four channels, the luminance component K is not retained in the final representation.
Its role is restricted to intermediate structural decoupling. The final representation therefore
consists of the chromatic components {C, M, Y}, which provide contrast-sensitive inputs
for subsequent segmentation learning. By separating common anatomical brightness from
modality-dependent contrast imbalance, the CMYK-based transformation reshapes the
input feature space prior to optimization. This structured intensity decoupling supports
more stable multimodal feature interaction and facilitates boundary-aware refinement
within the proposed CMYD-SurfaceNet framework.

3.5. Boundary Density Estimation

Although the CMY decomposition reduces modality entanglement by separating
chromatic contrast components, accurate tumor segmentation additionally requires explicit
sensitivity to spatial discontinuities. In brain MRI, tumor margins often correspond to local
intensity transitions between pathological and healthy tissues. Several recent studies have
emphasized that improving geometric consistency requires incorporating boundary-aware
modeling into segmentation pipelines [50–52]. The boundary density channel is introduced
to explicitly encode spatial discontinuities corresponding to tumor margins.

To explicitly encode structural transitions, we introduce a boundary density descriptor
derived from gradient magnitude analysis. Let the structural intensity map be defined as

I(i, j) =
1
3
(R(i, j) + G(i, j) + B(i, j)) (13)

where R, G, and B denote the normalized pseudo-RGB channels prior to CMY decomposition.
The spatial gradient of I is computed as

∇I =
(

∂I
∂x

,
∂I
∂y

)
(14)

and the boundary density map is defined as the Euclidean norm of the gradient:

D(i, j) =

√(
∂I
∂x

)2
+

(
∂I
∂y

)2
(15)

In practice, the partial derivatives are approximated using discrete convolutional
operators such as Sobel filters, which provide stable edge estimation under moderate
noise conditions. Gradient-based boundary modeling has been widely adopted in recent
segmentation research to enhance contour localization and reduce Hausdorff distance–
related errors [50,51].

The resulting channel D captures regions of strong spatial intensity variation and
encodes geometric discontinuities independently of chromatic contrast dominance. Unlike
learned boundary branches that require additional trainable parameters, this formulation
introduces a deterministic structural prior at the representation level. Such structural
guidance complements boundary-aware optimization strategies previously proposed in the
literature [52], while maintaining architectural simplicity. Importantly, the boundary den-
sity channel replaces the luminance component K obtained during CMYK decomposition.
As a result, the final representation is defined as:

XCMYD = {C, M, Y, D} (16)
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This four-channel tensor integrates contrast-dominant chromatic information with
explicit geometric sensitivity. By combining modality disentanglement and structural
gradient encoding, the CMYD representation provides a scale-consistent and boundary-
aware input space for the subsequent cascaded nnU-Net segmentation stages. Recent
evidence suggests that improving boundary modeling can significantly reduce HD95 and
surface-related discrepancies even when Dice scores remain comparable [50–52]. The
proposed boundary density formulation therefore aligns with contemporary segmentation
research trends while preserving computational efficiency and interpretability.

3.6. Cascaded Multi-Stage Segmentation Framework

Brain tumor segmentation is inherently challenging due to substantial inter-patient
variability, irregular lesion morphology, and severe class imbalance between tumor subre-
gions and healthy tissue. In full-resolution segmentation settings, a single-stage model may
capture global anatomical context but often lacks sufficient sensitivity to precisely delineate
fine tumor boundaries, particularly in small enhancing or infiltrative regions. To address
this limitation, we adopt a cascaded coarse-to-fine segmentation framework that explicitly
separates global localization from local structural refinement.

Let the CMYD representation be defined as

XCMYD ∈ RH×W×4 (17)

where H and W denote the spatial dimensions of the input slice. A first segmentation
network f1(·), parameterized by θ1, produces a voxel-wise probability map.

P(1) = f1(XCMYD; θ1) (18)

For multi-class prediction, voxel probabilities are computed using the Softmax function.

P(1)
(i,j,c) =

exp
(
zi,j,c

)
∑C

k=1 exp
(
zi,j,c

) (19)

where zi,j,c denotes the logit corresponding to class c, and C is the number of segmentation
classes. To ensure both voxel-wise classification accuracy and overlap consistency, a hybrid
loss combining Cross-Entropy and Soft Dice is employed. The Cross-Entropy term enforces
probabilistic consistency.

L(1)
CE = −∑

i,j

C

∑
c=1

Yi,j,clog (P(1)
(i,j,c)) (20)

while the Soft Dice loss mitigates class imbalance and directly optimizes region overlap.

L(1)
Dice = 1 −

2∑
i,j

P(1)
(i,j) Y

i,j

∑i,j P(1)
(i,j) + ∑i,j Yi,j + ε

(21)

The overall loss is given by

L(1) = L
(1)
CE + λL(1)

Dice (22)

where the parameter λ controls the contribution of the overlap constraint.
The coarse prediction P(1) provides reliable global tumor localization across the full

image domain. Based on this prediction, a region of interest Ω is extracted as the minimal
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bounding region enclosing the detected tumor area. Restricting the spatial domain to this
region reduces irrelevant background influence and allows higher-resolution modeling of
structural details. The cropped input is therefore defined as

XROI = XCMYD|Ω (23)

A second segmentation network f2(·), parameterized by θ2, refines the segmentation
within the ROI:

P(2) = f2(XROI ; θ2) (24)

The same hybrid loss function is applied at this stage.

L(2) = L
(2)
CE + λL(2)

Dice (25)

Both stages are jointly optimized through

Ltotal= α L(1) + β L(2) (26)

where α and β balance global localization and local refinement.
Finally, the refined prediction within the region of interest (Ω) is mapped back to the

original image space, where voxels inside Ω are assigned P(2), while those outside Ω retain
P(1):

Pf inal(i; j) =

{
P(2)(i; j) (i; j) ∈ Ω
P(1)(i; j) otherwise

(27)

Through this cascaded formulation, the first stage ensures structural awareness at the
global level, while the second stage enhances boundary precision and sensitivity to small
tumor subregions. The separation of localization and refinement improves robustness
without introducing excessive architectural complexity.

3.7. Representation-Space Statistical Analysis

Although the proposed CMYD representation is inspired by color-space decomposi-
tion, its role in this work is not related to visual perception or printing-based color modeling.
In other words, CMYD is not used to produce a visually meaningful color image. Rather, it
is adopted as a structured preprocessing step that reorganizes multimodal MRI information
before it is processed by the segmentation network.

The main purpose of this representation is to separate two types of information that are
usually mixed in conventional multimodal inputs. The first is the shared intensity structure,
which often appears across different MRI modalities and may introduce redundant infor-
mation between channels. The second is the modality-specific contrast information, which
is more useful for distinguishing tumor-related regions. By reducing this redundancy, the
network receives a more organized input representation, where each channel contributes
more distinctive and complementary information.

To evaluate this effect quantitatively, we measure the statistical dependence between
the representation channels using two indicators: the mean pairwise cross-channel covari-
ance and the normalized mutual information. Lower covariance values suggest that the
channels are less linearly correlated, while lower normalized mutual information indicates
that they share less redundant information. Therefore, a decrease in both measures sug-
gests that the representation provides a more decorrelated and informative input space for
segmentation learning.

This analysis is carried out on several input representations, including raw channel
concatenation, pseudo-RGB, HSV, LAB, CMY, and the proposed CMYD representation.
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HSV and LAB are included because they also separate intensity-related information from
chromatic components, making them relevant alternatives for comparison. The goal of
this comparison is to determine whether CMYD offers a more effective way to reduce
inter-channel redundancy while also improving boundary-sensitive information. Unlike
the other representations, CMYD incorporates a boundary density channel, which helps
emphasize spatial discontinuities corresponding to tumor margins and may therefore
support more accurate contour delineation.

4. Data Description and Preprocessing
To evaluate the proposed CMYD-SurfaceNet under both standardized benchmark

conditions and real-world clinical settings, experiments were conducted on the public
BraTS 2023 benchmark dataset [40] and on a retrospective clinical cohort collected at the
University Hospital Center (CHU) of Fez, Morocco. This dual evaluation protocol enables
standardized comparison while also assessing robustness in routine clinical practice.

4.1. Data Acquisition

The BraTS 2023 dataset consists of multi-institutional MRI scans collected from glioma
patients across several clinical centers, reflecting variability in imaging protocols and
acquisition settings. Each case includes four co-registered MRI modalities (T1, T1c, T2,
and FLAIR). Ground-truth annotations are provided for three tumor subregions—Whole
Tumor (WT), Tumor Core (TC), and Enhancing Tumor (ET)—and were generated by expert
neuroradiologists following standardized BraTS labeling guidelines [40].

4.2. Data Preprocessing

All MRI volumes were processed using the official BraTS preprocessing pipeline,
including skull stripping, bias-field correction, spatial co-registration across modalities, and
resampling to an isotropic voxel resolution of 1 mm3. These steps ensure spatial consistency
and intensity standardization across all cases. No additional preprocessing procedures
were introduced beyond this standardized pipeline.

4.3. Training Protocol

All 1251 available cases from the BraTS 2023 training set were used in this study. A five-
fold cross-validation scheme was adopted, ensuring strict patient-level separation across
folds to prevent data leakage and provide a reliable evaluation of the model performance.

4.4. CHU Fez Clinical Dataset

To evaluate how the BraTS-trained model performs under real local clinical conditions,
we included a retrospective clinical cohort from the University Hospital Center (CHU)
of Fez, Morocco. This cohort included multimodal MRI scans from 86 glioma patients
acquired during routine clinical practice. Unlike the standardized BraTS setting, these
data reflect heterogeneous acquisition protocols and scanner configurations, making them
suitable for assessing model behavior under local clinical variability.

Tumor masks were manually delineated by two experienced neuroradiologists follow-
ing established clinical guidelines. The annotations were then reviewed to ensure consis-
tency and reliability. Ethical approval for the use of this cohort was obtained from the insti-
tutional review board of CHU Fez, and all patient data were anonymized before analysis.

The CMYD-SurfaceNet model was trained exclusively on the BraTS 2023 training data
and directly evaluated on all 86 CHU Fez cases without additional training, fine-tuning,
or cohort-specific adaptation. Therefore, the CHU Fez experiment represents an external
zero-shot evaluation under local clinical acquisition conditions. This protocol was used to
assess how the BraTS-trained model behaves on retrospective clinical data acquired during
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routine practice. In several cases discussed in a preoperative surgical context, the resulting
boundary-aware segmentation outputs were shared with the radiological and surgical
teams as complementary decision-support material for expert review. These outputs were
used to support visualization and assessment of tumor boundaries before surgery.

4.5. Ethical Statement

This study used two datasets. The BraTS 2023 dataset is publicly available and consists
of fully anonymized data; therefore, no additional ethical approval was required. The
second dataset (CHU Fez) is a retrospective clinical cohort collected under routine practice.
It consists of previously collected and anonymized data, with no direct interaction or
involvement of human participants in our work.

4.6. Further Preprocessing

To ensure consistency between datasets, the same preprocessing pipeline applied to
the BraTS dataset was also used for the CHU Fez data. This includes spatial co-registration,
resampling to isotropic voxel resolution (1 mm3), and per-modality z-score normalization,
defined as:

Xnorm =
X − µ

σ
(28)

where µ and σ represent the mean and standard deviation computed independently for
each modality. This harmonized preprocessing pipeline reduces inter-dataset variability
and ensures fair cross-domain evaluation, as summarized in Table 2.

Table 2. Summary of datasets and evaluation protocols.

Dataset Patients Modalities Annotated
Regions

Evaluation
Protocol

BraTS 2023 1251 T1, T1c, T2,
FLAIR WT, TC, ET 5-fold cross-

validation

CHU_Fez 86 T1, T1c, T2,
FLAIR WT, TC, ET

External
zero-shot

testing of the
BraTS-trained

model

4.7. Statistical Analysis

Quantitative findings are presented as mean values with their corresponding standard
deviations. For the BraTS 2023 dataset, model performance was assessed through a five-
fold cross-validation strategy, while ensuring that patients included in the training folds
were completely separated from those used for validation. For the CHU Fez cohort, the
final evaluation was carried out on all 86 cases as an external zero-shot test using the
BraTS-trained model, without additional training or fine-tuning on CHU Fez data.

Confidence intervals were calculated using bootstrap resampling with 1000 iterations,
providing a robust estimate of result variability. Since the revised manuscript focuses on
descriptive performance comparison rather than formal statistical significance testing, no
p-value claim is reported.

5. Environment and Hyperparameter Configuration
All experiments were implemented in PyTorch 2.1.0 using a 3D nnU-Net backbone.

The experimental environment and software configuration are summarized in Table 3. The
network architecture was kept unchanged across all experiments. Instead, performance im-
provements arise from restructuring the input representation as described in Section 3. The
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number of trainable parameters (approximately 31.2 million) remains identical to the base-
line nnU-Net, confirming that gains are attributable to representation-level modifications
rather than architectural expansion.

Table 3. Environment Configuration.

Component Specification

GPU NVIDIA A100 40 GB
CPU AMD EPYC 7742 (64-core)
RAM 256 GB DDR4

OS Ubuntu 22.04 LTS
Python 3.10
PyTorch 2.1.0

CUDA/cuDNN 12.1/8.9
XAI Library Captum 0.6

Validation 5-fold cross-validation (BraTS) + external
zero-shot testing (CHU Fez)

CI Computation Stratified bootstrap (n = 1000)

Training was performed using the AdamW optimizer with an initial learning rate of
3 × 10−4 combined with cosine annealing scheduling. The training hyperparameters and
data augmentation settings are summarized in Table 4. Due to GPU memory constraints,
the batch size was set to 2, and models were trained for 100 epochs. Early stopping
with a patience of 5 epochs was applied based on the validation loss to prevent overfit-
ting and improve generalization. Data augmentation included random rotations (±15◦),
scaling (0.9–1.1), elastic deformation, Gaussian noise injection, and intensity perturba-
tions to improve generalization. An auxiliary boundary-aware supervision term with
weighting coefficient λ = 0.1 was incorporated to encourage improved contour consistency
during optimization.

Table 4. Hyperparameter Configuration.

Parameter Value

—Training—

Optimizer AdamW

Initial LR 3 × 10−4

LR schedule Cosine annealing

Batch size 2

Max epochs 100

Early stopping Patience 5

Weight decay 0.01

Loss function Cross-Entropy + Dice

—Data Augmentation—

Rotation ±15◦

Flip H + V

Brightness/Contrast ±20%

Gaussian noise sigma = 0.02

—Architecture/Model—

Input resolution 384 × 384

Scales 4 (stride 4, 8, 16, 32)

Boundary loss weight λ = 0.1
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6. Results
6.1. Main Results on BraTS 2023

The quantitative evaluation of CMYD-SurfaceNet was conducted on the BraTS
2023 [40] validation set and compared with the baseline 3D nnU-Net. Evaluation metrics
included Dice similarity coefficient (DSC), 95th percentile Hausdorff distance (HD95), and
Surface Dice at 1 mm tolerance (SD@1), enabling joint assessment of overlap accuracy and
contour fidelity.

As shown in Table 5, CMYD-SurfaceNet achieves moderate Dice improvements across
all tumor regions, while producing clearer gains in boundary-sensitive metrics. For WT,
HD95 decreases from 3.62 mm to 2.41 mm and Surface Dice at 1 mm increases from 0.821
to 0.892. Similar reductions in HD95 are observed for TC and ET, indicating improved
contour conformity. These results suggest that the proposed framework primarily improves
geometric refinement rather than substantially increasing volumetric overlap.

Table 5. Quantitative segmentation performance on BraTS 2023 (baseline vs. proposed method).

Method nnU-Net CMYD-SurfaceNet

Region WT TC ET WT TC ET
DSC 0.913 0.869 0.851 0.921 0.873 0.858

HD95
(mm) 3.620 4.15 3.98 2.41 2.98 2.74

SD@1 0.821 0.765 0.743 0.892 0.828 0.816

6.2. Representation-Space Comparison

To justify the proposed representation, we compared CMYD with alternative repre-
sentations, including raw channel concatenation, pseudo-RGB, HSV, LAB, and CMY, as
presented in Table 6. The goal of this analysis is to evaluate whether CMYD reduces inter-
channel redundancy and improves boundary-sensitive segmentation. All representation
comparisons were conducted using the same preprocessing pipeline, training protocol,
and validation split to ensure that performance differences are attributable to the input
representation rather than experimental variation.

Table 6. Representation-space statistical analysis and segmentation performance on the WT region.

Representation Mean
Covariance NMI WT DSC WT HD95 WT SD@1

Raw channel
concatenation 0.486 0.612 0.913 3.62 0.821

Pseudo-RGB 0.421 0.553 0.915 3.28 0.845

HSV 0.337 0.441 0.917 3.05 0.862

LAB 0.318 0.415 0.918 2.88 0.872

CMY 0.292 0.391 0.918 2.94 0.860

CMYD 0.244 0.342 0.921 2.41 0.892

The comparative results show that CMYD provides the most effective input represen-
tation among the evaluated configurations. It achieves the lowest mean covariance and
normalized mutual information, which indicates that the statistical dependence between
channels is reduced more effectively than with raw channel concatenation, pseudo-RGB,
HSV, LAB, or CMY. This reduction in redundancy suggests that the CMYD representation
offers a more organized input space, where the channels provide complementary rather
than repetitive information to the segmentation network.
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From a segmentation perspective, CMYD also produces the strongest boundary-related
performance, with the lowest WT HD95 and the highest WT Surface Dice at 1 mm tolerance.
Although HSV and LAB improve over raw concatenation by separating intensity-related
information from chromatic components, their results remain less favorable than those
obtained with CMYD. This indicates that intensity–chromatic decomposition alone is not
sufficient to achieve the same level of boundary conditioning. The additional boundary
density channel in CMYD introduces explicit structural information related to tumor
margins, which helps improve contour localization and geometric consistency. In this
comparison, lower values of mean covariance, normalized mutual information, and WT
HD95 reflect better performance, whereas higher values of WT DSC and WT SD@1 indicate
better segmentation accuracy.

6.3. Alternative Pseudo-RGB Channel Ordering

To examine the stability of the selected pseudo-RGB configuration, we also evaluated
alternative modality-to-channel assignments. This experiment was conducted to determine
whether the adopted mapping, in which T1c, T2, and FLAIR are assigned to the R, G, and B
channels, respectively, provides a more effective representation than other possible channel
orderings, as presented in Table 7. By comparing these configurations under the same
experimental setting, we aimed to ensure that the proposed mapping was not an arbitrary
choice but a robust arrangement for organizing tumor-relevant MRI contrast information
before segmentation learning.

Table 7. Robustness analysis of pseudo-RGB modality-to-channel assignments on the WT region.

Pseudo-RGB Mapping WT DSC WT HD95 (mm) WT SD@1 mm

T1c → R, T2 → G, FLAIR → B 0.915 3.28 0.845

T1c → R, FLAIR → G, T2 → B 0.914 3.36 0.840

T2 → R, T1c → G, FLAIR → B 0.913 3.42 0.836

FLAIR → R, T1c → G, T2 → B 0.914 3.39 0.838

The selected ordering provides the strongest boundary-sensitive performance. This is
consistent with the clinical role of the selected modalities, where T1c emphasizes enhancing
tumor tissue, T2 captures edema-related abnormalities, and FLAIR improves visualization
of infiltrative margins.

6.4. Extended Ablation Study Across WT, TC, and ET

To further clarify the role of each component in the proposed CMYD representation,
we conducted an extended ablation study on the BraTS 2023 validation set, considering the
three tumor regions: WT, TC, and ET. The analysis started from the baseline setting based
on raw channel concatenation, after which the proposed components were added step by
step. Specifically, we first introduced the pseudo-RGB organization, followed by the CMY
decomposition, and finally the boundary density channel D. This progressive evaluation
allowed us to examine how each component contributes to the overall segmentation
performance. To ensure a fair comparison, all configurations were evaluated using the
same five-fold cross-validation splits.

As presented in Table 8, the progressive introduction of the proposed components
leads to consistent improvements across the three tumor regions, with the most noticeable
gains observed in HD95. The pseudo-RGB representation slightly improves the results,
which suggests that organizing the modalities before feature extraction helps the network
learn more stable early representations. Adding the CMY decomposition further reduces

https://doi.org/10.3390/digital6020049

https://doi.org/10.3390/digital6020049


Digital 2026, 6, 49 18 of 29

boundary errors, indicating that separating contrast-related information contributes to
more reliable tumor delineation. The strongest improvement is obtained with the full
CMYD representation, where the boundary density channel is included. This confirms that
explicitly encoding structural discontinuities plays an important role in improving contour
precision. Overall, the Dice gains remain relatively modest, while the reductions in HD95
are more substantial, showing that the main contribution of the proposed representation
lies in improving boundary alignment rather than simply increasing volumetric overlap.
Similar trends are observed for TC and ET, demonstrating that the benefit of CMYD is not
restricted to the whole tumor region but also extends to the main tumor subregions.

Table 8. Extended ablation study across WT, TC, and ET regions on the BraTS 2023 validation set.

Input Representation WT DSC WT HD95
(mm) TC DSC TC HD95

(mm) ET DSC ET HD95
(mm)

Raw channel
concatenation 0.913 3.62 0.869 4.15 0.851 3.98

Pseudo-RGB
representation 0.915 3.28 0.870 3.83 0.853 3.66

Pseudo-RGB with CMY
decomposition 0.918 2.94 0.872 3.43 0.855 3.25

Full CMYD
representation 0.921 2.41 0.873 2.98 0.858 2.74

6.5. Isolation of Cascaded Refinement and CMYD Representation

To clarify the source of the observed performance gains, we evaluated four experi-
mental configurations that separately examine the effect of the input representation and
the cascaded refinement strategy, as presented in Table 9. The first configuration used raw
channel concatenation with a single nnU-Net and served as the baseline. The second used
the same raw input representation within a cascaded nnU-Net framework, allowing us
to assess the contribution of the coarse-to-fine refinement alone. The third configuration
combined the CMYD representation with a single nnU-Net in order to isolate the effect of
representation-level restructuring. Finally, the complete CMYD-SurfaceNet model com-
bined the CMYD representation with the cascaded refinement framework. This comparison
allowed us to determine whether the improvement was mainly driven by the proposed
representation, the cascaded design, or the interaction between both components.

Table 9. Contribution analysis of CMYD representation and cascaded refinement across WT, TC, and
ET regions.

Configuration WT
DSC

WT
HD95
(mm)

WT
SD@1
mm

TC
DSC

TC
HD95
(mm)

TC
SD@1
mm

ET DSC
ET

HD95
(mm)

ET
SD@1
mm

Raw concatenation +
single nnU-Net 0.913 3.62 0.821 0.869 4.15 0.765 0.851 3.98 0.743

Raw concatenation +
cascaded nnU-Net 0.916 3.05 0.855 0.871 3.55 0.792 0.854 3.30 0.780

CMYD + single nnU-Net 0.918 2.85 0.870 0.872 3.35 0.805 0.856 3.05 0.792

CMYD + cascaded nnU-
Net/CMYD-SurfaceNet 0.921 2.41 0.892 0.873 2.98 0.828 0.858 2.74 0.816

The comparison indicates that both the CMYD representation and the cascaded refine-
ment strategy contribute to the improvement in boundary-sensitive performance. Using
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a cascaded nnU-Net with raw concatenation already reduces boundary errors compared
with the single-stage baseline, showing the benefit of coarse-to-fine refinement. Similarly,
using CMYD with a single nnU-Net improves HD95 and Surface Dice, which confirms the
positive effect of representation-level restructuring. The best results are obtained when
CMYD is combined with the cascaded 3D nnU-Net, suggesting that the two components
address complementary aspects of the segmentation problem: CMYD improves the quality
of the input representation, while the cascade enhances local boundary refinement.

6.6. Boundary Density Channel and Boundary Loss Ablation

Since the proposed framework includes both a boundary density channel and an
auxiliary boundary supervision term, we performed an additional ablation experiment
to examine the contribution of each component separately, as presented in Table 10. This
analysis was designed to determine whether the improvement comes mainly from the
explicit boundary information introduced in the input representation, from the boundary-
aware supervision during training, or from their combined use.

Table 10. Ablation analysis of boundary density encoding and auxiliary boundary supervision on the
WT region.

Configuration WT DSC WT HD95 (mm) WT SD@1 mm

CMY only, without D and
without boundary loss 0.918 2.94 0.860

CMY + boundary density
channel D only 0.920 2.55 0.882

CMY + auxiliary boundary
loss only 0.919 2.70 0.874

CMY + D + auxiliary
boundary loss/full
CMYD-SurfaceNet

0.921 2.41 0.892

The boundary density channel and the auxiliary boundary loss contribute to the pro-
posed framework in different but complementary ways. The boundary density channel
operates at the input level by adding explicit structural information about tumor margins
to the CMYD representation. In contrast, the auxiliary boundary loss acts during training
by encouraging the model to learn more accurate contour predictions. The ablation results
show that each component improves boundary-sensitive performance when used sepa-
rately, particularly in terms of HD95 and Surface Dice. However, the best performance
is achieved when both components are combined, suggesting that input-level boundary
encoding and optimization-level boundary guidance work together to improve tumor
boundary delineation and enhance geometric consistency.

6.7. T1 Modality Contribution

Although T1-weighted images provide useful anatomical reference, the proposed
pseudo-RGB representation focuses on T1c, T2, and FLAIR because these sequences carry
more direct information about tumor appearance. T1c is important for identifying enhanc-
ing tumor regions, T2 is sensitive to edema and fluid-related changes, and FLAIR helps
reveal infiltrative and peritumoral abnormalities. To verify that excluding T1 does not
weaken the model performance, we compared the proposed three-modality configuration
with an alternative setting that also includes T1, as presented in Table 11. This comparison
was used to determine whether the selected modality combination offers a better balance
between anatomical context and tumor-specific contrast.
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Table 11. Comparison between the proposed three-modality CMYD configuration and a four-channel
variant incorporating T1.

Input Scheme WT DSC WT HD95 (mm) WT SD@1 mm

T1c/T2/FLAIR → CMYD 0.921 2.41 0.892

T1/T1c/T2/FLAIR →
four-channel variant 0.920 2.50 0.886

The comparison shows that incorporating T1 into the input representation does not
lead to an improvement in boundary-sensitive performance. The T1c/T2/FLAIR-based
CMYD configuration achieves slightly better HD95 and Surface Dice results than the four-
channel variant including T1. This suggests that, in the proposed pseudo-RGB setting, the
selected modalities provide more relevant tumor-specific contrast for boundary delineation.
Therefore, T1 is kept as part of the preprocessing and anatomical alignment pipeline, while
the pseudo-RGB representation focuses on the modalities that contribute more directly to
tumor characterization.

6.8. Evaluation on the CHU Fez Clinical Cohort

To evaluate the zero-shot external behavior of the BraTS-trained model under local
clinical acquisition conditions, CMYD-SurfaceNet was tested on all 86 cases from the
retrospective CHU Fez clinical cohort without additional training or fine-tuning.

Unlike the standardized BraTS dataset, the CHU cohort reflects real-world clinical
conditions, including heterogeneous acquisition protocols, scanner variability, and lower
signal-to-noise ratios.

As reported in Table 12, the results obtained on the CHU Fez cohort are slightly lower
than those observed on BraTS 2023. This difference is expected, given the domain shift
introduced by routine clinical acquisition conditions, heterogeneous scanner configurations,
and lower signal-to-noise ratios. Despite this domain shift, CMYD-SurfaceNet consistently
outperforms nnU-Net across the evaluated tumor regions, with the most evident gains
observed in HD95 and Surface Dice. These findings provide preliminary evidence that the
proposed representation can support tumor boundary delineation under heterogeneous
local clinical acquisition conditions. However, they should be interpreted as zero-shot
external evaluation results and confirmed on larger multi-center clinical cohorts before any
prospective clinical deployment.

Table 12. Quantitative zero-shot external segmentation performance on the CHU Fez clinical cohort
with 95% confidence intervals.

Method Region DSC 95% CI DSC HD95 (mm) 95% CI
HD95 SD@1 mm 95% CI

SD@1 mm

nnU-Net WT 0.895 ± 0.020 [0.885, 0.905] 4.25 ± 0.60 [3.95, 4.55] 0.785 ± 0.040 [0.766, 0.804]

nnU-Net TC 0.842 ± 0.030 [0.828, 0.856] 5.10 ± 0.75 [4.74, 5.46] 0.718 ± 0.050 [0.694, 0.742]

nnU-Net ET 0.812 ± 0.035 [0.795, 0.829] 4.78 ± 0.70 [4.44, 5.12] 0.690 ± 0.055 [0.664, 0.716]

CMYD-
SurfaceNet WT 0.908 ± 0.018 [0.899, 0.917] 3.21 ± 0.45 [2.99, 3.43] 0.846 ± 0.035 [0.829, 0.863]

CMYD-
SurfaceNet TC 0.856 ± 0.027 [0.843, 0.869] 3.86 ± 0.58 [3.58, 4.14] 0.775 ± 0.044 [0.754, 0.796]

CMYD-
SurfaceNet ET 0.832 ± 0.030 [0.817, 0.847] 3.61 ± 0.55 [3.35, 3.87] 0.760 ± 0.046 [0.738, 0.782]
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6.9. Lesion-Size Stratified Analysis

To further evaluate whether the proposed method improves the detection of small
tumor components, we performed a lesion-size stratified analysis. The test cases were
divided into small, medium, and large lesion groups according to tumor size, and seg-
mentation performance was assessed separately for each group. Lesion size was defined
using the maximum tumor extent measured on the reference annotation. For this analysis,
DSC and HD95 were reported in order to evaluate both volumetric overlap and boundary
accuracy across different lesion scales.

As shown in Table 13, the largest relative reduction in HD95 is observed in the small-
lesion group. This finding indicates that the proposed method is particularly beneficial for
challenging tumor components with limited spatial extent. The combination of CMYD-
based representation and cascaded refinement appears to improve boundary localization
in these difficult cases by providing both structured contrast information and focused
local refinement. Although performance gains are also observed for medium and large
lesions, the stronger improvement in small lesions supports the relevance of the proposed
framework for enhancing sensitivity to small tumor regions.

Table 13. Lesion-size stratified zero-shot performance analysis on the CHU Fez clinical cohort.

Lesion Size
Group

Number of
Cases nnU-Net DSC CMYD DSC nnU-Net HD95

(mm)
CMYD HD95

(mm)
HD95

Reduction (%)

Small lesions <
5 mm 20 0.805 0.832 5.85 4.10 29.9%

Medium lesions
5–10 mm 31 0.862 0.879 4.72 3.42 27.5%

Large lesions >
10 mm 35 0.910 0.918 3.58 2.74 23.5%

6.10. Literature-Based Comparison with Recent BraTS Segmentation Methods

To further contextualize the performance of CMYD-SurfaceNet, we compared the
proposed method with several recent multimodal brain tumor segmentation approaches
reported in the literature. nnU-Net [3] was included as a strong reference baseline because
of its well-established robustness in biomedical image segmentation, while nnU-Net v2 [53]
represents a more recent refinement of this framework with improved configuration strate-
gies. Other approaches, including cascaded CNN models [24,25] and transformer-based
architectures such as UNETR and Swin-UNETR [16,17], have also shown strong perfor-
mance by enhancing network design, contextual modeling, and feature fusion. In addition,
recent survey studies [54] emphasize the importance of robustness and generalization for
clinical deployment. To position the proposed framework within this recent methodological
landscape, a literature-based quantitative comparison is presented in Table 14.

Table 14. Comparison with recent state-of-the-art methods on the BraTS dataset (values for competing
methods are reported from the literature).

Method DSC (WT) HD95 (mm) Surface Dice @1 mm

nnU-Net [3] 0.913 3.62 0.821

nnU-Net v2 [53] 0.918 3.10 0.850

UNETR [16] 0.918 3.20 0.840

Swin-UNETR [17] 0.920 3.00 0.860

CMYD-SurfaceNet 0.921 2.41 0.892
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The values reported for the competing methods were taken from the literature and
may have been obtained under different experimental conditions, including variations in
datasets, preprocessing procedures, validation strategies, and data splits. For this reason,
the comparison should be interpreted as an indicative literature-based overview rather
than a strictly controlled head-to-head benchmark.

Overall, the Dice score of CMYD-SurfaceNet remains close to those reported by
recent segmentation methods, indicating that the proposed method does not mainly aim to
achieve a large volumetric overlap gain. Within this literature-reported comparison, CMYD-
SurfaceNet shows favorable boundary-sensitive values, particularly in HD95 and Surface
Dice. However, these values should be interpreted as indicative rather than definitive
evidence of superiority over other architectures, since the compared methods were not
re-evaluated under a unified experimental protocol. Therefore, CMYD-SurfaceNet should
be understood as a boundary-focused improvement over strong segmentation baselines
rather than as a method that primarily increases Dice performance.

6.11. Qualitative Analysis

In addition to the quantitative evaluation, a qualitative analysis was performed to
illustrate how the proposed framework behaves in representative segmentation cases.
Three examples were selected to reflect different sources of difficulty: a small-lesion case, a
complex-boundary case, and an artifact-affected case. The first case, taken from BraTS 2023,
contains a small lesion with limited spatial extent. The second BraTS case presents a large
heterogeneous lesion with poorly defined tumor boundaries. The third case, selected from
the CHU Fez cohort, includes moderate motion artifacts and lower signal-to-noise ratio,
reflecting the more variable acquisition conditions encountered in routine clinical practice.

Figure 2 presents the qualitative results for these three representative cases. For
each case, the input MRI, ground truth annotation, baseline nnU-Net prediction, CMYD
representation, and final CMYD-SurfaceNet prediction are shown. This visualization helps
clarify the role of the proposed representation by showing the additional boundary-aware
structural information provided by CMYD, while maintaining a clear relationship between
the original MRI image, the reference annotation, and the final segmentation output.

Figure 2. Qualitative segmentation results for three representative cases: a small-lesion case, a
complex-boundary case, and an artifact-affected case. For each case, the figure shows the input MRI,
the ground truth annotation, the baseline nnU-Net prediction, the CMYD representation, and the final
CMYD-SurfaceNet prediction. Color coding is used to distinguish different segmentation outputs,
where white represents ground truth annotations, red/yellow indicate predicted tumor regions, and
grayscale corresponds to the input MRI.
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Figure 3 provides a focused comparison between the baseline nnU-Net and the pro-
posed CMYD-SurfaceNet. For this representative case, a 2D MRI slice showing the maximal
tumor area is displayed, with the ground truth annotation, baseline nnU-Net prediction,
and CMYD-SurfaceNet prediction shown using color-coded tumor contours overlaid on
the grayscale MRI image. As shown in Figure 3, nnU-Net generally identifies the main
tumor region, but local boundary deviations remain visible, especially in challenging areas.
Compared with the baseline, CMYD-SurfaceNet provides more stable contour delineation
and follows the reference annotation more closely, particularly around irregular tumor
margins. These visual findings are consistent with the quantitative improvements observed
in HD95 and Surface Dice, suggesting that the proposed framework mainly improves
boundary regularity and structural consistency rather than producing a major change in
volumetric overlap.

Figure 3. Qualitative boundary comparison between nnU-Net and CMYD-SurfaceNet. (A) Full
2D MRI slice comparison showing the ground truth, nnU-Net baseline prediction, and CMYD-
SurfaceNet prediction. (B) Zoom-in boundary comparison highlighting local contour differences.
Green, red, and blue contours indicate the ground truth, nnU-Net baseline, and CMYD-SurfaceNet,
respectively. Arrows indicate regions of boundary discrepancy and zoomed-in areas for detailed
visual comparison.

7. Discussion
The experimental results indicate that the proposed CMYD-SurfaceNet framework

improves segmentation performance primarily through geometric refinement rather than
volumetric expansion. While Dice similarity coefficients show consistent but moderate
gains across tumor subregions, the most pronounced improvements were observed in
boundary-sensitive metrics, particularly HD95 and Surface Dice. This pattern is important
because the improvement in Dice is limited to approximately 0.9% for WT, whereas the
HD95 reduction reaches approximately 33.4%, confirming that the proposed method mainly
improves boundary precision rather than volumetric overlap. This distinction is essential,
as Dice evaluates volumetric overlap, whereas HD95 directly quantifies surface deviation
and is therefore more sensitive to contour irregularities. To quantify the magnitude of
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geometric improvement, Table 15 reports the absolute and relative gains achieved by
CMYD-SurfaceNet compared to the baseline nnU-Net.

Table 15. Relative geometric improvement of CMYD-SurfaceNet compared to baseline nnU-Net on
BraTS 2023 validation set.

Metric Region Baseline CMYD-
SurfaceNet

Absolute
Change

Relative
Improvement

(%)

HD95 (mm) WT 3.62 2.41 −1.21 −33.4%

HD95 (mm) TC 4.15 2.98 −1.17 −28.2%

HD95 (mm) ET 3.98 2.74 −1.24 −31.2%

Surface
Dice @1 mm WT 0.821 0.892 +0.071 +8.6%

Dice (DSC) WT 0.913 0.921 +0.008 +0.9%
Note: For HD95, lower values indicate better performance; therefore, relative values are reported as percentage
reduction.

As shown in Table 15, HD95 is reduced by approximately 30% across tumor regions,
confirming that the proposed framework improves boundary conformity. In contrast, Dice
improvements remain moderate, indicating that volumetric agreement was already strong
in the baseline while geometric deviations persisted at the tumor margins. These findings
suggest that CMYD-SurfaceNet primarily enhances contour stability rather than increasing
predicted tumor volume. The observed improvements were particularly pronounced in
cases involving thin enhancing regions and complex tumor boundaries. In such scenarios,
small geometric inconsistencies can lead to disproportionately large errors in surface-
based metrics. The explicit boundary encoding introduced in the CMYD representation
helps preserve these fine structures, resulting in more stable delineation of challenging
tumor interfaces.

In addition to empirical improvements, the CMYD representation introduces an im-
plicit inductive bias by structuring multimodal inputs into complementary subspaces. The
separation of chromatic contrast (C, M, Y) from gradient-based structural information
(D) reduces inter-channel redundancy and simplifies early feature extraction. As a result,
convolutional filters can specialize in either contrast discrimination or boundary local-
ization, rather than simultaneously resolving multiple entangled representations. This
structured decomposition improves optimization stability and facilitates more efficient
learning of geometrically consistent features. Unlike many segmentation approaches that
rely on architectural expansion, the proposed framework preserves the backbone structure
and parameter count of the baseline 3D nnU-Net. Performance gains therefore arise from
restructuring the multimodal input representation rather than increasing model capac-
ity. These representational differences explain why the proposed framework improves
boundary-sensitive metrics without increasing model complexity.

The novelty of this work does not lie in introducing pseudo-color mapping, gradient-
based edge encoding, or cascaded segmentation as isolated components. These concepts
have been explored in different forms in previous medical image segmentation studies.
Instead, the contribution of CMYD-SurfaceNet lies in integrating these components into a
unified representation-level framework that restructures multimodal MRI inputs before fea-
ture extraction. This representation-level integration allows contrast-dominant information
and boundary-related structural cues to be organized before learning, while preserving the
same backbone complexity as nnU-Net.
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Importantly, the proposed method does not introduce additional trainable parameters
or architectural modifications. From a broader perspective, the proposed approach shifts the
focus of segmentation research from model-centric improvements toward representation-
centric design. While most existing methods aim to enhance feature extraction through
architectural modifications, this work demonstrates that restructuring the input space itself
can yield meaningful improvements in boundary-sensitive performance. Conventional
concatenation requires early convolutional layers to disentangle luminance redundancy,
modality-dominant contrast, and structural transitions simultaneously. In contrast, the
CMYD representation separates chromatic contrast components (C, M, Y) from gradient-
derived boundary information (D), thereby reducing inter-channel redundancy and condi-
tioning the feature space in a task-oriented manner.

From a clinical perspective, accurate tumor boundary visualization is important for
neuro-oncological workflows, including radiological review, preoperative assessment,
radiotherapy planning, and surgical margin evaluation. In this study, the CHU Fez zero-
shot evaluation was performed on retrospective clinical cases, and the resulting boundary-
aware segmentation outputs were provided to the radiological and surgical teams as
complementary preoperative decision-support material. The observed improvements in
HD95 and Surface Dice suggest that CMYD-SurfaceNet may offer useful boundary-aware
segmentation support under local clinical acquisition conditions. However, these outputs
should be interpreted as expert-reviewed support information rather than as standalone
surgical guidance or evidence of full prospective clinical deployment. Larger multi-center
studies and formal clinical workflow evaluations remain necessary before integration into
routine clinical practice.

The evaluation on the CHU Fez clinical dataset provides preliminary evidence of
robustness under heterogeneous local acquisition conditions. Domain shifts between bench-
mark datasets and routine clinical imaging can degrade segmentation performance due to
scanner variability and intensity distribution differences. By separating luminance structure
from contrast-dominant channels and explicitly encoding boundary transitions, the CMYD
representation may reduce sensitivity to global intensity variations. Nevertheless, because
the CHU Fez evaluation was conducted on a limited retrospective cohort, these findings
should be interpreted as supportive but not definitive evidence of external generalization.

From a computational perspective, the backbone architecture and parameter count
remain unchanged, approximately 31.2 million parameters. The pseudo-RGB alignment,
CMYK decomposition, and boundary density computation are deterministic preprocess-
ing operations introducing negligible overhead relative to convolutional inference. Al-
though the cascaded refinement framework moderately increases inference time due to
sequential region-of-interest processing, memory consumption remains comparable to the
baseline model.

Several limitations should be acknowledged. First, the CMYD transformation is
deterministic and not learnable. While this improves interpretability and preserves model
complexity, it may limit adaptability to dataset-specific characteristics. Second, although
the CHU Fez zero-shot evaluation included all 86 available retrospective cases, the cohort
remains single-center and should therefore be validated further on larger multi-center
external datasets. The reported confidence intervals should be interpreted as an estimate of
variability within this retrospective clinical cohort.

Third, although HSV and LAB comparisons provide additional support for the
proposed representation, broader validation across other anatomical regions and imag-
ing modalities remains necessary. Finally, the cascaded refinement strategy improves
boundary precision but may introduce additional inference time compared with a purely
single-stage model.
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Overall, the findings demonstrate that representation-level structural decoupling can
enhance contour fidelity without increasing model complexity. This suggests that careful
restructuring of multimodal information prior to learning constitutes a complementary
strategy to architectural scaling for improving clinically relevant segmentation performance.

8. Conclusions
This work introduced CMYD-SurfaceNet, a framework that improves multimodal

MRI brain tumor segmentation by rethinking how input data is structured rather than
modifying the network architecture itself. By explicitly separating contrast-related informa-
tion from boundary-driven structural cues, the proposed representation allows the model
to better capture both tumor appearance and geometric characteristics. The experimental
evaluation on the BraTS 2023 benchmark and the CHU Fez clinical dataset shows consistent
improvements, particularly in boundary-related metrics. While volumetric overlap re-
mains comparable to strong baseline models, the proposed approach produces more stable
and precise contour delineation, which is essential for clinically meaningful segmentation.
These results highlight that the way multimodal data is organized before learning can mean-
ingfully influence segmentation performance. By reducing redundancy and introducing
explicit structural information, the proposed representation simplifies the learning process
and improves geometric consistency without increasing model complexity. Future work
will focus on extending this representation to other imaging modalities and anatomical
regions, as well as exploring adaptive or learnable variants of the transformation. Over-
all, this study highlights that representation-level design can serve as a complementary
paradigm to architectural innovation in advancing medical image segmentation.
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