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Table 2. Qualitative comparative analysis of different stain normalization methods

Method Source Image 1 Source Image 2

Target Image

Stain Colour Adaptive Normalization

Reinhard

Reinhard GAN

Proposed Reinhard GAN-HSLO
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Table 3. Quantitative comparison analysis of different stain normalization methods

Method SSIM PSNR AMLE AMCE PCC MSE
Stain Colour Adaptive  0.85 30.5 0.35 0.25  0.92 0.015
Normalization

Reinhard Algorithm 0.90 32.0 0.28 0.18 0.94 0.010
Modified Reinhard  0.91 33.2 0.18 0.12 0.95 0.008
Algorithm

Conventional 0.88 31.0 0.20 0.15 0.92 0.012
Reinhard with Fuzzy

Logic

Reinhard GAN (With-  0.92 34.5 0.10 0.08 0.96 0.005
out Optimization)

Proposed Model 0.99 41.0 0.05 0.03  0.98 0.002
(With HSLO

optimization)

SSIM and AMLE Scores for Different Methods

3 ssIM
BN AMLE

Proposed Model (With HSLO optimization)

Reinhard GAN (Without Optimization)

Conventional Reinhard with Fuzzy Logic

Method

Modified Reinhard Algorithm

Reinhard Algorithm

Stain Colour Adaptive Normalization
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Figure 4. Visual comparison of color normalization results across different algorithms. The target image and two source images are
shown alongside outputs from Stain Colour Adaptive Normalization [28], the Reinhard Algorithm, the Modified Reinhard Algorithm, the

Conventional Reinhard Algorithm with Fuzzy Logic, the Reinhard GAN, and the Proposed Model

Table 4. Computing time and accuracy comparison for different methods

Accuracy (%)

Method Computing Time (s)
Stain Colour Adaptive Normaliza- 7.23

tion

Reinhard Algorithm 5.12
Modified Reinhard Algorithm 4.70
Conventional Reinhard with Fuzzy 3.00

Logic

Reinhard GAN 2.50
Proposed Reinhard GAN - HSLO 2.00

88

91
93
90

95
99
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SSIM and AMLE Scores for Different Methods

Proposed Model (With HSLO optimization)

Reinhard GAN (Without Optimization)

Conventional Reinhard with Fuzzy Logic

Method

Modified Reinhard Algorithm

Reinhard Algorithm
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Figure 5. Comparative Analysis of structural Similarity Index Measure (SSIM) and Absolute Mean Color Error (AMCE) for different
Stain Normalization Methods

PSNR (DB) Scores for Different Methods
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Figure 6. Comparative Analysis of Peak Signal to Noise Ratio (PSNR) for different Stain Normalization Methods

approaches and also appropriately reduces cost. The
Proposed Model achieves the highest accuracy of 99%,
with the shortest computing time of 2.0 seconds,
making it the most efficient method in terms of both
performance and speed. The GAN Combined with
Reinhard Algorithm also performs well with 95%
accuracy and a low computing time of 2.5 seconds. The
Modified Reinhard Algorithm provides a good balance
with 93% accuracy and 4.7 seconds of computing time,
while the Reinhard Algorithm offers 91% accuracy in
5.12 seconds. The Conventional Reinhard with Fuzzy
Logic method has an accuracy of 90% with a moderate
computing time of 3.0 seconds, and the Stain Colour
Adaptive Normalization method. However, it has the
highest computing time of 7.23 seconds and achieves

a lower accuracy of 88%, making it the least efficient in
comparison.

Convergence Analysis The Proposed Model demon-
strates the fastest convergence, exhibiting a steep rise in
accuracy throughout the epochs. The GAN Combined
with Reinhard also shows a rapid increase in accuracy,
though it lags slightly behind the proposed model in
terms of convergence speed. In contrast, the Reinhard
Algorithm and Modified R einhard A lgorithm display
a more gradual improvement in accuracy over time.
Finally, the Stain Colour Adaptive Normalization and
Conventional Reinhard with Fuzzy Logic methods show
the slowest rate of accuracy increase, indicating longer
training times to reach optimal performance. The com-
parison analysis of convergence is shown in Figure. 9.
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MSE Scores for Different Methods
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Modified Reinhard Algorithm

Reinhard Algorithm

Stain Colour Adaptive Normalization
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Figure 7. Comparative Analysis of Mean Square Error (MSE) for different Stain Normalization Methods
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Figure 8. Cost Analysis for different Methods illustrating the computational based performance of Stain Normalization

5. Conclusion that the proposed model outperforms traditional and
benchmark techniques with Proposed Model shows the
lowest AMLE (0.05), AMCE (0.03), and MSE (0.002),

indicating minimal errors in color and structure. With

Color normalization is a critical pre-processing tech-
nique for accurate interpretation of Haematoxylin and

Eosin (H and E) stained colorectal cancer histopathol-
ogy images. The proposed method, which integrates
Reinhard normalization with a Generative Adversarial
Network (ReinhardGAN) and utilizes a Hybrid Strate-
gic Light Optimization (HSLO) algorithm, significantly
enhances the consistency, contrast, and luminance of
the images. This novel approach not only improves the
color properties of H and E stained images but also
reduces computational complexity and addresses inter-
variability in background colors, making it more robust
across diverse datasets. The experimental results show

the highest PCC (0.98), it demonstrates strong corre-
lation with the target image. These results emphasize
the model’s superior ability to preserve color consis-
tency and structural integrity, making it the most effec-
tive color normalization method. In addition, proposed
model is outstanding perform in computational and
loss analysis. Extending the model to handle multi-
modal histopathology datasets (e.g., different cancer
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Convergence Curve Comparison for Stain Normalization Methods
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Figure 9. Convergence analysis of different models, illustrating accuracy trends across epochs. The Proposed Model achieves the
fastest convergence, followed by GAN combined with Reinhard, while Reinhard-based methods and fuzzy logic approaches show slower
accuracy improvements over time

types or multi-site collections) would improve its gen-
eralizability. Finally, the integration of real-time pro-
cessing capabilities for clinical applications, along with
further exploration of the potential of unsupervised
learning techniques, could be explored to make the
model more adaptable in clinical workflows.
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