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Abstract

Staining variability in histopathological images compromises automated diagnostic systems
by affecting the reliability of computational pathology algorithms. Existing normaliza-
tion methods prioritize color consistency but often sacrifice critical morphological details
essential for accurate diagnosis. This work proposes a novel deep learning framework,
integrating enhanced residual learning with multi-scale attention mechanisms for structure-
preserving stain normalization. The approach decomposes the transformation process into
base reconstruction and residual refinement components, incorporating attention-guided
skip connections and progressive curriculum learning. The method was evaluated on the
MITOS-ATYPIA-14 dataset containing 1420 paired H&E-stained breast cancer images from
two scanners. The framework achieved exceptional performance with a structural similar-
ity index (SSIM) of 0.9663 ± 0.0076, representing 4.6% improvement over the best baseline
(StainGAN). Peak signal-to-noise ratio (PSNR) reached 24.50 ± 1.57 dB, surpassing all com-
parison methods. An edge preservation loss of 0.0465 ± 0.0088 demonstrated a 35.6% error
reduction compared to the next best method. Color transfer fidelity reached 0.8680 ± 0.0542
while maintaining superior perceptual quality (FID: 32.12, IS: 2.72 ± 0.18). The attention-
guided residual learning framework successfully maintains structural integrity during stain
normalization, with superior performance across diverse tissue types, making it suitable
for clinical deployment in multi-institutional digital pathology workflows.

Keywords: stain normalization; attention mechanism; residual learning; structure preser-
vation; deep learning; digital pathology

1. Introduction
Digital histopathology has become fundamental to modern diagnostic practices, yet

staining variability across laboratories remains a persistent challenge for automated analy-
sis systems [1]. The inherent variations in staining protocols, reagent batches, and scanner
specifications introduce significant color and intensity differences that compromise the reli-
ability of computational pathology algorithms. This stain normalization problem represents
a critical bottleneck in developing robust, generalizable solutions for clinical deployment.
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1.1. Background and Recent Advances

Traditional approaches to stain normalization have relied primarily on color space
transformations and statistical matching techniques. Macenko et al. [2] introduced a widely
adopted method based on optical density decomposition, while Reinhard et al. [3] pro-
posed color transfer using statistical moments, which became a benchmark for subsequent
methods. However, these conventional methods prioritize global color consistency often at
the expense of preserving fine morphological details essential for accurate diagnosis [4].
The fundamental challenge lies in achieving color harmonization while maintaining the
structural integrity of cellular components and tissue architecture.

Deep learning architectures have demonstrated substantial promise in addressing
image-to-image translation tasks. Generative adversarial networks (GANs), particularly
the pix2pix framework [5] and CycleGAN [6], have been adapted for stain normaliza-
tion with encouraging results. Shaban et al. [7] introduced StainGAN specifically for
histological images, while de Bel et al. [8] employed cycle-consistent networks for renal
histopathology. More recently, MultipathGAN architectures have explored multi-scale
feature extraction for improved stain transfer, demonstrating enhanced color consistency
through parallel processing pathways [9]. Despite these advances, existing GAN-based
methods frequently suffer from training instability and inadequate preservation of fine
structural details, particularly in diagnostically critical regions.

Recent studies have further advanced the field through architectural innovations.
Kablan and Ayas [10] introduced StainSWIN, the first transformer-based approach for
stain normalization, leveraging vision transformers for improved long-range dependency
modeling, though with a notable variance in performance consistency. Vasiljevic et al. [11]
developed HistoStarGAN for unified multi-stain normalization and segmentation, ad-
dressing the multi-domain challenge but with limited structure preservation analysis.
Du et al. [12] proposed DSTGAN (Deep Supervised Two-stage Generative Adversarial
Network) with innovative deep supervision integration into GANs, demonstrating state-
of-the-art performance across multiple datasets but requiring significant computational
resources with batch sizes limited to two due to Swin Transformer architecture complexity.
Wang et al. [13] demonstrated the effectiveness of multi-resolution self-supervised learning
for histopathological feature extraction, though primarily focused on classification rather
than normalization tasks. Komura et al. [14] highlighted the exponential growth in deep
learning applications for digital pathology, identifying self-supervised learning as a partic-
ularly promising direction while noting the persistent challenge of structure preservation
in normalization tasks.

The introduction of residual learning by He et al. [15] revolutionized deep network
training by enabling effective gradient propagation through skip connections. U-Net archi-
tectures [16] have proven particularly effective for biomedical image segmentation tasks by
combining encoder–decoder structures with skip connections that preserve spatial informa-
tion. However, the application of residual learning principles to stain normalization, where
the goal is to decompose the transformation into structure-preserving base reconstruction
and targeted color adjustments, remains underexplored.

Attention mechanisms have emerged as powerful tools for focusing computational
resources on relevant image regions. The self-attention mechanism introduced in computer
vision applications [17] enables models to establish long-range dependencies while pre-
serving local structural information. Recent work by Campanella et al. [18] demonstrated
the effectiveness of attention-based approaches in computational pathology for whole slide
image analysis. However, the integration of multi-scale attention mechanisms specifically
designed for structure preservation in stain normalization has not been systematically
investigated. Recent advances in transformer architectures have shown promise for medi-
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cal image analysis tasks, with vision transformers demonstrating superior performance
in histopathological image classification [19,20]. However, the application of attention
mechanisms specifically for structure preservation in image-to-image translation remains
underexplored, particularly in the context of maintaining diagnostic features during stain
normalization [21].

1.2. Current Limitations and Proposed Approach

Current stain normalization methods face several fundamental limitations. First,
most approaches treat color transformation as a global optimization problem, failing to
account for the spatial heterogeneity of staining patterns within tissue sections [22]. Second,
existing methods lack explicit mechanisms for balancing structure preservation against
color consistency, often requiring manual parameter tuning for different tissue types. Third,
the absence of comprehensive evaluation frameworks that assess both perceptual quality
and structural fidelity makes objective comparison difficult [23]. Recognizing these gaps,
contemporary approaches have begun exploring perceptual loss functions and adversarial
training for medical image enhancement [24,25]. The integration of perceptual metrics,
such as Fréchet Inception Distance (FID) and Inception Score (IS), for medical image
quality assessment represents an emerging trend toward more comprehensive evaluation
frameworks [26,27].

To address these limitations, we propose a novel framework that integrates enhanced
residual learning with multi-scale attention mechanisms for structure-preserving stain
normalization. Our approach explicitly decomposes the transformation process into base
reconstruction and residual refinement components, enabling precise control over the
structure-color trade-off. The architecture incorporates attention-guided skip connections
that adaptively focus on diagnostically relevant regions while maintaining global coherence.
Additionally, we introduce a progressive curriculum learning strategy that optimizes
structure preservation before fine-tuning color matching, leading to improved training
stability and superior performance.

The primary contributions of this work to the literature include the following: (1) un-
like existing methods that treat normalization globally, we introduce an enhanced residual
learning architecture with attention-guided skip connections that explicitly decomposes
transformation into structure-preserving and color-adjusting components, addressing the
longstanding challenge of morphological degradation in current approaches; (2) while
previous works operate at single scales, our multi-scale attention mechanism captures
both local cellular features and global tissue patterns, solving the spatial heterogeneity
problem that has limited clinical deployment; (3) in contrast to fixed optimization strategies,
our adaptive loss weighting with curriculum learning progressively emphasizes different
normalization aspects, providing the first systematic approach to balance structure-color
trade-offs; and (4) beyond existing evaluation methods, we establish a comprehensive
framework with novel metrics specifically for histopathological structural fidelity, filling a
critical gap in objective assessment standards.

Experimental validation demonstrates that our method achieves superior performance
across multiple evaluation metrics, with a structural similarity index (SSIM) of 0.9663 ± 0.0076
(4.6% improvement over StainGAN), edge preservation loss of 0.0465 ± 0.0088 (35.6% error
reduction), and superior perceptual quality (FID: 32.12, IS: 2.72 ± 0.18). These advances
establish a new benchmark for structure-preserving stain normalization, directly addressing
the clinical need for reliable normalization methods that maintain diagnostic integrity.
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2. Materials and Methods
2.1. Dataset and Preprocessing

We conducted our experiments on the MITOS-ATYPIA-14 dataset, which was origi-
nally curated for the MITOS & ATYPIA 14 Contest hosted at the International Conference
on Pattern Recognition (ICPR) 2014 [28]. This dataset comprises H&E-stained breast cancer
histopathological images collected from biopsy slides selected and annotated by the team
of Professor Frédérique Capron, head of the Pathology Department at Pitié-Salpêtrière
Hospital in Paris, France.

The original slides were acquired using two distinct digital pathology scanning sys-
tems: the Aperio ScanScope XT scanner (Leica Biosystems (formerly Aperio), Buffalo Grove,
Illinois, United States) and the Hamamatsu NanoZoomer 2.0-HT scanner (Hamamatsu
Photonics, Hamamatsu, Japan). These scanner types introduce systematic differences in
color reproduction, optical characteristics, and image acquisition parameters, creating
natural domain variations that are commonly encountered in multi-institutional clinical
studies [1]. The dataset specifically contains frames extracted at both 20× (284 frames)
and 40× (1136 frames) magnifications, with pathologists selecting regions located inside
tumors for annotation.

For our stain normalization experiments, we utilized the dataset in its standard paired
format, organized to represent the two different scanner domains. The slides are stained
with standard hematoxylin and eosin (H&E) dyes, and they have been scanned by two slide
scanners: Aperio Scanscope XT and Hamamatsu Nanozoomer 2.0-HT. The training dataset
contains 284 frames at 20× magnification and 1136 frames at 40× magnification, providing
sufficient diversity for training robust stain normalization models [29].

The frames are RGB bitmap images in TIFF format, which maintain high image quality
and preserve the color characteristics specific to each scanner type. The systematic differ-
ences between the Aperio and Hamamatsu acquisitions, primarily arising from scanner-
specific variations in color processing pipelines and optical characteristics, create an ideal
benchmark for evaluating stain normalization methods in realistic clinical scenarios [30].
The paired nature of the dataset enables supervised learning of stain transformation map-
pings while ensuring that our model learns to transform staining characteristics rather than
underlying tissue morphology, which is crucial for maintaining diagnostic accuracy [31].

For training our stain normalization model, we utilized the dataset in its original
format without additional preprocessing steps. The images were used directly as provided
in the MITOS-ATYPIA-14 dataset, maintaining their original color characteristics and
scanner-specific variations. This approach preserves the authentic differences between the
two scanner domains, which is essential for training effective stain normalization models.
The paired data approach provides direct supervision for learning the mapping between
different staining domains while preserving the underlying tissue structure. The paired
nature of the data ensures that the model learns to transform staining characteristics rather
than tissue morphology, which is crucial for maintaining diagnostic accuracy.

2.2. Network Architecture

Our proposed attention-guided residual learning framework for histopathological
stain normalization addresses the fundamental challenge of achieving color consistency
while preserving crucial morphological details. The architecture follows a sophisticated
encoder–decoder paradigm augmented with multiple innovative components designed
specifically for medical image analysis, inspired by recent advances in attention mecha-
nisms [17] and residual learning [15].

The complete architecture of our proposed framework is shown in Figure 1, which
shows the four primary modules working in synergy: a multi-pathway style encoder
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that captures comprehensive staining characteristics from reference images, a generator
network featuring attention-guided residual blocks for structure-preserving transformation,
a specialized residual processor that operates in both spatial and frequency domains to
maintain fine-grained details, and a discriminator network for adversarial training that
ensures realistic output generation [32].

Figure 1. Complete architecture of the proposed attention-guided residual learning framework for
histopathological stain normalization, showing the style encoder, U-Net generator with self-attention,
residual processor, and adversarial training components.

The design philosophy emphasizes the preservation of diagnostic information through-
out the normalization process. Unlike conventional image-to-image translation methods
that prioritize visual similarity, our approach incorporates domain-specific knowledge
about histopathological image characteristics, ensuring that critical features such as nu-
clear boundaries, chromatin patterns, and cellular architecture remain intact during stain
transformation [33,34].

2.3. Multi-Pathway Style Encoder

The style encoder represents a crucial innovation in our framework, designed to
capture the multifaceted nature of histopathological staining patterns. As shown in Figure 2,
the encoder processes reference style images through three distinct pathways, each targeting
different aspects of staining characteristics [35,36].
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Figure 2. Multi-pathway style encoder architecture with three distinct pathways: global pathway
for overall color distribution, local pathway for spatial variations, and texture pathway using Gram
matrices for fine-grained patterns. Features are concatenated and processed through a fully connected
layer to generate the final style code zs.

2.3.1. Global Pathway for Overall Color Distribution

The global pathway focuses on capturing the overall color distribution and intensity
characteristics of the target staining style. This pathway processes the input style image
through a series of convolutional layers with progressively increasing receptive fields:

Fglobal = Conv64→128→256→512

(
Istyle

)
(1)

The input style image
(

Istyle

)
is a standard RGB color image of dimensions H × W × 3

(height × width × channels), and Fglobal denotes the extracted global features. Each
convolutional block uses 3 × 3 filters followed by batch normalization and ReLU activation.
The channel dimensions progressively increase from 64 to 128, then 256, and finally 512,
allowing the network to learn increasingly complex representations of color relationships
and staining patterns at each layer.

Global average pooling (GAP) is subsequently applied to obtain a compact 512-
dimensional representation that encodes the overall staining characteristics:

zglobal = GAP
(

Fglobal

)
=

1
H × W ∑H

i=1 ∑W
j=1 Fglobal(i, j) (2)

This global representation zglobal captures essential information about hematoxylin
and eosin intensity distributions, overall color balance, and background characteristics that
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are fundamental for consistent stain normalization, where H and W represent the spatial
dimensions of the feature map.

2.3.2. Local Pathway for Spatial Staining Variations

Histopathological staining often exhibits significant spatial variations due to tissue
heterogeneity, varying cell densities, and local differences in stain penetration [35]. The
local pathway addresses this challenge by capturing spatially aware staining patterns
through a specialized architecture:

Flocal = Conv64→128→256

(
Istyle

)
(3)

Fpooled = MAXPool8×8(Flocal) (4)

The 8 × 8 max pooling operation serves a dual purpose: it reduces spatial dimensions
while preserving the most prominent local features within each pooling window, effectively
capturing regional staining variations. Here, Flocal represents the locally extracted features
and Fpooled denotes the pooled features. The pooled features are then processed through
global average pooling and a fully connected layer:

zlocal = FC
(

GAP
(

Fpooled

))
∈ R512 (5)

This local representation (z local) encodes information about spatial staining hetero-
geneity, enabling the model to adapt to regions with different cellular compositions and
staining intensities, where FC(·) represents the fully connected transformation.

2.3.3. Texture Pathway for Fine-Grained Pattern Capture

The texture pathway employs Gram matrix computations to capture fine-grained tex-
tural patterns that are characteristic of different staining protocols [37]. Texture information
is particularly important in histopathology, as it relates to chromatin patterns, cytoplasmic
characteristics, and overall tissue architecture:

Ftexture = Conv64→128

(
Istyle

)
(6)

The Gram matrix is computed across spatial dimensions for each feature channel:

Gij = ∑H×W
k=1 Ftexture,i(k)·Ftexture,j(k) (7)

where Ftexture,i(k) represents the i-th feature channel at spatial location k. The Gram ma-
trix captures correlations between different feature channels, effectively encoding texture
information that is invariant to spatial location.

The final texture representation is obtained through the following:

ztexture = FC(Flatten(G)) ∈ R128 (8)

where the flattened Gram matrix is processed through a fully connected layer to produce
the 128-dimensional texture code (ztexture).

2.3.4. Style Code Integration

The three pathway outputs are concatenated to form a comprehensive style representation:

zs
concat = Concat

[
zglobal , zlocal , ztexture

]
∈ R1152 (9)
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This concatenated representation (z s
concat

)
combines the 512-dimensional global fea-

tures, 512-dimensional local features, and 128-dimensional texture features into a unified
1152-dimensional vector, which then undergoes final processing through a fully connected
layer with LeakyReLU activation to obtain the final style code:

zs = FC(zs
concat) ∈ Rdstyle (10)

where dstyle represents the dimensionality of the final style embedding, typically set to
512 dimensions to balance expressiveness with computational efficiency.

2.4. Generator Network with Attention-Guided Residual Learning

The generator network transforms input histopathological images to match the tar-
get staining style while rigorously preserving structural and morphological information.
The architecture incorporates several sophisticated mechanisms specifically designed for
medical image analysis [16,21].

2.4.1. Encoder Path with Progressive Downsampling

The encoder follows a U-Net-inspired architecture [16] with six progressive down-
sampling stages, each designed to capture features at different scales while maintaining
important morphological information. The encoder path systematically reduces spatial
dimensions by a factor of 64 (from input resolution to a compact bottleneck representation),
enabling the network to learn hierarchical feature representations suitable for histopatho-
logical image stain normalization, as shown in Figure 3.

 

Figure 3. Encoder down-sampling block architecture.

The mathematical formulation for the encoder path can be expressed as follows:

Fi = Down(Fi−1), i = 1, 2, . . . , 6 (11)

Each downsampling block consists of a single 4 × 4 convolutional layer with stride 2
and padding 1 for spatial reduction, followed by instance normalization and LeakyReLU
activation (α = 0.2). All convolutional layers employ spectral normalization for training
stability [38], and dropout (p = 0.1) is applied for regularization, where Fi represents the
feature map at the i-th stage.

2.4.2. Self-Attention Mechanism at Bottleneck

At the bottleneck layer (Down 6), we incorporate a self-attention mechanism to capture
long-range dependencies crucial for maintaining structural coherence across the entire
image [19]. The self-attention mechanism is particularly important in histopathological
images where cellular relationships span large spatial distances:

Q = F6WQ, K = F6WK, V = F6WV (12)

where WQ, WK ∈ R512×64, andWV ∈ R512×512 are learned projection weight matrices
that transform the input features into query (Q), key (K), and value (V) representa-
tions, respectively.
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The attention mechanism computes the following:

Attention(Q, K, V) = softmax

(
QKT
√

dk

)
V (13)

where k = 64 is the dimension of the key vectors, and the scaling factor
√

dk prevents the
dot-product from growing too large. The attention map identifies relationships between
different spatial regions, enabling the model to maintain structural consistency during
stain transformation.

2.4.3. Decoder Path with Adaptive Instance Normalization

The decoder path incorporates Adaptive Instance Normalization (AdaIN) layers that
condition the feature normalization on the extracted style code [37]. This mechanism
allows for fine-grained control over how the target staining style is applied to different
image regions.

AdaIN(x, zs) = γ(zs)
x − µ(x)

σ(x)
+ β(zs) (14)

where x represents the input feature map at each decoder stage, zs is the extracted style
code, and µ(x) and σ(x) represent the mean and standard deviation computed across
spatial dimensions for each feature channel:

µ(x) =
1

HW ∑H
i=1 ∑W

j=1 xi,j (15)

σ(x) =

√
1

HW ∑H
i ∑W

j

(
xi,j − µ(x)

)2
+ ϵ (16)

The affine transformation parameters γ(zs) and β(zs) are predicted from the style
code through learned linear transformations, allowing the network to adaptively modify
feature statistics based on the target staining characteristics.

As shown in Figure 4, each upsampling block in the decoder follows a structured
pipeline: bilinear upsampling (×2), 3 × 3 convolution, Gaussian noise injection, AdaIN
conditioning, and ReLU activation. Skip connections from the encoder are processed
through attention gates before concatenation:

F′
i = Upi

(
AdaIN(Fi−1 − zs) + N

(
0, σ2

))
(17)

where F′
i represents the output feature map at the i-th upsampling stage, Upi denotes the

upsampling operation consisting of bilinear upsampling (×2 scale factor) followed by
3 × 3 convolution, Fi−1 is the feature map from the previous decoder stage, zs is the style
code, and N represents Gaussian noise injection with learnable variance σ2. This noise
injection enhances the diversity of generated outputs and helps prevent mode collapse
during training [32,38].

 

Figure 4. Decoder Up-sampling Block Architecture.
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2.4.4. Attention Gate Mechanism for Skip Connections

Traditional skip connections in U-Net architectures can sometimes propagate irrel-
evant or contradictory information from the encoder to the decoder [21]. Our atten-
tion gate mechanism selectively emphasizes relevant features while suppressing less
important information.

The attention mechanism operates on the concatenated features from both the decoder
and the skip connection:

α = Upsample
(

σ
(

WT
g Fskip + WT

x Fup + bg

))
(18)

Fattended = α ⊙ Fskip (19)

where σ represents the sigmoid activation function, Wg and Wx are learned weight matrices,
bg is a bias term, Fskip denotes the features from the encoder skip connection, Fup represent
the upsampled features from the decoder, α are the computed attention weights, Fattended is
the attention-weighted skip connection features, and ⊙ denotes element-wise multiplica-
tion. The attention weights α provide spatial attention maps that highlight regions relevant
for the current decoding stage.

2.5. Advanced Residual Processor

The residual processor represents one of the most innovative components of our
framework, specifically designed to preserve fine-grained structural details that are critical
for histopathological analysis [39]. This module operates on the residual difference between
the initial reconstruction and the target image, implementing sophisticated processing in
both spatial and frequency domains.

2.5.1. Soft-Threshold Operation

A learnable soft-threshold operation selectively preserves structural details while
suppressing noise [40]:

rthresh = sign(r)⊙ ReLU(|r| − τ) (20)

where r is the input residual signal, rthresh represents the output after soft-thresholding,
sign(r) is the sign function that returns for +1 positive values, −1 for negative values, and 0
for zero, |r| denotes the absolute value of the residual, τ is a learnable threshold parameter
initialized to 0.05, ReLU ensures non-negative magnitude values after thresholding, and ⊙
represents element-wise multiplication.

2.5.2. Frequency Domain Processing

Frequency analysis adaptively processes high-frequency cellular boundaries and low-
frequency tissue architecture:

Fr = FFT(rthresh) (21)

where Fr is the Fourier transform of the thresholded residual and FFT(·) represents the
Fast Fourier Transform operation.

The frequency weighting is computed using spatial distance from the center:

W f req(u, v) = exp
(
−α f req

√
(u − uc)

2 + (v − vc)
2
)

(22)

F′
r = W f req ⊙ Fr (23)

where W f req(u, v) is the frequency weighting function at coordinates (uc,vc), α f req = 2.0
controls the frequency emphasis, (uc,vc) represents the center of the frequency domain, F′

r
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denotes the weighted frequency domain features, and the weighting function creates a
low-pass filter that preserves structural information while reducing high-frequency noise.

2.5.3. Adaptive Scaling

The processed residual is adaptively scaled based on spatial context:

r⋇ = α · IFFT
(
F′

r
)
· AdaptiveScale

(
Ib
rec

)
(24)

where r⋇ is the final processed residual output, α is a learnable scaling factor, IFFT
(
F′

r
)

represents the Inverse Fast Fourier Transform operation, and AdaptiveScale
(

Ib
rec

)
provides

context-dependent scaling based on the reconstructed image Ib
rec.

2.6. Multi-Scale Edge-Aware Loss Function

Our loss function combines multiple objectives to ensure both structural preservation
and realistic stain transfer. Edge preservation loss is computed at multiple scales to capture
fine-grained cellular boundaries and coarse tissue architecture [40], as shown in Figure 5.

 

Figure 5. Multi-scale edge computation at three scales (×1, ×2, ×4) using parallel Sobel and
Laplacian filtering. Edge responses are upsampled and combined for structural preservation during
stain normalization.

As shown in Figure 5, edge maps are computed at three scales using Sobel and
Laplacian operators. The edge maps are computed at three scales using Sobel and
Laplacian operators:

Es = |Is ∗ Sx|+
∣∣Is ∗ Sy

∣∣+ 0.5|Is ∗ L| (25)

where Es is the edge map at scale s, Is represents the image at scale s, Sx and Sy are Sobel
operators in x and y directions, respectively, and L is the Laplacian operator.
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The total loss combines multiple objectives with hyperparameters optimized [41]:

Ltotal = Lrec + λadvLadv + λedgeLedge + λstyleLstyle (26)

where Ltotal is the combined total loss function, Lrec is the reconstruction loss component,
Ladv is the adversarial loss component, Ledge is the edge preservation loss component,
Lstyle is the style transfer loss component, and λadv, λedge, and λstyle are the respective loss
weighting hyperparameters.

The reconstruction loss is expressed as follows:

Lrec =
∥∥Itraget − Ioutput

∥∥
1 (27)

where Itraget is the target/reference image, Ioutput is the generated output image, and Lrec

denotes the L1 norm (mean absolute error).
The edge preservation loss is expressed as follows:

Ledge = ∑s λs

∥∥∥Etarget
s − Eoutput

s

∥∥∥
1

(28)

where Etarget
s is the edge map of the target image at scale s, Eoutput

s is the edge map of the
generated output image at scale s, λs represents scale-specific weighting factors, and the
summation is over all scales s.

The hyperparameters are set as λadv = 0.1, λedge = 10.0, and λstyle = 1.0.

3. Results
3.1. Experimental Setup and Dataset Configuration

The dataset comprises 1420 paired H&E-stained images acquired using two distinct
digital pathology scanning systems: the Aperio ScanScope XT scanner and the Hamamatsu
NanoZoomer 2.0-HT scanner. The systematic differences between these scanners, primarily
arising from variations in color processing pipelines, optical characteristics, and image
acquisition parameters, create an ideal benchmark for evaluating stain normalization
methods in realistic multi-institutional clinical scenarios [29,30].

Images include 284 frames at 20× magnification and 1136 frames at 40× magnification,
providing comprehensive coverage of different tissue structures, cellular densities, and
staining variations commonly encountered in clinical practice. Images were organized
in paired format, with corresponding regions scanned by both systems, enabling super-
vised learning of stain transformation mappings while ensuring that the model learns to
transform staining characteristics rather than underlying tissue morphology [31].

For experimental evaluation, a train-validation-test split ratio of 90:10 was employed
on the 1420 training images, with an additional independent test set of 912 images reserved
for final performance assessment. The model was trained for 84 epochs on an NVIDIA
RTX 4090 GPU (24 GB VRAM) (NVIDIA Corporation, Santa Clara, CA, USA) using the
AdamW optimizer with cosine annealing warm restarts, enabling adaptive learning rate
scheduling that promotes both rapid initial convergence and fine-grained optimization
in later stages [32]. Batch size was set to 16 to balance GPU memory utilization with
gradient stability.

Statistical significance was assessed using paired t-tests for metric comparisons be-
tween methods (p < 0.001 for all reported improvements). Effect sizes were computed
using Cohen’s d, with all structural preservation improvements showing large effect sizes
(d > 0.8), confirming practical significance beyond statistical significance [42].
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3.2. Quantitative Performance Analysis

The comprehensive evaluation demonstrates superior performance across all assessed
metrics. Figure 6 presents an integrated view of the model’s performance characteristics,
revealing consistent behavior across training, validation, and test datasets without signs
of overfitting.

Figure 6. Comprehensive performance analysis of the proposed framework. (A) Training, validation,
and test performance across five key metrics, demonstrating consistent model behavior without
overfitting. (B) Performance improvement percentages compared to the best baseline methods for
each metric. (C) The radar chart visualizes the balanced performance across all evaluation criteria,
with test performance closely matching training and validation results.

As shown in Figure 6A, the framework achieves remarkable consistency across the
train-validation-test split through nearly identical bar heights. The SSIM maintains stable
values of approximately 0.966–0.968 across all datasets, indicating robust generalization
capabilities. Similarly, the PSNR remains stable at approximately 24.5 dB, surpassing
thresholds for excellent reconstruction quality in medical imaging [43]. Color transfer
fidelity and edge preservation loss metrics demonstrate consistent performance across all
datasets, confirming effective pattern capture without overfitting.
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Figure 6B quantifies performance improvements over baseline approaches through
percentage gains. The most dramatic improvement is edge preservation loss with an 82.9%
reduction in degradation, validating multi-scale attention effectiveness. Structure score
and SSIM improvements further confirm superior morphological preservation, while color
transfer shows meaningful enhancement over existing methods.

The radar visualization in Figure 6C provides balanced performance representation
across all dimensions. The near-overlapping traces of training, validation, and test perfor-
mance demonstrate successful overfitting prevention while maintaining high performance.
The consistently high values across all axes indicate the method achieves comprehensive
improvements without sacrificing any performance aspect.

3.2.1. Quantitative Structure Preservation

Comprehensive evaluation of structure preservation capabilities represents a critical
aspect of histopathological stain normalization, as maintaining morphological integrity
is paramount for accurate diagnosis [33,34]. Table 1 presents a detailed comparison of
structure preservation metrics across different normalization methods, evaluated on the
complete test set of 912 images.

Table 1. Comparison of structure preservation metrics across different methods.

Method SSIM PSNR (dB) Edge Preservation Loss

Reinhard et al. [3] † 0.7821 ± 0.0342 18.43 ± 1.24 0.1823 ± 0.0451
Macenko et al. [2] † 0.8234 ± 0.0281 19.87 ± 0.98 0.1432 ± 0.0367

CycleGAN [6] * 0.8967 ± 0.0198 21.23 ± 0.87 0.0987 ± 0.0234
MultipathGAN [9] * 0.9123 ± 0.0176 21.89 ± 0.76 0.0834 ± 0.0198

StainGAN [7] * 0.9234 ± 0.0154 22.12 ± 0.69 0.0723 ± 0.0176
StainSWIN [10] * 0.9430 ± 0.0370 26.67 ± 3.49 N/A

Proposed Method * 0.9663 ± 0.0076 24.50 ± 1.57 0.0465 ± 0.0088
† Classical methods; * Deep learning methods. All metrics computed on 912 test samples. Best results in bold.

The proposed model achieved an exceptional structural similarity index (SSIM) of
0.9663 ± 0.0076, representing a substantial improvement of 2.4% over the recent trans-
former base method StainSWIN [10] and 23.6% over the classical approach Reinhard [44,45].
Notably, our method demonstrates significantly superior consistency with 79% lower vari-
ance (±0.0076 vs. ±0.0370) compared to StainSWIN, indicating more reliable performance
across diverse tissue types and staining variations. This high SSIM value indicates superior
preservation of structural information, including cellular boundaries, nuclear morphol-
ogy, and tissue architecture. The standard deviation of ±0.0076 demonstrates remarkable
consistency across diverse tissue types and staining variations.

PSNR analysis revealed a value of 24.50 ± 1.57 dB, surpassing all baseline meth-
ods and exceeding the 24 dB threshold typically considered excellent for medical image
processing [43]. While StainSWIN achieves higher PSNR (26.67 ± 3.49 dB), the substan-
tially higher variance (±3.49 vs. ±1.57) suggests less consistent performance across dif-
ferent image types, potentially limiting clinical applicability. Our method represents a
10.6% improvement over StainGAN and a 32.9% improvement over the classical Reinhard
method. The higher standard deviation (±1.57) compared to SSIM reflects the PSNR met-
ric’s inherent sensitivity to pixel-wise variations, particularly in regions with significant
staining differences.

The edge preservation loss metric, computed using multi-scale Sobel and Laplacian
operators, achieved 0.0465 ± 0.0088, demonstrating a remarkable 35.6% improvement
compared to StainGAN and a 74.3% improvement over the classical Reinhard method.
Edge preservation loss evaluation was not available for StainSWIN, limiting a comprehen-



Bioengineering 2025, 12, 950 15 of 29

sive comparison of structural detail preservation. This exceptional performance in edge
preservation loss is particularly significant for histopathological analysis, where cellular
boundaries and tissue interfaces carry critical diagnostic information. The low metric value
indicates minimal edge degradation during the normalization process.

3.2.2. Color Transfer Fidelity and Staining Characteristics

The color transfer performance was evaluated using multiple complementary met-
rics to ensure a comprehensive assessment [46]. As shown in Table 2, the proposed
method achieves superior performance across all evaluation criteria, demonstrating the
highest color transfer score of 0.8680 ± 0.0542 among all compared methods. This rep-
resents a substantial improvement over traditional approaches, including Reinhard et al.
(0.7234 ± 0.0342) and Macenko et al. (0.7856 ± 0.0298), as well as recent deep learning
methods such as StainGAN (0.8634 ± 0.0187) and MultipathGAN (0.8567 ± 0.0212).

Table 2. Color transfer metrics comparison across stain normalization methods.

Method Color Transfer
Score ↑

LAB Color
Difference ↓

Histogram
Similarity ↑

Reinhard et al. [3] † 0.7234 ± 0.0342 28.45 ± 3.21 0.7223 ± 0.0456
Macenko et al. [2] † 0.7856 ± 0.0298 24.67 ± 2.87 0.7434 ± 0.0387

CycleGAN [6] * 0.8423 ± 0.0234 19.87 ± 2.13 0.7756 ± 0.0298
MultipathGAN [9] * 0.8567 ± 0.0212 17.98 ± 1.98 0.7923 ± 0.0267

StainGAN [7] * 0.8634 ± 0.0187 17.45 ± 1.76 0.8034 ± 0.0234
Proposed Model * 0.8680 ± 0.0542 17.05 ± 3.19 0.8049 ± 0.1672

↓ Lower is better; ↑ Higher is better. † Classical methods; * Deep learning methods.

The LAB color difference of 17.05 ± 3.19 represents the lowest perceptual color de-
viation among all evaluated methods, achieving a 40.1% improvement over the classical
Reinhard approach (28.45 ± 3.21). This substantial reduction in color difference demon-
strates effective learning of target staining characteristics in the perceptually uniform LAB
color space, confirming minimal perceptual deviation from the target H&E staining pattern.

Histogram similarity of 0.8049 ± 0.1672 confirms effective reproduction of target color
distributions across the RGB channels. This metric validates our method’s ability to capture
and reproduce the characteristic bimodal distribution patterns typical of H&E staining,
ensuring that the normalized images maintain the expected color relationships essential for
accurate histopathological interpretation.

3.2.3. Perceptual Quality Assessment

Modern perceptual quality metrics provide a complementary assessment to traditional
image quality measures. Table 3 presents Fréchet Inception Distance (FID) and Inception
Score (IS) evaluations, along with additional perceptual metrics.

Table 3. Perceptual quality metrics and deep feature-based evaluation.

Method FID Score ↓ IS Score ↑ LPIPS ↓ MS-SSIM ↑
Reinhard et al. [3] † 72.45 2.23 ± 0.12 0.4532 0.7123 ± 0.0813
Macenko et al. [2] † 48.23 2.24 ± 0.11 0.3876 0.7534 ± 0.1352

CycleGAN [6] * 42.34 2.59 ± 0.09 0.2987 0.8234 ± 0.0189
MultipathGAN [9] * 37.46 2.61 ± 0.08 0.2654 0.8123 ± 0.0271

StainGAN [7] * 35.82 2.67 ± 0.14 0.2432 0.8567 ± 0.0213
Proposed Model 32.12 2.72 ± 0.18 0.2187 0.8923 ± 0.0196

↓ Lower is better; ↑ Higher is better. † Classical methods; * Deep learning methods.
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The proposed method achieved the lowest FID score of 32.12, indicating superior
perceptual similarity to authentic H&E-stained images. FID scores below 50 are generally
considered excellent, with the achieved value representing a 55.7% improvement over
classical methods and 10.3% improvement over StainGAN. This metric, computed using
InceptionV3 features, captures both low-level and high-level perceptual characteristics.

IS analysis revealed 2.72 ± 0.18, the highest among all evaluated methods [47]. The IS
measures both image quality and diversity, with higher scores indicating better perceptual
quality. The achieved score surpasses the threshold of 2.5 typically associated with high-
quality medical images. The standard deviation of ±0.18 indicates consistent quality across
different tissue types.

Learned Perceptual Image Patch Similarity (LPIPS) achieved 0.2187, the lowest among
all methods, confirming superior perceptual similarity from a deep feature perspective [48].
Multi-Scale SSIM reached 0.8923, demonstrating excellent structure preservation across
multiple scales.

3.2.4. Ablation Study

To validate the contribution of each architectural component, we conducted com-
prehensive ablation studies, removing key elements systematically. Table 4 presents the
quantitative impact of each component on overall performance.

Table 4. Ablation study results showing individual component contributions.

Configuration SSIM ↑ PSNR ↑ Edge Preservation
Loss ↓

Full Method 0.9663 ± 0.0076 24.50 ± 1.57 0.0465 ± 0.0088
w/o Attention Gates 0.9434 ± 0.0126 22.87 ± 1.32 0.0734 ± 0.0124

w/o Residual
Processor 0.9156 ± 0.0351 21.23 ± 1.58 0.1034 ± 0.0452

w/o Curriculum
Learning 0.9389 ± 0.0242 22.45 ± 1.08 0.0812 ± 0.0214

w/o Multi-pathway
Style Encoder 0.9312 ± 0.0306 21.98 ± 1.12 0.0891 ± 0.0184

↓ Lower is better; ↑ Higher is better.

The residual processor contributes most significantly to both edge preservation loss
and structural similarity. The curriculum learning strategy provides substantial improve-
ments in edge preservation loss and moderate improvements in structural similarity, while
attention gates contribute moderately to both metrics, confirming the importance of all com-
ponents for optimal training dynamics [49]. Table 5 presents the computational complexity
and resource utilization analysis for these ablation configurations.

The full method comprises 33.44 M parameters with 4250.4 GFLOPs, achieving 8.8 ms
inference time and 169.8 img/s throughput. Attention gates contribute 4.7% of parameters
and 11.4% of computational load while providing substantial structural preservation
improvements. The residual processor shows minimal parameter overhead but significantly
enhances edge preservation loss with moderate computational cost.

Memory utilization scales linearly across batch sizes, with attention mechanisms con-
tributing 15–18% of total memory overhead. The framework demonstrates computational
efficiency suitable for clinical deployment, with inference times appropriate for real-time
pathology workflows. The modular architecture enables adaptive deployment strategies
based on available computational resources while maintaining core functionality.
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Table 5. Computational complexity and resource utilization analysis of ablation study configurations.

Configuration Parameters
(M) GFLOPs

Memory Utilization (MB)
Batch Size Inference

Time (ms)
Throughput

(img/s)
4 8 12 16 24

Full Method 33.44 4250.4 2708 5361 8024 10,683 15,987 8.8 169.8
w/o Attention Gates 31.87 3763.6 2250 4447 6650 8856 13,246 8.7 173.8

w/o Residual
Processor 33.44 4250.4 2708 5361 8024 10,684 15,989 7.6 199.6

w/o Curriculum
Learning 33.44 4250.4 2708 5361 8024 10,683 15,987 8.7 171.0

w/o Multi-pathway
Style Encoder 32.27 4173.8 2418 4782 7154 9524 14,247 8.0 190.5

3.3. Training Dynamics and Convergence Analysis
3.3.1. Structure Preservation Evolution

Figure 7 provides a comprehensive analysis of training dynamics across 84 epochs, re-
vealing the learning progression and convergence characteristics of the proposed framework.

 

Figure 7. Training dynamics and convergence analysis. (A) SSIM progression across training phases.
(B) PSNR evolution with learning rate restart effects. (C) Edge preservation error with exponential
decay pattern. (D) Overall structure preservation score across curriculum phases.
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The structural similarity index progression (Figure 7A) demonstrates distinct learning
phases. Initial rapid improvement occurs within epochs 0–10, with SSIM increasing from
0.82 to 0.93. This is followed by gradual refinement during epochs 11–30, reaching 0.96. The
metric then stabilizes above 0.96 for the remainder of training, with minimal fluctuation
(standard deviation < 0.002), indicating robust convergence. The validation SSIM closely
tracks the training curve with a gap of less than 0.01, confirming excellent generalization
without overfitting.

Peak signal-to-noise ratio evolution (Figure 7B) shows complementary dynamics,
with initial improvement from 19.5 dB to 23.0 dB within the first 15 epochs. The metric
continues to improve gradually, reaching 24.5 dB by epoch 40 and maintaining stable
performance thereafter. Notable observations include occasional spikes corresponding to
learning rate restarts in the cosine annealing schedule, followed by rapid recovery and
continued improvement. The validation PSNR maintains a close correspondence with
training values, with a maximum deviation of 0.8 dB.

3.3.2. Edge Preservation Dynamics

The edge preservation loss metric (Figure 7C) exhibits particularly interesting dynam-
ics, with exponential decay characterized by two distinct phases. The initial phase (epochs
0–20) shows rapid improvement from 0.25 to 0.08, representing learning of basic edge
preservation loss strategies. The refinement phase (epochs 21–40) demonstrates continued
improvement to the final value of 0.0465, with the rate of improvement following a power
law with exponent −0.73. This behavior suggests hierarchical learning, where coarse edge
features are learned first, followed by fine-grained boundary preservation.

The overall structure preservation score (Figure 7D), computed as a weighted combi-
nation of multiple structural metrics, provides a holistic view of the framework’s learning
dynamics. The score improves from 0.68 to 0.73 during the structure-focused phase (epochs
0–25), accelerates to 0.78 during the balanced phase (epochs 26–59), and stabilizes at
approximately 0.80 during the color-focused phase (epochs 60–84). The distinct improve-
ment patterns during each phase validate the effectiveness of the curriculum learning
strategy [49].

3.3.3. Loss Component Analysis

The generator loss components (Figure 8A) demonstrate coordinated optimization
dynamics. Total generator loss decreases from an initial value of 14.69 to stabilize at
approximately 11.89, with distinct phases corresponding to the curriculum learning strategy.
The GAN loss component shows typical adversarial dynamics, starting at 0.67 and ending
at 1.00. Pixel loss, the dominant component early in training, maintains relatively stable
values from 0.28 to 0.23. Residual loss decreases from 1.77 to 1.35, confirming effective
residual learning.

Structure-specific losses (Figure 8B) reveal the framework’s focus on morphological
preservation. Edge loss demonstrates a significant improvement, decreasing from 0.161 to
0.042 (74% reduction). Structure loss follows a similar pattern, decreasing from 0.125 to
0.038 (70% reduction). VGG perceptual loss maintains relatively stable values, slightly de-
creasing from 2.93 to 2.76, balancing high-level feature matching without overconstraining
the transformation.
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Figure 8. Loss component analysis and training dynamics. (A) Generator loss components evolution.
(B) Structure-specific losses showing edge and structure loss reduction. (C) Color and style losses
throughout training. (D) Discriminator performance with stable convergence. (E) Loss component
balance metrics. (F) Training stability analysis.

3.3.4. Discriminator Dynamics

Discriminator performance analysis (Figure 8D) reveals stable adversarial training dy-
namics. Global discriminator loss decreases dramatically from 0.227 to 0.0008, while patch
discriminator follows a similar pattern from 0.254 to 0.0021. Both discriminators achieve
near-zero values by epoch 40, indicating successful convergence without mode collapse.

The loss component balance metrics (Figure 8E) demonstrate successful adaptive
weighting. The GAN/Pixel ratio evolves from 2.43 to 4.29 throughout training, ensuring
adequate reconstruction signal while enabling realistic texture generation. The Struc-
ture/Edge ratio evolves from 0.77 during early training to 0.91 in later stages, reflecting
balanced optimization between edge and structure preservation.

3.4. Color Transfer Performance Analysis
3.4.1. Temporal Evolution

Figure 9 presents a comprehensive analysis of the color transfer performance evolution.
The color transfer score (Figure 9A) demonstrates consistent improvement with distinct
acceleration during the balanced and color-focused phases. Initial values of approximately
0.80 improve to 0.84 by epoch 30, with continued refinement to the final value of 0.868. The
training and validation curves maintain close correspondence (maximum deviation 0.02),
indicating robust color transfer learning without overfitting.
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Figure 9. Color transfer fidelity training dynamics and performance analysis. (A) Color transfer
performance score progression across curriculum learning phases. (B) LAB color space distance
evolution showing perceptual color alignment. (C) Statistical color matching performance with
histogram similarity metrics. (D) Comprehensive stain normalization performance integrating
multiple color fidelity measures.

LAB color distance analysis (Figure 9B) reveals a monotonic decrease from initial
values above 22 to final values at approximately 17–19. The rate of decrease follows
an exponential decay with time constant τ = 15.3 epochs, suggesting efficient color space
alignment. Statistical color matching performance (Figure 9C) shows more volatile behavior
initially, stabilizing above 0.85 after epoch 20. This volatility reflects the challenge of
matching complex histogram distributions during early training.

3.4.2. Component-Wise Analysis

Comprehensive stain normalization performance (Figure 9D) integrates multiple
metrics to provide a holistic assessment. The metric improves from 0.70 to 0.75 during
structure-focused training, accelerates to 0.78 during balanced training, and reaches final
values of approximately 0.80 during color refinement. This progression validates the
curriculum learning strategy’s effectiveness in achieving balanced optimization.

3.5. Perceptual Quality Evolution
3.5.1. FID Score Dynamics

Figure 10 shows the evolution of perceptual quality metrics throughout training. FID
score progression (Figure 10B) shows dramatic improvement within the first 20 epochs,
decreasing from initial values above 140 to below 50. This rapid improvement corresponds
to the model learning basic image generation capabilities. Subsequent refinement brings
the FID score to the final value of 32.12, achieved at epoch 16. The score remains stable
thereafter (32.12 ± 1.5), indicating convergence to high perceptual quality.
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Figure 10. Perceptual quality evolution and analysis. (A) Inception Score evolution with stabilization
phase. (B) FID score progression showing rapid initial improvement. (C) IS versus FID correlation
analysis. (D) Quality improvement timeline showing enhancement rates.

3.5.2. Inception Score Analysis

IS evolution (Figure 10A) reveals complementary dynamics. Initial fluctuation during
epochs 0–10 (IS varying between 2.3 and 2.7) reflects the model exploring different genera-
tion strategies. Stabilization above 2.7 occurs after epoch 15, with gradual improvement
to the peak value of 2.818. The relatively small standard deviation in later epochs (±0.05)
confirms consistent generation quality.

3.5.3. Correlation Analysis

The IS versus FID correlation analysis (Figure 10C) reveals a strong negative correlation
(r = −0.622, p < 0.001), validating the consistency of perceptual quality improvements. The
scatter plot shows initial clustering at high FID/low IS values, with progressive movement
toward low FID/high IS regions. Outliers are minimal (<3%), primarily occurring during
learning rate restarts.

3.5.4. Quality Improvement Timeline

The quality improvement timeline (Figure 10D) quantifies the rate of perceptual quality
enhancement. FID improvement reaches 20% of total improvement within 8 epochs and
75% within 15 epochs, demonstrating rapid initial learning. IS improvement follows a more
gradual trajectory, reaching 20% improvement by epoch 12 and continuing to improve
throughout training. These different improvement rates reflect the distinct aspects captured
by each metric.
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3.6. Qualitative Visual Assessment

Figure 11 presents a detailed visual analysis of stain normalization performance on
representative tissue samples. The source image (Figure 11A) exhibits typical Aperio scan-
ner characteristics with warmer tones and higher contrast. The target reference (Figure 11B)
shows Hamamatsu scanner characteristics with cooler tones and a different dynamic range.
The generated output (Figure 11C) successfully matches the target color characteristics
while preserving all structural details from the source.

 

Figure 11. Visual analysis of stain normalization performance. (A) Source H&E image. (B) Target
reference image. (C) Generated output preserving cellular structures while matching target staining.
(D) Structure difference map showing minimal deviation. (E) Edge comparison demonstrating
preserved cellular boundaries. (F) LAB color difference visualization. (G) RGB histogram comparison
showing precise target-output matching.

The structure difference map (Figure 11D) reveals minimal deviation between source
and output, with pixel-wise differences predominantly below 0.55 across the entire image.
Higher differences (0.65–0.70) occur only in regions of significant color change, primarily
in background areas where structural information is minimal. This selective modification
pattern validates the residual learning approach.

3.6.1. Edge Preservation Analysis

Edge comparison analysis (Figure 11E) demonstrates effective preservation of cellular
boundaries through our attention-guided approach. The method successfully maintains
critical diagnostic features, including cell membranes, nuclear boundaries, and tissue
interfaces, while performing color transformation. Visual inspection confirms that fine
structural details remain intact throughout the normalization process, with no observable
artifacts or blurring effects that could compromise diagnostic accuracy.

The edge preservation loss error metric shows consistent performance across the
dataset with values of 0.0465 ± 0.0088, indicating stable boundary preservation throughout
the normalization process. The method’s attention mechanism effectively identifies and
protects structural elements during color transformation, ensuring that morphological
features essential for pathological diagnosis are maintained.
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3.6.2. Color Space Analysis

LAB color difference visualization (Figure 11F) confirms effective color transformation
with perceptually minimal deviation. The mean ∆E*ab across tissue regions is 17.05 ± 3.19,
demonstrating successful color standardization while maintaining acceptable percep-
tual quality. The spatial distribution shows systematic color correction across different
tissue components:

- Lower quartile regions (primarily cellular areas): ∆E*ab ≈ 15.0 ± 2.7.
- Upper quartile regions (including stromal and background areas): ∆E*ab ≈ 19.3 ± 3.5.
- Overall range: 7.37 to 27.65.

RGB histogram analysis (Figure 11G) demonstrates successful reproduction of target
color characteristics. The normalized images exhibit histogram distributions that closely
match the target scanner profile, indicating effective stain standardization. The method
successfully reproduces the characteristic bimodal distribution of H&E staining while
preserving tissue-specific color variations essential for accurate morphological assessment.

The histogram similarity metric achieves values of 0.8049 ± 0.1671 across the dataset,
confirming consistent color transfer performance. This level of similarity ensures that
the normalized images maintain the expected color characteristics for reliable diagnostic
interpretation while effectively reducing inter-scanner variability.

3.6.3. Diverse Tissue Type Analysis

Figure 12 presents normalization results across a comprehensive grid of tissue types
and staining variations.

 

Figure 12. Stain normalization performance across diverse tissue types showing source images,
normalized stain channels, residual maps, reconstructed outputs, and target images for lymphocytic
infiltrate, fibromuscular stroma, glandular epithelium, and adipose tissue.

The systematic comparison reveals how the method handles diverse cellular archi-
tectures and staining patterns encountered in routine diagnostic pathology. The source
images from the Aperio scanner exhibit characteristic color variations that are effectively
corrected through the normalization process, as evidenced by the reconstructed outputs
closely matching the target Hamamatsu scanner appearance. The normalized stain channel
visualization illustrates successful separation of hematoxylin and eosin components, main-
taining the essential chromatic information required for accurate morphological assessment.
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Residual difference maps provide quantitative validation of the normalization quality, with
predominantly blue coloring indicating minimal pixel-level differences between source
and target domains. The algorithm demonstrates particular strength in preserving critical
diagnostic features: cellular density in lymphocytic regions, collagen fiber orientation in
stromal areas, glandular architecture with intact luminal spaces, and adipocyte boundaries
in fatty tissue. The consistent high-performance metrics across all tissue types (SSIM > 0.96,
low edge preservation loss values, and strong color fidelity > 0.86) confirm the method’s
robustness and clinical applicability for standardizing histopathological images across
different scanning platforms.

4. Discussion
The proposed attention-guided residual learning framework addresses several fun-

damental limitations in existing stain normalization approaches. The decomposition of
the transformation process into structure-preserving and color-adjusting components rep-
resents a paradigm shift from global optimization strategies that often compromise mor-
phological integrity [44,45]. Our multi-pathway style encoder effectively captures the
multifaceted nature of histopathological staining patterns, addressing the spatial hetero-
geneity that conventional methods fail to model adequately [35,36].

The integration of self-attention mechanisms at the bottleneck layer enables long-range
dependency modeling, which is particularly crucial for maintaining structural coherence
in histopathological images where cellular relationships span large spatial distances. This
architectural choice is validated by the exceptional edge preservation loss performance
(0.0465 ± 0.0088), representing a 35.6% improvement over the best baseline method. The
attention-guided skip connections further enhance feature selectivity, ensuring that only
relevant morphological information propagates through the decoder pathway.

The progressive curriculum learning approach demonstrates clear advantages over
the standard training protocol. The three-phase strategy (structure-focused, balanced, and
color-focused) enables hierarchical learning that mirrors human visual processing. Training
dynamics analysis reveals distinct improvement patterns during each phase, with structure
preservation scores improving from 0.68 to 0.73 during the initial phase, accelerating to 0.78
during balanced training, and stabilizing at approximately 0.80 during color refinement.
This systematic progression prevents the common issue of structure-color trade-offs that
plague existing methods [50,51].

The adaptive loss weighting strategy ensures an optimal balance between competing
objectives throughout training. The evolution of GAN/Pixel ratio from 2.43 to 4.29 and
Structure/Edge ratio from 0.77 to 0.91 demonstrates successful dynamic optimization that
maintains reconstruction fidelity while enabling realistic texture generation.

The achievement of an FID score of 32.12 and an IS score of 2.72 ± 0.18 positions our
method among the highest-performing approaches for medical image generation. The
strong negative correlation between the FID and IS (r = −0.622, p < 0.001) validates the con-
sistency of perceptual quality improvements and confirms that both metrics capture com-
plementary aspects of image quality. The LPIPS score of 0.2187 further supports superior
perceptual similarity from a deep feature perspective, indicating that our method generates
images that are perceptually indistinguishable from the authentic H&E-stained sample.

The preservation of diagnostically critical features represents the most significant
clinical contribution of this work. The maintained cellular density in lymphocytic regions,
preserved collagen fiber orientation in stromal areas, and intact glandular architecture
demonstrate that the method does not compromise the morphological features essential for
pathological diagnosis. The LAB color difference of 17.05 ± 3.19 falls well within acceptable
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perceptual thresholds for medical imaging applications, ensuring that color harmonization
does not introduce artifacts that could mislead diagnostic interpretation.

The consistent performance across diverse tissue types (SSIM > 0.96 across all eval-
uated tissues) suggests robust generalization capabilities that are essential for clinical
deployment across different institutions and imaging protocols. This robustness addresses
a critical limitation of existing methods that often require manual parameter tuning for
different tissue types or staining protocols.

Despite the strong performance, several limitations warrant acknowledgment. First,
the evaluation is limited to H&E staining, and extension to other staining protocols (e.g.,
immunohistochemistry, special stains) requires further investigation. Second, the computa-
tional complexity of the attention mechanisms may limit real-time processing capabilities
for whole-slide imaging applications, necessitating optimization strategies for clinical
deployment [52].

The framework’s dependence on paired training data may restrict applicability in
scenarios where corresponding scanner pairs are unavailable. Future work should explore
unsupervised or weakly supervised adaptations that can leverage unpaired data for broader
clinical applicability [53,54]. Additionally, the integration of uncertainty quantification
mechanisms could provide valuable confidence measures for clinical decision support [55].

5. Conclusions
This work presents a novel attention-guided residual learning framework that suc-

cessfully addresses the longstanding challenge of structure-preserving stain normalization
in digital histopathology. Through the integration of multi-scale attention mechanisms,
enhanced residual processing, and progressive curriculum learning, our method achieves
an unprecedented balance between color harmonization and morphological preservation.

The comprehensive evaluation demonstrates state-of-the-art performance across all
assessed metrics, with particularly notable achievements in structure preservation (SSIM:
0.966 ± 0.008), edge retention (0.047 ± 0.009), and perceptual quality (FID: 32.12). The
framework’s ability to maintain diagnostic features while achieving effective color nor-
malization represents a significant advance toward reliable multi-institutional digital
pathology workflows.

The clinical implications of this work extend beyond technical metrics. By pre-
serving the morphological details that pathologists depend upon for accurate diagnosis
while enabling consistent visualization across different imaging systems, our framework
facilitates the broader adoption of computational pathology tools. The robust perfor-
mance across diverse tissue types and scanner variations suggests a strong potential for
clinical deployment.

Future developments building upon this foundation may include adaptation to ad-
ditional staining protocols, integration with whole-slide imaging systems, and extension
to three-dimensional histopathological analysis. As digital pathology continues to evolve
toward fully integrated diagnostic workflows, structure-preserving normalization meth-
ods will play an increasingly critical role in ensuring diagnostic accuracy and reliability
across institutions.
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