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VISGAB: Virtual staining-driven
GAN benchmarking for optimizing
skin tissue histology
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Hematoxylin and eosin (H&E) staining is time-consuming, costly, hazardous, and prone to technician-
dependent quality variations. This calls for fast, low-cost, and standardized computational
alternatives. Lately, generative adversarial networks (GANs) have shown promising results by
generating virtual stains from unstained tissue sections. However, no prior study has systematically
benchmarked GANs for optimizing skin histology. Moreover, prior evaluations have focused mostly on
the perceptual quality of virtual stains rather than their diagnostic utility. In this paper, we introduce
VISGAB, a virtual staining-driven GAN benchmark. To our knowledge, it is the first to systematically
evaluate and compare common GAN architectures for skin histology. We have also introduced a

novel histology-specific fidelity index (HSFI), which focuses on diagnostic accuracy. VISGAB has been
systematically applied to Cycle Consistent GAN (CycleGAN), Contrastive Unpaired Translation GAN
(CUTGAN), and Dual Contrastive Learning GAN (DCLGAN) using the E-Staining DermaRepo skin
histology dataset. The dataset contains 87 whole-slide images (WSls) of normal, carcinoma, and
inflammatory dermatoses tissues. VISGAB findings identify CycleGAN with superior structural fidelity
(SSIM: 0.93, HSFI: 0.81), diagnostic sufficiency (75% nuclear atypia detection), and Turing test success
(81%), despite higher mean inference time (~1.96 min) and mode collapse risk (~25%). Although
CUTGAN and DCLGAN offer faster training, artifacts (blurring, overstaining, hallucinations) limit their
diagnostic utility. Qualitative evaluations by experts and statistical rigor further substantiate our
findings in favor of CycleGAN. This work supports Al-driven histopathology by addressing critical gaps
in the literature.
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Histological staining is pivotal in clinical diagnostics, enabling visualization of tissue architecture and cellular
morphology for diseases such as cancer'. Conventional hematoxylin and eosin (H&E) staining, considered the
gold standard, achieves clarity in the delineation of nuclear and cytoplasmic structures and contrast, which
enables pathologists to discriminate subtle morphological differences between normal and pathological
tissues. However, conventional chemical staining methods are not only time-consuming and labor-intensive,
as highlighted in Fig. 1, but also prone to variability in staining quality and consistency?. Such drawbacks
have triggered strong interest in creating alternative computational means to virtually mimic H&E staining,
thus providing fast, low-cost, and standardized means for histopathological examination. The emergence of
generative adversarial networks (GANs) has transformed image synthesis and translation processes.
Goodfellow® et al., proposed that GANs can produce high-quality images and set the stage for many image-
to-image translation techniques. On the basis of this idea, Isola* et al. introduced Pix2Pix, a conditional GAN
(c-GAN), and improved paired image-to-image translation tasks. Zhu® et al. applied these concepts to an unpaired
scenario with a cycle consistent GAN (CycleGAN). The use of GANSs in virtual staining has since been a viable
line of research. Various studies®® have demonstrated that deep learning methods can successfully produce
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Fig. 1. Two categories of staining frameworks are shown in a top-to-bottom order. The top image (a) shows
a conventional chemical staining process (H&E staining) from tissue extraction till microscopic histological
image. The bottom image (b) demonstrates a virtual/digital staining process, highlighting a chemical free
environment.

virtually stained histopathological images from unstained tissue sections. These methods focus on maintaining
fine-grained details, structural fidelity, and local texture while preserving crucial histological features.

Despite such improvements, no prior study systematically benchmarks GANs for skin histology. This gap
is critical, as melanin-rich tissues (e.g., melanomas) pose unique challenges for stain fidelity and structural
preservation. Melanoma misdiagnosis rates increase (4-19%) due to variability in histopathological diagnosis®°,
underscoring the need for standardized histological evaluation parameters. The core contributions of this paper
include the following: -.

o VISGAB: To the best of our knowledge, this is the first virtual-staining-driven GAN benchmark for optimiz-
ing skin histology using the E-Staining DermaRepo dataset!!.

 Building on this, we introduced and implemented a novel histology-specific fidelity index (HSFI) to quantify
the diagnostic utility of staining models alongside perceptual quality.

o To further evaluate our approach, we performed clinical validation via pathologist ratings and Turing tests.

o Additionally, we analyzed the correlation between HSFI and both quantitative and qualitative evaluations,
establishing the diagnostic potential, accuracy, and alignment of HSFI with these evaluations.

« Finally, we assessed the risk of mode collapse; a typical issue in GANS, via feature-space entropy.

The VISGAB results identify CycleGAN as the optimal choice among evaluated GANs for virtual H&E staining,
citing its superior structural fidelity and diagnostic sufficiency, despite computational, mode collapse trade-offs,
and single institutional dataset. Building on these findings, this work advances Al-driven histopathology by
establishing reproducible GAN benchmarks and prioritizing clinical relevance. The remainder of this paper
unfolds in six sections. Section II summarizes the related work on tissue staining and GANSs, while Section IIT
describes the materials and methods for GAN frameworks. Section IV then presents the experimental results,
which are comprehensively discussed in Section V. Following this, Section VI addresses limitations and future
work, and finally, Section VII offers the conclusion.

Related work

Since the 19th century, histopathological staining has aided disease diagnosis and tissue assessment. Staining
techniques have evolved, improving contrast and enabling clearer visualization of cellular structures. H&E
staining remains the gold standard in histopathology, but its labor-intensive process, hazardous chemicals,
batch variability, and need for expertise drive research into alternatives. Approaches like immunohistochemistry
(IHC) and special stains aim to improve diagnostic precision. Histopathological staining highlights H&E-driven
nuclear-cytoplasmic differentiation: hematoxylin stains nuclei blue by binding to nucleic acids, while eosin
colors cytoplasm pink. Despite improved protocols, batch variability and manual steps still affect reproducibility
and diagnostic consistency'?~', fueling interest in computational solutions.

Studies in the early 2000 revealed that variable staining intensities and inter-batch differences could impact
diagnostic outcomes, especially in cancer pathology. By the late 2000s, researchers investigated automation in
H&E processing, but differences in tissue fixation, thickness, and reagent freshness still affect consistency!®1”.
Early digital pathology efforts focused on color transfer, stain normalization, classification, segmentation, and
detection in medical images'®%°. Concurrent with these methodological breakthroughs, the integration of
artificial intelligence (AI) in digital pathology also started reengineering diagnostic processes®!, thereby paving
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the way for novel virtual staining strategies. GANs transform virtual staining by learning domain mappings.
Pix2Pix* pioneered paired translation but required aligned datasets, a limitation addressed by CycleGAN®
via cyclic consistency losses. Accordingly, a U-Net-based virtual staining framework?? was introduced, but it
struggled with stain color variability across datasets. StainGAN?, a new stain style transfer method, accurately
mimics staining patterns by highlighting the maintenance of tissue morphology throughout the staining process.
Subsequent models, such as contrastive unpaired translation GAN (CUTGAN), used contrastive learning to
preserve local details, whereas dual contrastive learning GAN (DCLGAN)? combines dual contrastive losses
with cyclic consistency for enhanced feature retention.

Despite deep learning advances in digital pathology tasks such as segmentation and classification, critical
gaps in virtual staining persist*!. These include including benchmarking, diagnostic fidelity, and domain-specific
knowledge. All previous studies evaluated GANs in isolation and did not include systematic, standardized
comparisons. Traditional evaluation metrics such as structure similarity index (SSIM), peak signal-to-noise
ratio (PSNR), Fréchet inception distance (FID), and Kernel inception distance (KID) focus on perceptual and
distributional details instead of diagnostic fidelity. This limitation is addressed by HSFI, which is correlated
with pathologist concordance (see Section V). Additionally, melanin interference in melanocytic lesions is
understudied®®. As detailed in Table 1, the literature lacks virtual-staining-driven GAN benchmarking for skin
histology optimization. Previous works focused on stain normalization or on demonstrating GAN feasibility
for image synthesis. This work bridges these gaps with benchmarking via VISGAB on a dermatopathology-
specific dataset, using pathologist-driven evaluations (HSFI, visual Turing tests). It also quantifies computational
overhead and mode collapse risks through feature-space entropy to align synthetic outputs with diagnostic
needs.

Materials and methods

Dataset

The E-Staining DermaRepo!! comprises 87 pairs of unstained whole-slide images (WSIs) and their stably de-
identified corresponding H&E-stained counterparts. All procedures involving human participants, including
skin biopsy collection, followed the Declaration of Helsinki. Relevant institutional and national guidelines were
also observed. The dataset was curated under an Advarra institutional review board (Protocol No. Pro00035376).
Written informed consent was obtained from all participants. All samples were de-identified before analysis.
Patient privacy and data handling complied with Health insurance portability and accountability act (HIPAA)
standards, where applicable. Skin biopsy samples are from 22 participants (15 males, 7 females), ages 34-83
(median: 67.7). Approximately 20% of WSIs contain more than one tissue section, resulting in 104 paired tissues.
The dataset includes tissue from both normal skin and various pathological conditions: basal cell carcinoma
(BCC), squamous cell carcinoma (SCC), intra-epidermal carcinoma (IEC), and inflammatory dermatoses.
Tissue morphology consists of 47 normal samples, 40 carcinomas, and 17 inflammatory dermatoses. All samples
were imaged using a Leica Aperio microscope at 20x magnification (0.50 um/pixel resolution), under controlled
illumination to minimize interslide variation. High-resolution scans ranged from 0.22 to 1.7 gigapixels. To
mitigate batch effects, slides were processed within 6 months using identical H&E staining protocols.

Each WSI was resized to 512 x 512-pixel patches with a 256-pixel overlap (50% overlap in both horizontal
and vertical directions) between consecutive patches, using a sliding window and bicubic interpolation. For
patch-level embedding, we subdivided each 512 x 512 patch into non-overlapping 16 x 16-pixel tiles. The 50%
overlap ensures each interior pixel is covered by up to four times, which reduces seam artifacts at reconstruction
by providing controlled redundancy. Overlapping regions were fused during WSI reconstruction by seam-aware
blending across overlapping patches. To prevent data leakages, all image patches from the same slides were
restricted to a single split. For diagnostic consistency, a board-certified pathologist verified concordance between
unstained and H&E-stained WSIs, rejecting 5% of the slides due to folding or staining artifacts. Subsequently,
as a quality control step, plain background regions (intensity variance < 10%) were discarded with adaptive
thresholdingZS. After quality filtering, 12,450 usable patches (6,225 paired unstained H&E images) remained, of
which 80% (9,960) were set aside for training and 20% (2,490) were set aside for testing.

Method Year | Domain Key Aspects Limitations

Stain normalization!® | 2009 | Histopathology Standardizes H&E stain appearance for quantitative analysis | Sensitive to staining variability and noise

Pix2Pix* 2017 | Image synthesis Paired image-to-image translation for stain synthesis Requlres aligned da'\tasets, often prqduce localized
artifacts when applied to complex tissue structures

CycleGAN® 2017 | Virtual staining Unpaired stain translation using cyclicconsistency loss Str uggles with uqreahsm textures or color shifts,
without strong alignment constraints

Deep learning? 2017 | Survey medical imaging | Highlights gaps in virtual staining research No GANs benchmarking or metrics proposal

Deep learning® 2019 | Digital staining Pioneered virtual H&E staining from auto fluorescence Focused on paired data, limited clinical validation

CUTGAN’ 2021 | Digital pathology Contrastive learning for local details preservation Lacks xp hClt. glob_al context, legdmg to artifacts or
subtle distortions in morphological patterns

DCLGAN?® 2024 | Virtual staining Dual contrastive loss for stain and texture fidelity Localized receptive ﬁelds do not enforce coherence
across the entire tissue image, moderate artifacts

Table 1. A summary of the related work on various virtual staining and image to image translation models,
showing evolution and breakthrough in GANs from 2009-2024.
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Methodology
The proposed methodology consists of four main stages i.e., preprocessing, training frameworks as shown in
Fig. 2, followed by optimization and convergence, and patch merger at inference.

Preprocessing

A comprehensive preprocessing pipeline was implemented to ensure consistency and reduce potential bias. To
produce consistent inputs and improve model robustness, we employed a three-phase preprocessing pipeline of
stain normalization, image resizing, and data augmentation. The combined protocol, along with normalizing the
dataset, also increases its diversity, providing a rich source of training data. By reducing the inherent variability
of histopathology images, the pipeline allows the GANs to learn robust, clinically relevant features.

Each patch undergoes z-score intensity normalization, i.e., scaling pixel values to zero mean and unit
variance (i = 0, o = 1). This strict transformation mitigates scanner-induced intensity variations while preserving
diagnostically critical texture patterns?®, an empirically proven method for reproducibility in computational
histopathology. Resizing ensures that each patch adheres to the predefined spatial resolution, which is crucial for
maintaining the homogeneity required by deep learning algorithms. The images were resized to 512 x 512 pixel
patches with a 256-pixel overlap between consecutive patches, using a sliding window and bicubic interpolation,
which balances computational efficiency with the retention of cellular-level details. For patch-level embedding,
each patch was subdivided into non-overlapping 16 x 16-pixel tiles. This sampling approach provided maximum
tissue coverage without redundant feature extraction’”?. The unstained and stained pairs were spatially
registered using an affine transformation based on feature matching. During training, we augment the data
through random rotations of up to + 15° and both horizontal and vertical flipping?. This strategy simulates
diverse histopathological orientations and spatial arrangements, thereby enhancing the model’s robustness and
avoiding overfitting to specific tissue orientations.

Training frameworks — GANs
GANs were trained with a composite loss, balancing adversarial, cyclicconsistency, reconstruction, and
contrastive components. Training used floating point16 (FP16) mixed-precision®* on NVIDIA A100 GPU (80
GB VRAM), lasting ~ 48 hours per model. The AdamW optimizer, with learnable affine normalization (B, p2)
and cosine annealing, was used. Learning rate and optimizer hyperparameters were searched within (1 x 1073,
2x1073,1x 10742 x 107 %), and varied with B, € (0.5,0.9) and B, € (0.999,0.9995). The best configuration (2 x
1073, B, =0.5-0.9, B, = 0.999) was then manually reﬁned by early stopping on validation SSIM. The learning rate
decayed smoothly to zero over 200 epochs. This warm-restart schedule helps the model escape sharp minima.
A batch size of 8 was maintained. During training, we alternate gradient updates: Discriminator updates
maximized classification loss, while generator updates minimized the combined loss. Progress was monitored
on a held-out validation set to prevent overfitting. Networks learned realistic staining patterns in ~ 190 epochs.
Training details and composite loss functions are provided in Table 2 and Eq. (1) to (12), respectively.
CycleGAN extends the GANs to unpaired image-to-image translation by learning two-sided mappings.
CycleGAN enforces cyclic consistency so that the translated image recovers the original image during two-sided
mappings. It employs two generators (G, G.,) and two discriminators (D, D,) each. Its dual adversarial
approach is augmented with cyclic consistency loss (Lcyde) to obtam unpalred image-to-image translation.
Its least-squares adversarial losses (L, ) stabilize the training®!, whereas the cyclic consistency loss (LC o)
preserves original structures while translating an image into the target domain and vice versa, as depicted from

Eq. (1) to (4).
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Fig. 2. The top image (a) features preprocessing pipeline, highlighting various steps involved from acquisition
of an unstained tissue slide to yielding of training patches. The bottom image (b) features a typical GAN
architecture, highlighting its generator(s), discriminator(s), and associated loss function(s).
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Serial | Training parameters Precise settings

1 Number of training patches | 9,960

2 Number of testing patches | 2,490

3 Size of each training patch | 512x512

T Comentvepmihes | Yes(230x250)

5 Patch-level embedding Each patch subdivided into non-overlapping 16 x 16-pixel tiles

6 Optimization strategy Mixed precision arithmetic including hyperparameter tuning i.e., AdamW optimizer with cosine annealing and FP16 mixed precision

7 Hyperparameters Hyperparameters determined via a systematic grid-search over learning rate, p1/p, values, and loss-weight co3mb1nat10ns, followed by a
targeted manual refinement to stabilize convergence and maximize staining fidelity. Final settings are: 2x 107>, §, =0.5-0.9, $,=0.999

8 Learning rate schedule Decayed smoothly to zero over 200 epochs via cosine annealing

9 Dropout probability 0.1 during training and weight initialization

10 Loss weights (GANs) )\pthCF L5 an=LA dentity = =1and )\qde

11 Batch size 8

12 Hardware High-end NVIDIA A100 GPU (80GB VRAM)

13 Number of epoch 200

14 Mode collapse analysis Yes. After every 50 epochs

Table 2. The details of precise training parameters, hyperparameters and hardware, etc. used for training and
inference of GANS.

Lo = Laan™?+ Loan®' + AeyeteLeyere (G"2) M

Laan" 2 = By ~ p2 [logDe, (2)] + E1 ~ pl [log (1 — De, (Gey )] 2)
Lean> ' = By ~ pl [logDc, (1)] + B ~ p2 [log (1 — De, (Ge,))] ®)
Leyete (G"?) = By ~ 1[|| De, (Gey) = 1] + B2 ~ 2]|| Do, (Goy) —2[|1] 4)

where A, penalizes deviations in both forward and backward mapping.

CUTGAN is a contrastive learning architecture for unpaired image-to-image translation, focusing on
maintaining fine-grained local details. It has a single generator (G,;) and a discriminator (D ;). Its standard
adversarial loss (L, ) ensures that the translated image lies in the target distribution, as expressed from Eq. (5)
to (7). CUTGAN uses a patchwise contrastive loss (L mchNCE) that helps the generated image patch resemble its
input and vice versa in a learned feature space. Typlcally, features are extracted by an encoder (). In addition to
the adversarial loss (L .,,,), the L is calculated between the source and target domain encoder outputs,

GAN/> ‘patchNCE
allowing the model to learn fine-grained structural information.

Leur = Lgan + ApatehNCELpatehNCE (5)
Lean = E [logDcur] + E [log (1 — Dcur (Geur))] (6)
(¢i- )
Log e Geour’i [T
LpatchNCE = ZZ / (7)

bi- Gy )_7‘ Ir

ZjLog e<

where A .\, maximizes mutual information between corresponding unstained and H&E patches. The
parameter 7 scales the logits as a temperature parameter. The similarity in the feature space is measured by the
dot product.

The DCLGAN uses a dual contrastive framework for learning two-sided embedding across domains, instead
of using cyclic consistency for training stabilization. DCLGAN consists of generators (G, G,), discriminators
(Dl, D2), and a multi-layered perceptron (H » Hz)’ each with two layers, for learning feature embedding and
loss functions to guide model training. The loss functions shown in Eq. (8) to (12) include adversarial loss
(Lgan)> Patch noise contrastive estimation loss (L atEhNCE) and identity loss (L, denttty) The L, motivates the
generators to produce virtual H&E images that are indistinguishable from actual stained samples. L PatchNCE
helps the generated image patch resemble its input and vice versa. The L,,, ... restricts generators from yleldmg
unreasonable variations while creating image patches, retaining color, and learning model embeddings. This
dual contrastive loss helps retain global and local histological structures.

Lpcr = AganLgan + ApatchNCELpatchNCE + Aidentity Lidentity (8)
Laan"? = Bz ~ ps [log D2 (2)] + E1 ~ p1 [log (1 — D2 (G1))] ©)
LGANQ’ b Ei~p [ZOQDI (1)} + E2> ~ p2 [ZOQ (1 — Dy (G2))] (10)
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Fig. 3. The top row (a) shows the unstained source image patches, while the middle row (b) shows the paired
H&E-stained patches, and the bottom row (c) shows corresponding virtual H&E-equivalent image patches
generated by the respective staining frameworks.

Fig. 4. Virtually stained H&E-equivalent image patches generated by the respective staining frameworks are
represented in three rows from top to bottom. The top row (a) shows the virtually stained patches generated

by CycleGAN, with strong structural coherence, high distributional details, the lowest hallucinations, and
excellent stain specificity. Middle row (b) depicts CUTGAN patches, demonstrating weak distributional details.
The bottom row (c) depicts DCLGAN output patches with slightly lower artifacts and hallucinations than
CUTGAN.

ZiLOQ e(m- ¢G172)i/7_
ZJLOQ e(¢‘z 7€ LQ)J, /7_

LpatchNC'E =

(11)

Ligentity (G" %) = BEx ~ 1| G2 (1) = 1| 1] + E2 ~ 2[|| G1(2) =2 4] (12)

Optimization and convergence

Periodic checking tracks convergence and avoids overfitting on a holdout subset of patches for all GANs. Effective
learning of intricate mappings for virtual staining was facilitated by using composite loss functions, robust
mixed-precision optimization, and systematic grid-search hyperparameter tuning. Additionally, incorporating
contrastive loss into DCLGAN and CUTGAN, drawing inspiration from advances in contrastive learning?, was
key for maintaining both context and tissue information, as shown in Figs. 3 and 4.

Scientific Reports |

(2025) 15:42430 | https://doi.org/10.1038/s41598-025-26493-0 naxureportfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Fig. 5. The top image (a) illustrates the inconsistent appearance of the virtual staining output with noticeable
artifacts. In contrast, the bottom image (b) shows a GAN image after merging and blending patches. This
image appears smooth, and seamless with negligible artifacts.

: CycleGAN 3 0.36:0.014 D 10.400.33 D 345.4+6.2 D 0.190.004 : CycleGAN 3 0.93+0.005 3 29.06:0.43 P 27.7+0.64 30.010+0.001 :
] 1
| CUTGAN D 0.22+0.013 3 13.12£0.29 P 233.6+5.43 30.036+0.008 1
| 1 1
: DCLGAN P 0.4940.008 I 11.7420.46 P 341.147.4 D 0.22+0.005 :_ncu;,\x D 0.20£0.010 12.610.26 3228.3+5.31 $0.0170.004!

___________________________ s i i e |

I
| CUTGAN 3 0.59+0.007 3 10.85+0.19 3 352.8+7.1 B 0.25+0.006

(a) SSIM PSNR FID KID (b)

Fig. 6. Quantitative results for perceptual and distributional metrics across two image distributions are shown
from left to right. The left image (a) displays quantitative results for unstained versus virtually stained patches,
while the right image (b) highlights the same comparison for H&E versus virtually stained patches using the
respective staining frameworks. The color insertion highlights the individual quantitative metrics.

Patch merger at inference

WSIs are broken down into smaller, manageable tiles, or patches, for GANs inference. However, a particular
concern is that recomposition related to visual consistency, especially color variation and contrast disparity
across adjacent virtual patches, could lead to boundary artifacts and compromise diagnostic fidelity. To alleviate
these issues, we implemented a 50% patch-overlap policy between neighboring patches in both the horizontal
and vertical directions. The overlapping areas are fused further through alpha blending to smoothly transition
pixel intensities across overlapping regions®. This spatially aware blending eliminates edge discontinuities and
reduces tiling artifacts. The final stitched image, therefore, has seamless transitions across patch boundaries, with
a more natural and diagnostically correct look, as depicted in Fig. 5.

Results

Quantitative evaluations

We compared VISGAB with each GAN model using two key image pairs (unstained vs. virtually stained
and H&E vs. virtually stained). The image pairs contained both normal and pathological lesions (BCC, SCC,
and IEC). We used quantitative metrics such as SSIM, PSNR, FID, KID, LPIPS, and a novel HSFI to capture
diagnostic details. Results for SSIM, PSNR, FID, and KID are in Fig. 6; LPIPS and HSFI appear in Fig. 7. All
values are reported as mean + standard deviation with 95% confidence intervals. We used paired t-tests (p <0.05,
n=100 paired patches).
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Fig. 7. Quantitative results for perceptual error and diagnostic fidelity across two image distributions, i.e.,
unstained versus virtually stained patches, and H&E versus virtually stained patches, are shown as box &
whisker plots from left to right. The plots on the left (a) signify perceptual error (LPIPS) while the plots on the
right (b) compare diagnostic fidelity (HSFI) of respective staining frameworks.

The SSIM measures perceptual image similarity between two images by specifically identifying failures in
melanin-rich areas, especially granularity**-*¢. SSIM values range from 0 to 1, with 1 representing ideal structural
correspondence. The consistently lower mean SSIM values of 0.3604-0.5916 across the utilized GANs between
unstained and virtually stained images reaffirm the inherent domain differences, which underscore the necessity
for GAN-based translation. When comparing H&E-stained to virtually stained images, CycleGAN achieves an
SSIM of 0.93 + 0.005, indicating that its synthetic images are practically indistinguishable from actual stains in
nuclear/cytoplasmic structure. In contrast, both CUTGAN (0.22 + 0.013) and DCLGAN (0.20 + 0.010) lagged
behind with respect to epidermal stratification.

PSNR measures how closely images match at the pixel level through exact color and intensity comparison.
A PSNR > 30 dB defines adequate color fidelity in synthetic H&E images®’ . All the GANG yield lower mean
PSNR values (10.40-11.74 dB) between unstained and virtually stained images, revealing a domain gap and
affirming the application of GANSs as a bridge between unstained and stained images. For H&E-stained versus
virtually stained images, CycleGAN achieves a mean PSNR of 29.06 + 0.43 dB, maintaining adequate color
registration essential for melanin differentiation. In contrast, CUTGAN (13.12 + 0.29 dB) and DCLGAN (12.61
+ 0.26 dB) fail at this mapping and do not achieve sufficient stain separation.

The FID measures distribution similarity and coherence of high-level features, making it sensitive to
textural and structural fidelity. Specifically, the FID computes histopathological realism based on features0-42
from a pretrained Inception-v3 network. An FID < 25 is equated with perceived realism in computational
histopathology. In contrast, higher mean FID values of 341.1-352.8 between unstained and virtually stained
images signify a domain shift between these two types of histology. Comparing H&E-stained to virtually stained
images, CycleGAN’s lowest mean FID (27.7 + 0.64) indicates close correspondence with actual H&E-stained
feature distributions. Conversely, the higher mean FID values of CUTGAN (233.6 + 5.43) and DCLGAN (228.3
+ 5.31) between H&E-stained and virtually stained images indicate degraded distribution similarity, especially
in melanin-rich areas.

KID quantifies the distributional dissimilarity between images using maximum mean discrepancy (MMD) of
features from a pretrained inception-v3 network®. Lower KID values indicate greater similarity between image
sets, while higher values reflect increased dissimilarity. Notably, KID is less sensitive to small sample sizes and
feature outliers. For example, higher mean KID values of 0.19-0.25 between unstained and virtually stained
images highlight an inherent domain gap, emphasizing the need for sophisticated translation frameworks. In
contrast, for H&E-stained versus virtually stained images, CycleGAN’s mean KID (0.010 + 0.001) suggests
synthetic textures are statistically indistinguishable from actual stains. Meanwhile, CUTGAN (0.036 + 0.008)
and DCLGAN (0.017 + 0.004) maintain global contrast but fall behind in melanin-dense textures.

LPIPS estimates the similarity between two images by comparing deep feature representations from a
pretrained neural network, such as the visual geometry group (VGG) or AlexNet. By design, LPIPS emphasizes
semantic and textural differences. Importantly, perceptual realism increases with decreasing LPIPS values*~*7.
For context, an LPIPS < 0.15 aligns with pathologists’ acceptability of synthetic histology. In contrast, higher
mean LPIPS values in the range of 0.71-0.78 between unstained and virtually stained images emphasize the
perceptual gap and indicate a need for strong translation models. Regarding H&E-stained vs. virtually stained
images, CycleGAN achieves a mean LPIPS of 0.083 + 0.002, ensuring that the synthetic images are perceptually
indistinguishable from actual stains. On the other hand, the LPIPS of both CUTGAN (0.49 £ 0.01) and DCLGAN
(0.48 + 0.01) maintained global contrast but fell short in semantic and textural differences.

The HSFI is a novel diagnostic fidelity index conceived, derived, and formalized with expert guidance.
It targets morphological details and domain knowledge using a weighted scoring system. HSFI mirrors
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Models SSIM | PSNR | FID | KID | LPIPS | HSFI
CycleGAN | 0.93 |29.06 |27.7 |0.010 | 0.083 |0.81
CUTGAN |0.22 |13.12 |233.6 | 0.036 | 0.490 | 0.58
DCLGAN |0.20 |12.61 |228.3 |0.017 | 0.480 |0.59
H&E 1 oo 0 0 0 1

Table 3. Quantitative evaluations data of virtual stains yielded by the considered GANs and real H&E images
used to compute pearson correlation versus HSFI.

Comparison Pearson r | Direction Inference

HSFIvs. SSIM | +0.982 Strong positive | HSFI strongly aligns with structural similarity, confirming that higher HSFI corresponds to higher structural fidelity
HSFI vs. PSNR | +0.967 Strong positive | HSFI rises almost linearly with PSNR, indicating sensitivity to reconstruction quality

HSFI vs. FID -0.956 Strong negative | Strong inverse relationship: lower FID (better realism) corresponds to higher HSFI

HSFI vs. KID -0.931 Strong negative | HSFI decreases as KID increases, reflecting alignment with perceptual domain similarity

HSFI vs. LPIPS | -0.942 Strong negative | Higher perceptual dissimilarity (LPIPS) results in lower HSFI des, indicating a desirable correlation

Table 4. Computed person correlation coefficients among quantitative evaluations data of virtual stains,
real H&E images and HSF]I, indicating direction of correlation, followed by the corresponding inference
relationship.

pathologists” diagnostic pipelines, emphasizing nuclear morphology (form, size, chromatin structure), tissue
architecture (epidermal stratification, stromal texture), and stain consistency*®->0. The HSFI score ranges from 0
to 1, with 1 indicating ideal fidelity. The specific calculation is shown in Eq. (13): -

HSFI =a(NMS) + B(TAS) +~(SCS) (13)

where a, 8, and y are the optimized weighting coefficients. These are determined through grid search (0.2, 0.3,
0.4, 0.5) to maximize agreement with expert pathologist ratings. After cross-validation, the final weights were
set to =0.3, f=0.4, and y=0.3. Meanwhile, NMS, TAS, and SCS represent respective scores from nuclear
morphology, tissue architecture, and stain consistency, respectively.

The lower mean HSFI values of 0.19-0.23, measured between unstained and virtually stained images, indicate
that GAN-based translation is necessary to bridge the gap between these two types of images. Comparing
H&E-stained and virtually stained images, the mean HSFI of CycleGAN (0.81 +£0.02) suggests that synthetic
images usually meet diagnostic criteria. CUTGAN (0.58 +0.01) and DCLGAN (0.59 £0.01) preserve the stromal
architecture but do not achieve strong nuclear-cytoplasmic contrast.

To demonstrate the accuracy of HSFI and its alignment with perceptual and structural metrics, we computed
the Pearson correlation (r) using quantitative evaluations of all the virtual stains generated by the considered
GANSs and real H&E images. These evaluations are highlighted in Table 3. We then compared these results with
HSFI. All correlations are significant at p < 0.05, across four (n = 4) aggregated observations (H&E, CycleGAN,
CUTGAN, DCLGAN), and 95% CI were computed using Fishers z-transformation. The corresponding
correlations are listed in Table 4. HSFI shows consistent and interpretable correlations with established
quantitative indices. Its near-perfect positive correlation with SSIM (r = 0.982) and PSNR (r = 0.967) confirms
that HSFI captures structural and pixel-level reconstruction fidelity. This aligns HSFI with conventional metrics
used in virtual staining and medical image synthesis®**’. The strong negative correlations with FID (r = —0.956),
KID (r = -0.931), and LPIPS (r = —0.942) indicate that HSFI inversely tracks perceptual distance and realism
metrics. These metrics are widely accepted in generative image evaluation*»">2, This suggests that HSFI not
only aligns with pixel-level quality but also captures perceptual and distributional fidelity across the generative
domain.

Qualitative evaluations
Three board-certified dermatopathologists with a combined 35 years of experience assessed both virtual and
real H&E images. The experts were unaware of the image source (whether real H&E or virtual stain), patient
identifiers, or any case metadata. The images were presented in pairs. Fifty full WSIs and fifty cropped patches
at 20x magnification were shown to each of the dermatopathologist. Experts used a standardized rubric® to
rate staining specificity on a 5-point Likert scale. Diagnostic trustworthiness was rated on a binary scale (Yes/
No), and artifact detection was graded on a severity scale. To set a baseline for clinical agreement, the same
dermatopathologists evaluated the real H&E slides and patches under the same blinded conditions. We calculated
pairwise Fleiss” k for inter-rater agreement. Diagnostic concordance® for each image type is the percentage of
cases where a dermatopathologist’s diagnosis matches the reference diagnosis, defined as the majority vote of the
H&E consensus panel. For each metric, we report mean + standard deviation with a 95% CI and a p-value < 0.05.
The average values of the qualitative evaluations by the dermatopathologists are shown in Table 5.

CycleGAN achieved good H&E consistency (4.4 +0.2) and melanin differentiation (4.2 +0.3), both critical for
melanoma diagnosis. It has demonstrated significant diagnostic trustworthiness in tissue architecture (90 +3%)
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Metric H&E | CycleGAN [ CUTGAN | DCLGAN
Stain specificity (5-point Likert Scale)

H&E consistency 4.8+0.1 44+0.2 3.7+£0.5 4.1+0.3
Melanin differentiation 4.7+0.1 42403 3.3+0.6 3.9+0.4
Diagnostic trustworthiness (Yes/No %)

Nuclear atypia (Sufficiency) 90+4 75+5 40+18 50+15
Tissue architecture (Sufficiency) 9542 90+3 40+8 70+5
Mitotic figure accuracy 85+5 60+8 30+12 3015
Artifact severity (%)

Blurring (None/Mild/Moderate/Severe) | 95/2/2/1 85/10/3/2 | 50/15/10/25 | 60/15/20/5
Overstaining 3+1 10+2 20+5 20+5
Hallucinations 5+1 10+2 45+15 30+10
Inter-rater agreement (Fleiss’ k) 0.94+0.05 | 0.85+0.08 | 0.58+0.15 | 0.68+0.14
Turing test success (%) 92+2 81+3 43+7 57+6

Table 5. Qualitative evaluations by board-certified dermatopathologists comparing real and virtual H&E
images and patches from each staining framework. , -

and nuclear atypia (75 = 5%), but struggled with the accuracy of mitotic figures (60 £ 8%). The minimal blurring,
overstaining, and hallucinations (10+2%) each, falling well within clinically acceptable thresholds. Its Turing
test success rate (81+3%) is validated by k=0.850.08, achieving very good inter-rater agreement. CUTGAN
struggled with both stain specificity and diagnostic trustworthiness. Pathologists observed severe artifacts in
its virtually stained patches: severe blurring (25%), over-staining (20 +5%), and hallucinations (45 +15%). The
Turing test success rate (43+7%) of CUTGAN was mainly restricted by hallucinations, resulting in fair inter-
rater agreement (k=0.58£0.15). DCLGAN preserved tissue architecture (70+5%), but struggled with nuclear
atypia (50+15%), mitotic figure (30+15%), melanin differentiation (3.9+0.4), and over-staining (20+5%).
Cytoplasmic blurring in 20% of cases limited its Turing test success rate (57 + 6%), as validated by k=0.68 +0.14,
reflecting moderate expert agreement.

To show that HSFI matches expert evaluations, we computed Pearson correlations (r) between HSFI and
each qualitative metric over four model variants. We considered stain specificity, tissue architecture, artifacts,
and hallucinations. For this, we used the qualitative data from Table 5, which includes all virtual stains from the
GANs, real H&E images, and the HSFI values. All correlations are significant at p<0.05, based on four aggregated
observations (H&E, CycleGAN, CUTGAN, DCLGAN). We calculated 95% CI using Fisher’s z-transformation.
Table 6 lists the correlations, their directions, and inferences. Because this analysis uses four model-level
observations (one per model), it provides evidence for face validity at the model level and not patch-level clinical
validation. Key findings are as follows: HSFI was strongly correlated (r > 0.97) with H&E consistency, melanin
differentiation, nuclear atypia sufficiency, mitotic figure accuracy, Fleiss’ , and Turing-test success. Artifact
metrics, such as over-staining and hallucinations, were both strongly and negatively correlated with HSFI (r =
-0.99). The correlation between tissue architecture and HSFI was comparatively lower (r = 0.88), suggesting that
the weighting coefficient (B) of tissue architecture in TAS may need refinement. These results suggest HSFI aligns
well with expert-rated diagnostic quality at the model level, but additional patch-level validation is required.

To further establish HSFI's validity, we analyzed qualitative monotonic trends between two model distributions:
Model I compares H&E images against CycleGAN, while Model II compares H&E images against the aggregated
means of CUTGAN and DCLGAN. With only two data points per metric (n = 2), Pearson correlation coefficients
are mathematically degenerate. Therefore, rather than treating these as true correlations, we interpreted them
as indicators of perfect monotonic trends. This directionally consistent proportional relationship between HSFI
and all qualitative indices confirms HSFT’s clinical interpretability, its alignment with expert evaluations, and
its role as a perceptually valid quality index in virtual staining. For this analysis, we used qualitative evaluation
data from Table 5, which includes all virtual stains produced by the evaluated GANs and real H&E images,
along with the respective HSFI values. Table 7 details the corresponding trend, direction, relative difference
magnitude, and diagnostic interpretations. Figures 8 and 9 display two-point comparative radar charts for
the model distributions. When comparing H&E to CycleGAN, HSFI shows consistent directional, monotonic
alignment with all qualitative evaluation indices. The largest performance gaps are observed in mitotic figure
accuracy (~29%) and nuclear atypia (~17%), confirming HSFI’s sensitivity to diagnostic-level fidelity and
expert consensus. This demonstrates that as the visual and diagnostic quality of virtual stains diverges from
real H&E, HSFI decreases proportionally. Across ten qualitative axes, the average relative reduction from H&E
to CUTGAN+DCLGAN is approximately 35-45%. The most significant drops occur in mitotic figure accuracy
(~65%), tissue architecture (~42%), and nuclear atypia (~50%). These changes match the greatest HSFI declines
(~42%), demonstrating close directional coupling.

Computational cost

The computational cost for training and inference is estimated for all the utilized GANs under identical conditions:
NVIDIA A100 GPU hardware, FP16 mixed-precision, batch size, optimizer setup, and epoch training schedule.
With this standardized setup on NVIDIA A100 (80GB VRAM), the training time varied across all the GANS,
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Training Time - GAN Models
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Fig. 10. Training time and convergence plots of the respective staining frameworks distributed over 200

epochs. The GANs exhibit a moderate initial increase in per-epoch time but they stabilize quickly and then
follows a sharp decline in per-epoch time at convergence, within ~ 190 epochs.

Inference Time - GAN Models
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Fig. 11. Inference time (latency) behavior of the respective staining frameworks during patch merger. The
behavior of GANs remains largely unchanged, with only slightly different inference times (latency).

as illustrated in Fig. 10. Specifically, CycleGAN is the most resource-intensive (~48.33 h, 2.01 days), mainly due
to its dual generator-discriminator and cyclic consistency overhead. CUTGAN is the most computationally
efficient method (~36.67 h, 1.53 days) because of its lightweight architecture and contrastive loss optimization.
In contrast, DCLGAN incurs a moderate training cost (~43.33 h, 1.80 days) due to the dual contrastive loss
and overlap ratios. Despite these differences in training time, all considered GANs require approximately
1.72-1.96 min for inference, as shown in Fig. 11. This inference efficiency results from using fixed pretrained
generators and eliminating adversarial or contrastive losses during testing.

Ablation experiment

To rigorously quantify the contribution of each architectural component in CycleGAN, we performed an
ablation experiment on the held-out test set. All hyperparameters were held constant (512 x 512 input patches,
16 x 16 tiles, two generators, two discriminators, encoder-decoder, composite loss, learning rate, ./p2 ratios,
etc.). We evaluated five model variants as depicted in Table 8. We began by assessing training parameters, FLOPs,
training time, inference latency, peak GPU memory, SSIM, PSNR, FID, and HSFI. To systematically compare
each modification, we first applied 30% pruning with fine-tuning and then performed knowledge distillation
to report feature losses and training time. Next, we applied quantized model compression (FP16 to INT8) via
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FP16

Baseline + FP16 Quantization Runtime
Metric (CycleGAN) | Pruning | + Distillation | (FP16 to INT8) | Tiles (32x32) | Conversion
Training Parameters (Million) ~14.0 ~9.8 ~5.6 ~14.0 ~14.0 ~14.0
FLOPs ~35 ~24.5 ~14 ~35 ~32 ~35
Inference latency per patch (s) ~0.115 ~0.082 | ~0.055 ~0.045 ~0.066 ~0.028
Inference latency per image (s) ~117.6 ~84 ~57 ~46 ~88 ~29
Peak GPU memory at inference (GBs) | ~10 ~7 ~4 ~5 ~8 ~4
SSIM ~0.93 ~0.925 ~0.920 ~0.928 ~0.932 ~0.928
PSNR (dB) ~29.06 ~28.6 ~28.2 ~28.9 ~29.30 ~28.9
FID ~27.7 ~30 ~33 ~28.5 ~26.0 ~28.5
HSFI ~0.81 ~0.80 ~0.79 ~0.805 ~0.815 ~0.805
Total training time (h) ~48 ~44 ~27 ~48 ~42 ~48

Table 8. Results of ablation experiment evaluated on five model variants versus baseline CycleGAN,
demonstrating trade-offs for latency, speedups, perception, fidelity, and computation requirements.

MODE COLLAPSE RISK - GAN MODELS

Model
—e— CycleGAN
—e— CUTGAN
—e— DCLGAN

Mode Cpllapse Probability (%)

o

DCLGAN CUTGAN
-50: Mostly Stable -50: Slight Diversity Loss
Contrastive Loss Helps ome Overfitting - lode Collapse Risk

00d Generalization Limited Variations 101 Repetitive Staining
: Minimal Risk : More Stable : Still Risky

Fig. 12. The image represents the evaluation of the mode collapse risk probability behavior of respective
GANSs across 200 epochs. CycleGAN demonstrates the highest risk initially (50 epochs) and follows a gentle
downwards trend till convergence. CUTGAN initializes at 40% risk but gradually improves diversity before
finishing at 15% risk. On the contrary, DCLGAN displays mostly stable behavior with the highest diversity and
lowest mode collapse risk compared to other GAN'.

calibration for quant-aware training. Following this, we adapted the model with coarser tiles (32x32) and
then performed runtime engine conversion from ONNX (FP16) to TensorRT (INT8). Timing measurements
were averaged across n=30 representative images. Structured pruning decreased the mean per-image latency
by ~28%, from 117.6 s (1.96 min) to ~84 s (1.40 min), with a minor decrease in HSFI (-0.01). Knowledge
distillation nearly halved the runtime (~ 57 s per image, HSFI drop —0.02). Quantization further reduced per-
image latency to ~ 46 s, and runtime engine conversion reduced it again to ~ 29 s, both with minimal performance
loss (HSFI<0.005, SSIM <0.002). Notably, adapting the model with a 32 x 32 tiles size yielded the best HSFI
improvement (+0.005) and reduced artifact-related boundary effects, while also providing per-image speedups
(~88 s, 1.47 min) due to fewer overlapping tiles. Overall, the ablation experiment demonstrates the unique
efficiency and fidelity effects of each modification, providing a unified comparison across all model variants
and optimization methods. This approach also identifies promising avenues for efficiency optimizations with
corresponding performance gains or losses.

Mode collapse risk probability

Mode collapse is a common concern in GANSs, occurring when the generator produces limited output variations
that do not represent the full data distribution. This is particularly significant in virtual staining of histopathological
images, where preserving fine textures and color variations is critical. We compared the probability of mode
collapse risk based on epochs, risk level, and contributing factors. To measure mode collapse risk, we computed
feature space entropy by extracting feature embeddings from real and generated H&E images using a pretrained
Inception-v3 network. We then clustered these embeddings using k-means (k = 50, elbow-validated) and
calculated the entropy of the cluster distributions®>°. Figure 12 highlights the relative risk probabilities of the
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Contributing factors CycleGAN CUTGAN DCLGAN
Collapse probability High (~25-30%) Medium (~15-20%) Low (~5-10%)
Reason for collapse Cyclic consistency, repetitive nature | One-sided mapping lacks diversity | Prevents feature degeneration

Retention of fine details | Best and retains nuclear structures | Better with loss in microstructures | Good but loses tissue details

Output diversity Lowest Moderate Highest

Data generalization Good Better Best

Medium (Some risk)

Likelihood of overfitting | High (Memorizes patterns) Low (Better adaptability)

Table 9. Primary determinants affecting mode collapse risk and their impact on the output, generalization,
overfitting and retention of fine details performance of respective GANS.

Quantitative evaluations | CycleGAN | CUTGAN | DCLGAN | H&E
SSIM 0.36-0.93 0.22-0.59 0.20-0.49 |1
PSNR (dB) 10.40-29.06 | 10.85-13.12 | 11.74-12.61 | o
FID 27.7-345.4 | 233.6-352.8 | 228.3-341.1 | 0
KID 0.010-0.19 | 0.036-0.25 | 0.017-0.22 | 0
LPIPS 0.08-0.78 0.49-0.71 0.48-0.76 |0
HSFI 0.23-0.81 0.19-0.58 0.21-0.59 |1
Feature space entropy (H) | 2.1 3.5 3.8 42

Table 10. Computation of feature space entropy (H) on the basis of quantitative evaluations of the respective
GANSs between unstained, H&E, and virtually stained images.

considered GANSs during training over 200 epochs. Hardware (NVIDIA A100 GPU, 80GB VRAM) and training
setup play a major role in identifying the likelihood of mode collapse, as summarized in Table 9. We observed
that CycleGAN exhibited the highest risk (~ 25%), CUTGAN had a moderate risk (~ 15%), and DCLGAN
demonstrated the lowest mode collapse risk (~ 5-10%). Low feature space entropy (H) corresponds to reduced
diversity and greater risk. CycleGAN had the lowest mean entropy (H = 2.1), indicating reduced diversity, while
CUTGAN (H = 3.5) and DCLGAN (H = 3.8) showed moderate and mild risks, respectively. Table 10 presents
the comparative entropy values for the GANs and H&E images, based on quantitative evaluations.

Discussion

CycleGAN’s cyclic consistency loss enforces pixel-level reconstruction between original and synthetic images.
This directly optimizes for structural preservation and aligns with SSIM/PSNR’s focus on pixel-wise accuracy, not
semantic fidelity. Evidence®”*® shows cyclic consistency learning maximizes stain-specific intensity preservation
in melanin-dense areas and helps disentangle features. On the other hand, contrastive methods (CUTGAN/
DCLGAN) prioritize feature-level consistency over pixel alignment, sacrificing SSIM/PSNR for diversity. The
lower mean SSIM and PSNR scores from CUTGAN and DCLGAN are associated with melanin-dense area
artifacts, limiting the effectiveness of contrastive losses across complicated histologies. Specifically, melanin
can create strong signals interfering with feature extraction, making it harder for contrastive models to capture
underlying tissue structure®-°!. Most importantly, CycleGAN’s mean SSIM (~ 0.93) and PSNR (~ 29 dB) are
sufficient for clinical and structural realism, supporting melanoma grading®.

CycleGAN demonstrates superior distributional fidelity, highlighting its ability to replicate feature
distributions. This capability is crucial for melanoma diagnosis. The adversarial loss of CycleGAN, combined with
cyclic constraints, produces stains that closely match the average statistics of the target domain. This observation
aligns with finding® that cyclic consistency learning minimizes domain shifts in melanin-rich tissues®.
Contrastive methods such as CUTGAN or DCLGAN offer greater diversity but sacrifice distributional tightness.
CycleGAN'’s FID (~ 28) and KID (~ 0.010) meet the requirements for clinical-grade synthetic histopathology®*.
Furthermore, the FID metric exhibits a strong inverse Pearson correlation (r = —0.98) across all GANs and H&E
images. This ensures structural realism with diagnostic concordance, as reported in Table 4. CycleGAN stands
out with exceptional perceptual and distributional fidelity. It effectively replicates critical textures and structures.
This aligns with studies®* that cyclic consistency preserves nuclear granularity and melanin differentiation.
CycleGAN’s cyclic consistency preserves mid-level features such as edges and textures that are critical for LPIPS.
On the other hand, contrastive losses in CUTGAN and DCLGAN may alter feature distributions.

CycleGAN outperforms CUTGAN and DCLGAN in HSFI (~ 0.81 vs. ~ 0.59), excelling in structure and pixel
fidelity. Its virtual stains deliver superior pixel accuracy while retaining perceptual and distributional coherence.
This leads to robust diagnostic performance, accurately preserving nuclear morphology, tissue architecture, and
stain consistency. With ~ 0.81 HSFL, CycleGAN demonstrates strong Al potential for melanoma grading®. The
HSFI shows a very strong positive mean Pearson correlation (r = 0.97) with perceptual and reconstruction
fidelity metrics. In contrast, the strong negative mean correlation (r = —0.94) with distributional realism
indicates that higher HSFI values correspond to lower distributional realism. This high degree of accuracy and
alignment with quantitative metrics shows that HSFI functions as a holistic composite fidelity index, aligning
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with theoretical expectations and practical diagnostic needs. Quantitative evaluations across virtual stains and
H&E images empirically validate HSFI as a clinically interpretable proxy for both quantitative and perceptual
image quality, as highlighted in Table 4.

CycleGAN demonstrates a superior visual Turing test success (~ 81%) and high diagnostic trustworthiness (~
75%). This underscores its practical applicability in clinical workflows and shows clear outperformance of both
CUTGAN and DCLGAN. The cyclic consistency constraints of CycleGAN suppress false artifact generation and
enhance melanin differentiation fidelity. This finding validates prior work in melanocytic lesion evaluation®’. In
contrast, CUTGAN creates a substantial artifact burden (~ 25%) and only provides modest interrater agreement
(k ~ 0.58). These results indicate potential diagnostic hazards for sensitive histopathological tasks. DCLGAN
moderately maintains robust structural fidelity due to its dual contrastive losses. However, this comes at the
expense of accurate melanin representation, reducing its effectiveness in lesion characterization®. The HSFI
metric shows consistently high and interpretable correlations (r > 0.97) across qualitative measures and with
tissue architecture (r = 0.88). This indicates strong construct validity as a clinical and diagnostic fidelity indicator.
The strongest associations are seen with nuclear atypia (r = 0.995), Turing test (r = 0.992), and mitotic figure
accuracy (r = 0.987). These results show that HSFI captures diagnostic-grade morphological fidelity and echoes
the pathologist’s perceptual and interpretive accuracy. This is consistent with similar results where quantitative
image features correlate with expert perceptual quality®. Strong negative correlations with overstaining and
hallucinations show that HSFI penalizes generative artifacts that undermine interpretability’’. The high
correlation with inter-rater agreement (r = 0.973) shows HSFI consistency aligns with pathologists’ consensus,
confirming reproducibility across raters’!. The near-unity correlation between HSFI and Turing test success
(r = 0.992), as highlighted in Table 6, validates HSFI as a perceptual and diagnostic proxy metric. It effectively
predicts human diagnostic confidence in virtual stains®.

When restricted to H&E and CycleGAN, HSFI tracks declines in stain consistency, melanin differentiation,
nuclear atypia, and tissue architecture, each a key determinant of histopathological interpretability’>’3. Table
7 highlights inverse trends for overstaining and hallucinations, showing that HSFI quantitatively encodes
perceptual distortions penalized by pathologists*>>!. The parallel decline in inter-rater agreement and Turing
test success confirms that HSFI reflects both expert agreement and perceptual realism, both core to diagnostic
validity. In comparison with lower fidelity models (CUTGAN + DCLGAN), the strongest positive correlations
emerge with H&E consistency, melanin differentiation, and nuclear atypia. This demonstrates that HSFI captures
structural and cytological degradations affecting diagnostic adequacy®. Consistent declines in overstaining and
hallucinations further show that HSFI penalizes perceptual and morphological artifacts, clarifying its link to
perceptual and diagnostic realism. Collectively, these findings indicate that HSFI acts as a unified surrogate
fidelity index, integrating perceptual realism, morphological accuracy, and diagnostic interpretability for
synthetic histology. CycleGAN, with minimal artifacts, reliable pigment discrimination, positive Turing test
rates, and strong HSFI alignment across qualitative metrics, emerges as a top candidate for AI-driven diagnostic
pipelines in melanoma and dermatopathology”*.

Medical stain translation prioritizes structural accuracy over diversity. This makes CycleGAN’s cyclic
mappings preferable. Artifact hallucination is a critical concern in histopathology, and CycleGAN’s cyclic
constraints help address this issue”>. CycleGAN usually requires longer training (~ 48.33 h) than CUTGAN (~
36.67 h) and DCLGAN (43.33 h). This is mainly due to three factors: two full generators and two discriminators,
enforced cyclic consistency at every step, and doubled per-iteration translation and memory needs compared to
one-sided methods like CUTGAN. In contrast, DCLGAN uses dual encoders and extra patch losses for more

Qualitative metric ‘ Pearson r ‘ Direction ‘ Inference

Stain Specificity

H&E consistency 0.982 Strong positive HSlFI increases with improved staining consistency, reflecting close alignment with
stain fidelity

Melanin differentiation 0.981 Strong positive Strong correlation confirms HSFI’s sensitivity to pigment differentiation, crucial for
skin histopathology

Diagnostic trustworthiness

Nuclear atypia 0.995 Strong positive | Near-perfect correlation; HSFI strongly reflects nuclear-level diagnostic trustworthiness

Tissue architecture 0.882 Very positive bHSFI cor.relates tightly Wlth archltectqral integrity, supporting its structural awareness,

ut requires further weighting coefficient optimization

Mitotic figure accuracy 0.987 Strong positive | Indicates HSFI is sensitive to cellular-level morphological fidelity

Artifact severity

No blurring (None rate) 0.974 Strong positive | Lower blur correlates with higher HSFI, confirming its structural sharpness sensitivity

Overstaining (mean) -0.994 Strong negative Strong negative correlation shows HSFI penalizes overstaining consistent with human
perception

Hallucinations (mean) -0.991 Strong negative Strong 1n'verse'relat1lonsh1p; HSFI decreases with artifact prevalence, capturing
pathological distortions

Inter-rater agreement (Fleiss’ ) | 0.973 Strong positive | High correlation confirms HSFI aligns with expert consensus robustness

Turing test success 0.992 Strong positive | HSFI matches human perceptual success rates, confirming clinical interpretability

Table 6. Computed person correlation coefficients among qualitative evaluations data of virtual stains,
real H&E images and HSFI, indicating direction of correlation, followed by the corresponding inference

relationship.

HSFI ,

HSFI
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Trend Direction Difference
Model | Model
Metric ModelI | Model IT | Model I | Model IT | I 11 Interpretation
H&E consistency 48>44 | 4839 | Positive | Positive | 18.3% | |18.8% | HSFI decreases proportionally with stain uniformity loss; structurally consistent trend
Melanin differentiation | 4.7 >4.2 | 4.753.6 | Positive | Positive | 110.6% | 123.4% ﬁHdSeliiIt;Eﬂ““ minor pigment differentiation degradation; aligns with color domain
Nudlear atypia 90575 | 9045 | Positive |Positive | 116.7% | 150% Drop in HSFI mirrors decline in nuclear feature fidelity; strong diagnostic
concordance
Tissue architecture 95590 |95>55 | Positive | Positive | 5.3% | |42.1% | HSFI tracks structural coherence; minor deviation from gold standard
Mitotic figure accuracy | 85560 | 85530 | Positive | Positive | 129.4% | 164.7% Sha'rp drop in accuracy parallels steep HSFI loss; demonstrates sensitivity to fine-
grained cell features
No blurring 95>85 | 95555 | Positive | Positive | 10.5% | }42.1% | Lower sharpness directly reduces HSFI; confirms structure-preservation alignment
Overstaining 3510 3520 Negative | Negative | 1233% | 1567% | HSFI decreases with overstaining; expected inverse relationship
Hallucinations 510 538 Negative | Negative | 1100% | 1660% | HSFI inversely tracks artifact prevalence; confirms perceptual reliability
E;Iz;?ﬁ;} ;)agreement 94>85 |94->63 | Positive |Positive |19.6% |133% | HSFIdeclines in sync with consensus loss; supports reproducibility of diagnostic trust
Turing test success 92>81 |92->50 | Positive |Positive | 112.0% | 45.6% | HSFIaligns with human perceptual success drop; validates perceptual interpretability
Table 7. Monotonic relationships were observed for model I (H&E > CycleGAN) and model IT (H&E

> CUTGAN + DCLGAN). Respective models show direction and magnitude, derived from qualitative
evaluations and HSFI, and are followed by the corresponding diagnostic interpretations.

Two-Point Radar Plot: H&E vs CycleGAN

HEEC

Hall (inv)

'MO: Melanin differentiation
NA: Nuclear atypia

TA: Tissuearchitecture
MFA: Mitotic figure accuracy
BN: Blurring

H&EC: HAE consistency
TT:Turingtest
IRA: Inter-rateragreement
Hall: Hallucinations

0S: Overstaining

BN (None)

Fig. 8. The two-point radar plot compares H&E and CycleGAN’s performance across ten qualitative
evaluation dimensions, all scaled from 0 to 1. The blue shape (H&E) sets the upper limit across each axis. The
orange shape (CycleGAN) has the same form but is smaller, which results in lower scores on each criterion.
CycleGAN maintains structure and appearance close to H&E but loses detail in areas where exact shapes
matter the most. For fair comparison, metrics where lower scores are better (overstaining, hallucinations) are
inverted, so higher numbers always mean better results on the chart.

stable, high-quality outputs. While this increases computational demands over CUTGAN, DCLGAN still avoids
full cycle reconstruction, so its training time sits between CUTGAN and CycleGAN. Since training is performed
offline, this trade-off is acceptable for CycleGAN’s improved structure modeling and reduced artifacts. Efficient
inference is essential to integrating patch-based tissue modeling into mainstream digital pathology. Because
WSIs often reach gigapixel dimensions, they are partitioned into computationally manageable patches/
tiles for Al analysis’®. Once models are trained and frozen, they no longer perform gradient computation,
loss backpropagation, or weight updates. Their value relies exclusively on optimized forward-pass speed and
minimal-latency outputs. These characteristics are decisive for digital pathology. Pathologists require real-time
visualization to flexibly investigate multiple diagnostic possibilities. Even millisecond-scale lags can disrupt
workflow and diagnostic accuracy. Our evaluated GANs process images in approximately 1.72-1.96 min. This
duration may fall short of the rapid feedback essential for histopathological workflows and may render high-
throughput screening impractical. Reducing inference time from minutes to seconds per slide is imperative for
clinical viability. Accelerating inference upholds interactive diagnosis and delivers Al insights at the point of
care”’.

While CycleGAN requires more computational power and slower inference speeds, its clinical value must be
assessed beyond training time. Deployment feasibility is also crucial; as high computing needs may limit its use
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Two-Point Radar Plot: H&E vs CUT + DCL

HaEC

HeE
—— cuT +bcL

Hall (inv) T

HBEC: HE consistency MD:Melanin diferentiation

TT:Turingtest NA: Nuclearaty;

IRA: Inter-rateragreement TA: Tissue architecture

Hall: Hallucinations MFA: Mitotc figure accuracy
: Overstaining BN (Nonese) : Blurring

Fig. 9. The Two-point comparative radar plot: H&E vs. CUTGAN + DCLGAN. This chart visualizes their
relative performance across ten qualitative evaluation dimensions, normalized from 0 to 1. The blue polygon
(H&E) defines the upper diagnostic envelope. It serves as the gold-standard reference for morphological

and color fidelity. The red polygon (CUTGAN + DCLGAN mean ) contracts sharply inward, especially along
axes of mitotic fidelity, architecture, and nuclear atypia. This contraction illustrates perceptual and diagnostic
deterioration mirrored by HSFI. Axes for artifacts (overstaining, hallucinations) invert the scale, where
higher values indicate better performance. The red contraction toward the center highlights increased artifact
frequency.

in low-resource settings. To address this, we evaluated several optimization models: pruning’3-%°, knowledge
distillation® %, quantization®, coarser patches/tiles 2%, and runtime engine conversion®> against baseline
CycleGAN for realizing GAN-based virtual staining systems to integrate seamlessly into time-sensitive clinical
environments®®, and identifying suitable avenues to reduce computational demands. Ablation experiments
showed that structured pruning (removing filters or channels) yields about 2x faster runtime and 30% lower
memory and FLOPs with simpler deployment. By integrating fine-tuning, it cuts latency by about 28%, with
minimal loss in structure preservation (SSIM/HSFI). The knowledge distillation reduces training parameters
and FLOPs by 60% and halves latency and memory. However, it incurs minor loss in SSIM/HSF], slightly more
than pruning because smaller capacity limits fine texture recovery. Quantization with calibration offers about
2.5x faster runtime, negligible fidelity loss (SSIM/HSFI), and halves activation memory, but does not change
training FLOPs or training parameters owing to symmetric quantization. Coarser tiles give the model more
spatial context per inference. We find that larger context cuts tile-boundary artifacts, lowers per-image latency
by 25%, and boosts fidelity. Lastly, TensorRT reduces latency fourfold, cuts memory by about 60%, and results
in minimal fidelity loss. Overall, these optimization models decrease CycleGAN’s computational demands and
latency, clarifying trade-offs in fidelity and deployment efficiency.

CUTGAN relies on one generator with contrastive learning, making it lightweight and efficient in memory
usage. For fast results, choose CUTGAN. On the other hand, DCLGAN incorporates dual contrastive learning.
This adds modest computational overhead compared to CUTGAN, but enhances feature diversity and model
stability. For applications demanding staining diversity with robust convergence, DCLGAN balances variation
and reliability. In comparison, CycleGAN employs two generator-discriminator pairs with cyclic consistency
and adversarial losses. This doubles the inference workload for each iteration, making it the most resource-
intensive option. When resources permit, CycleGAN delivers the richest, most detailed virtual stains. Ultimately,
while CUTGAN is fastest, DCLGAN presents a balanced compromise among stability, diversity, and efficiency.

CycleGAN faces the highest mode collapse risk (~ 25-30%), due to stringent cycle consistency that compels
exact reconstruction and inadvertently limits generative diversity. Although this approach favors dominant
tissue fidelity but limits to homogenize subtle pathology diversity, and increases potential false negatives in
borderline samples. In comparison, CUTGAN’s one-sided mapping shows a moderate collapse risk (~ 15-20%):
though it converges quickly and is computationally efficient, it misses fine morphological details, reducing
feature diversity. Meanwhile, DCLGAN has a mild collapse risk (~ 5-10%) due to its dual contrastive learning
and strong regularization, which encourages the generator to explore varied stains and maintain fidelity.
By using context and tissue information, DCLGAN avoids repetitive outputs and preserves key histological
features. Several strategies could help reduce mode collapse in CycleGAN while maintaining diagnostic fidelity.
First, patch-wise contrastive learning enforces local correspondence between source and output patches and
may discourage degenerate mappings’. Second, using contrastive terms in both translation directions with two
generator—discriminator pairs reduces hallucinations and improves staining fidelity. Thus, contrastive hybrids
may be a strong line of defense against CycleGAN’s mode collapse®. Third, using conditional latent sampling in
generators enables structured stochastic mapping and varied outputs. This increases sample diversity and allows
controlled generation of stain variants®”-%,
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CycleGAN’s performance across VISGAB demonstrates readiness for clinical virtual H&E staining, as
supported by perceptual, distributional, HSFI, Turing test, and inter-rater agreement results. Higher HSFI
scores reflect superior image and diagnostic fidelity, with modest inference time presenting a practical trade-
off between fidelity and deployment efficiency. Despite CycleGAN’s low artifact rate, subtle distortions in
melanin-rich regions and inflammatory cases may compromise diagnostic accuracy in borderline scenarios.
To address this challenge, explainability tools can meaningfully increase clinician trust in virtual-staining
systems. However, such explanations must not only pass algorithmic sanity and faithfulness checks, but also earn
rigorous validation through active clinician collaboration, ensuring both reliability and acceptance in real-world
diagnostic practice. Efficiency may be increased with methods like pruning and knowledge distillation, each
affecting performance differently. CycleGAN has the highest mode collapse risk among the utilized GANs, but it
prioritizes preserving critical tissue features over generative diversity, a trade-off®” justified by the low interclass
variance in our histopathological data. In contrast, CUTGAN offers reasonable structural fidelity and fastest
training/inference, but its moderate mode collapse risk, suboptimal melanin differentiation, and higher artifact
rate may limit diagnostic safety in melanocytic lesions. DCLGAN occupies the middle ground, with satisfactory
diagnostic sufficiency, good feature retention, the lowest mode collapse risk, and moderate computation time.
Although CycleGAN leads in clinical sufficiency and minimal artifacts, DCLGAN balances stability, diversity,
and efficiency. CycleGAN’s compliance with clinical thresholds®® and minimal artifact will make it well-suited
for regulatory approval in melanoma diagnostics’!, effectively aligning advanced generative modeling with
clinical demands.

Limitations and future work

The promising performance of CycleGAN across VISGAB is tempered by several important caveats. First,
testing on a single-institution cohort of 87 WSIs restricts generalizability, especially for rare skin conditions
and institutions using different scanners or staining protocols; scanner heterogeneity can dramatically affect
performance®. Second, the combined inference latency burden and mode collapse risks reveal a trade-off,
potentially limiting deployment in resource-constrained environments. Third, while general artifact rates are
low, subtle distortions in melanin-rich regions and inflammatory cases may compromise diagnostic accuracy
in borderline scenarios®. To meet these challenges, future work will prioritize multicenter dermatopathology
networks to address diverse scanner and stain conditions® utilize few-shot learning to improve robustness for
rare lesion types®. Examine neural architecture search (NAS) and next-generation optimization models to
fine-tune CycleGAN for edge-device compatibility on mobile GPUs*® and adopt discriminator and training
regularizers®”*® that directly address mode collapse. In addition, integrating explainability tools such as heat
maps will support clinician decision-making by providing insights about a model’s predictions and confidence®.
Finally, prospective, real-time evaluation in clinical workflows will assess both clinical utility and compliance
with regulatory standards, including the TRIPOD-AI checklist.

Conclusion

This paper institutes VISGAB, a comprehensive benchmarking framework for assessing GAN-based virtual
staining of skin tissue histology. VISGAB combines rigorous quantitative evaluations (e.g., SSIM, PSNR, FID,
KID, LPIPS, and HSFI) with qualitative evaluations such as pathologist-driven visual Turing tests and inter-rater
agreement, collectively addressing perceptual quality, distributional fidelity, contrast accuracy, and diagnostic
trustworthiness. By providing a unified platform for image-to-image translation assessment in digital pathology,
VISGAB identifies CycleGAN as the leading candidate for clinical integration among utilized GANS for virtual
H&E staining. The cyclic consistency constraints of CycleGAN ensure high structural and perceptual realism,
as reflected in higher HSFI scores and strongly positive visual Turing test, resulting in diagnostic-grade virtual
H&E stains. Nonetheless, CycleGAN’s heavier inference footprint, risk of mode collapse, and occasional subtle
distortions in melanin-rich and inflammatory cases underscore the need for clinician vigilance in challenging
scenarios. By addressing critical challenges in melanin differentiation and artifact reduction, VISGAB paves the
way for future enhancements that reconcile computational rigor and output diversity with clinical efficiency.
In line with FDA guidelines on Al as a medical device, future work will prioritize validation across multiple
institutions, optimize architectures via edge-friendly NAS, integrate explainable heat maps, and implement
targeted strategies to mitigate mode collapse. These efforts collectively aim to advance scalable, interpretable,
and high-fidelity AI tools for precision histopathology.

Data availability

The E-Staining DermaRepo (Skin Histology) dataset was collected under Advarra IRB Protocol No. Pro00035376
and includes skin histopathology data. All procedures involving human participants, followed the Declaration
of Helsinki according to institutional and national guidelines. Written informed consent was obtained from all
participants. Patient privacy and data handling complied with HIPAA standards. The dataset is publicly available
at https://biomisa.org/index.php/downloads/. Currently, the research relies on data collected from a single IRB
protocol. To the best of our knowledge, there is no publicly available dataset for skin histopathology that contains
data from multicenters. We plan to initiate collaborations with additional institutions and integrate new data
sources to establish a multicenter dataset in the future. For data assistance, contact Muhammad Usman Akram
(usmakram@gmail.com).
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