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Abstract. Clear cell renal cell carcinoma (CCRCC) grading is essential
for treatment planning, yet existing approaches either analyze patch-
level images directly or focus solely on nuclei-level classification, without
linking to final tumor grading. We propose a semantic-guided multi-
modal preprocessing method that integrates nuclei classification maps
from existing pre-trained models with RGB histopathology images for
Vision Transformer (ViT)-based CCRCC grading. Our approach employs
classification map channel concatenation and multiplicative modulation,
with optimized overlays to leverage nuclei grading information, while
preserving RGB textural features. Evaluation of multiple preprocess-
ing strategies demonstrates that semantic-guided enhancement achieves
0.916 balanced accuracy, outperforming RGB-only baseline (0.707) and
max-voting aggregation from prior studies (0.427). Sensitivity analysis
reveals that this 21 percentage point improvement over baseline persists
even under simulated perturbation at rates matching current state-of-
the-art nuclei classification model error thresholds, suggesting both ef-
fective semantic utilization and practical robustness. These findings show
that preprocessing-based multimodal fusion can leverage the diagnostic
potential of existing imperfect nuclei classifiers, effectively bridging previ-
ously isolated fine-grained nuclear-level analysis with coarse-grained ViT-
based patch classification. Per-class recall was consistent across grades
(0.93, 0.91, 0.91), indicating that gains are not concentrated in the ma-
jority class. Because the sensitivity analysis perturbs ground-truth maps
rather than predictions from an actual nuclei model, this result charac-
terizes robustness under simulated error rather than deployment with a
real upstream model, which remains for future work.
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1 Introduction

Clear cell renal cell carcinoma (CCRCC) is a common subtype of renal can-
cer, presenting complex histological features that challenge diagnosis and grad-
ing [3]. Grading guides assessment of tumor aggressiveness and treatment deci-
sions [29,10]. The World Health Organization/International Society of Urological
Pathology (WHO/ISUP) system grades CCRCC by nucleolar prominence, with
higher grades indicating greater aggressiveness [11]. Grades 1–3 form a progres-
sive, nucleus-centered continuum defined by reproducible nuclear features at spe-
cific magnifications. Grade 4 represents extreme dedifferentiation (sarcomatoid
or rhabdoid morphology) where nuclei no longer follow consistent patterns, and
is therefore analyzed separately [29,11]. Among nucleolar-based grades, grade 3 is
the most clinically significant, followed by grades 2 and 1 [29,11]. Whole Slide Im-
ages (WSIs) are typically segmented into patches that are graded to infer overall
tumor grade [4]. The WHO/ISUP system lacks formal quantitative thresholds;
pathologists instead weigh the presence, spatial distribution, and morphology of
high-grade nuclei [19,22]. This qualitative process shows significant inter-observer
variability [3,22], limiting simple aggregation and requiring patch evaluation of
both individual nuclei and tissue context [4].

Patch-level strategies are either coarse-grained, grading entire patches di-
rectly [27,6], or fine-grained, grading individual nuclei then aggregating [12].
Fine-grained classification captures tumor-cell heterogeneity and subtle morpho-
logical variation [13,31], but aggregating nuclei-level grades into patch predic-
tions remains difficult. Many methods use max-voting, assigning the most abun-
dant nuclei class as the patch grade [12,1], which systematically under-grades
patches where sparse high-grade nuclei determine clinical significance [8,4].

Fig. 1 illustrates this limitation. Images 1–4 are grade 3 patches in which
green (grade 1) and yellow (grade 2) nuclei far outnumber red (grade 3) nuclei;
max-voting [12] would misclassify them as grade 1 or 2, whereas pathologists
assign grade 3 from the presence and spatial distribution of high-grade nuclei
even as a minority. Conversely, Image 5 is a grade 2 patch with scattered grade 3
nuclei, showing that mere presence of high-grade nuclei is insufficient: spatial
clustering, density, and morphological context also matter. These subjective,
non-linear relationships cannot be captured by simple voting.

1.1 State of the Art

U-Net architectures and variants [23,25,5,13] yield accurate per-nucleus grade
predictions, but aggregating them via max-voting discards the spatial and mor-
phological context essential for clinical grading [1]. Separately, coarse-grained
methods grade patches directly using deep learning, particularly Vision Trans-
formers (ViTs) that capture local and global patterns [7,26], bypassing nuclei-
level analysis and relying on RGB images alone. A critical gap remains: fine-
grained nuclei classifiers and coarse-grained patch classifiers stay isolated. Pre-
trained nuclei models [12] encode substantial cellular-morphology knowledge un-
used by patch-level systems. Multimodal fusion in computational pathology [9]
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Fig. 1. Limitation of max-voting for CCRCC patch grading. Nuclei are outlined by 4
grades: blue (grade 0, non-tumorous cells), green (grade 1), yellow (grade 2), red (grade
3). Images 1-4 (left): Despite predominance of low-grade nuclei (green/yellow), all
four patches are assigned grade 3 by the pathologist due to presence and spatial dis-
tribution of high-grade nuclei (red). Max-voting (selecting the most abundant grade)
would incorrectly classify these as grade 1 or 2. Image 5 (right): A grade 2 patch
showing that mere presence of scattered grade 3 nuclei is insufficient, grade assignment
depends on quantity, spatial distribution, and morphological context, determined sub-
jectively by the pathologist.

integrates complementary sources, but preprocessing-based fusion of nuclei maps
with RGB images for patch grading remains, to our knowledge, unexplored.

We bridge this gap with a semantic-guided multimodal preprocessing method4

integrating nuclei classification maps from pre-trained models with RGB images
for ViT-based CCRCC grading. Multiplicative modulation with perceptually
optimized overlays embeds nuclei grading information directly into ViT inputs,
letting the model learn grade-determining patterns that combine fine-grained
nuclei information with tissue context. Sensitivity analyses quantify how imper-
fect nuclei classification affects patch-level grading, indicating applicability with
existing models. Dataset details are in Section 2.1; subsequent sections present
the methodology, results, and workflow implications.

2 Methodology

2.1 Dataset

The dataset comprises 1000 H&E stained patches at 512×512 pixels, with patch-
level ground truth annotated by a pathologist following WHO/ISUP guide-
lines [3,29] for grades 1–3, enabling comparison with aggregation methods such
as max-voting. Single-pathologist annotation disregards inter-observer variabil-
ity; our focus is the methodological advantage of semantic-guided preprocessing,
not clinical-grade ground truth. The original distribution was highly imbalanced
(grade 1: 66.3%, grade 2: 23.0%, grade 3: 10.7%). Data were split into training
(70%), validation (10%), and test (20%). The patches were selected from whole-
slide images of the TCGA KIRC and KIRP projects, following the patch selection

4 We use multimodal to denote the fusion of the RGB image with a derived semantic
representation of the same tissue section, rather than distinct imaging modalities;
both inputs originate from the same H&E image.
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and annotation of [12]. The source dataset is distributed as a flat collection of
patches without an explicit patch-to-slide mapping, and its own description spec-
ifies only that the data were randomly divided into training, validation and test
partitions, without stating whether this division was performed at the slide, case
or patch level. Our split therefore follows the same patch-level protocol to remain
comparable with the source benchmark, and slide-level grouping could not be
verified or enforced. Consequently, patches originating from the same slide may
appear in different partitions, and residual correlation arising from shared stain-
ing, scanner characteristics and local tissue architecture cannot be excluded. To
address imbalance, targeted augmentation (horizontal/vertical flips) was applied
to minority classes in the training set only, yielding a near-balanced training dis-
tribution (grade 1: 35.7%, grade 2: 35.1%, grade 3: 29.2%).

Table 1. Vision Transformer model comparison for patch-level CCRCC classification
on RGB-only histopathology data (without semantic guidance). All models were fine-
tuned with identical protocol; performance shown on test set.

Model F1 Accuracy Precision Recall
Google ViT Base Patch32-384 0.8095 0.8077 0.8181 0.8077
Google ViT Large Patch32-384 0.8079 0.8076 0.8112 0.8076
Google ViT Base Patch16-224 0.7766 0.7821 0.7846 0.7821
Google ViT Base Patch16-224-in21k 0.7536 0.7564 0.7546 0.7564
OpenAI CLIP ViT Base Patch32 0.5454 0.5513 0.5538 0.5513

2.2 Vision Transformer Selection and Fine-Tuning

We fine-tuned multiple pre-trained ViT architectures on our CCRCC dataset
using RGB images only (without semantic guidance), replacing the classification
head with a three-class output layer and updating all weights. All patches were
resized to 384 × 384 pixels. Table 1 compares performance. Google ViT Base
Patch32-384, pre-trained on ImageNet-21k, achieved the highest performance
and was selected for all experiments; it processes images as 32× 32 pixel-token
sequences, capturing local and global tissue context [7,26]. Fine-tuning used
learning rate 10−4 with cosine annealing, batch size 32, AdamW, and 50 epochs
with early stopping. The same protocol was applied to all multimodal fusion
methods below.

2.3 Semantic-Guided Multimodal Preprocessing

Our approach integrates nuclei classification maps with RGB images through
preprocessing, letting the ViT leverage semantic nuclei information without ar-
chitectural modifications. Maps from pre-trained models [15,12] are combined
with RGB patches before input to the fine-tuned ViT. We developed two meth-
ods: Classification Map Channel Concatenation and Multiplicative Modulation.
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Classification Map Channel Concatenation The classification map chan-
nel concatenation (HEC) method uses color deconvolution [24] to separate H&E
staining components, creating a three-channel input where nuclei grading infor-
mation replaces the original blue channel. RGB patches are converted to hema-
toxylin (H) and eosin (E) grayscale channels via standard deconvolution matri-
ces [24]. The third channel (C) holds the nuclei classification map with five values:
background (0), tumor grades 1–3, and grade 0 non-tumorous cells (4). Value 4
denotes a non-tumorous cell label, unrelated to WHO/ISUP grade 4, which is
excluded here. Values are linearly mapped to [0, 255] (output = class×63.75) for
compatibility with standard image processing. The ViT is fine-tuned on HEC
inputs using the RGB-only protocol.

Multiplicative Modulation Method HEC combines modalities but requires
color deconvolution and does not explicitly emphasize clinically important grades.
Multiplicative Modulation (MM) is a single configurable method that preserves
the original RGB image while emphasizing tumor regions by nuclei grade impor-
tance, grounded in information-theoretic fusion principles [9]. Building on mul-
tiplicative enhancement in medical imaging [20,18], particularly Retinex-based
reflectance/illumination decomposition, MM unifies four components (intensity
modulation, grade-specific weighting, spatial smoothing, and color overlay) into
one preprocessing step applied before ViT input (Fig. 2).

(a) (b) (c) (d) (e)

Fig. 2. Preprocessing examples from left to right: (a) Original RGB image, (b) MM
(α = 0.9, β = 5.0, σ = 1.5, overlay=0), (c) MM (α = 0.5, β = 2.0, σ = 2.0, over-
lay=0.2), (d) MM (α = 0.7, β = 2.5, σ = 2.0, overlay=0.35), (e) MM (α = 0.85,
β = 3.0, σ = 1.5, overlay=0.5).

Intensity Modulation: For each pixel (x, y), enhanced intensity is

I ′(x, y) = I(x, y) · (1 + α · f(C(x, y))) (1)

where I(x, y) is the original RGB intensity, C(x, y) ∈ {0, 1, 2, 3, 4} is the nu-
clei classification label (0=background, 1–3=tumor grades, 4=non-tumorous ≡
grade 0), f is the grade-dependent weighting below, and α > 0 controls mod-
ulation strength. Higher α increases nuclei influence; as α → 0, the output
approaches the original RGB. The multiplicative form preserves original gradi-
ents, ∇I ′ = (1+α ·wc)∇I, scaling rather than eliminating edge information and
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maintaining texture features critical for ViT attention [14] while adding semantic
emphasis via the classification map [30].
Grade-Dependent Weighting: The weighting f in Eq. 2 uses a sigmoid for
smooth grade transitions, following ordinal classification principles for hierarchi-
cal medical grading [16,28]:

f(c) =
exp(β · (c− c0))

1 + exp(β · (c− c0))
(2)

where β controls steepness and c0 = 1.5 positions the midpoint between grades 1
and 2 so grade 3 receives maximum emphasis. The sigmoid applies only to tumor
grades (1–3), mapping each to a weight in [0, 1] with f(3) ≈ 1, reflecting grade 3
as most clinically significant [29,11]. Background and non-tumorous cells receive
fixed weights outside the sigmoid. In practice, the sigmoid combined with grade-
specific base weights wc yields a clinical-importance hierarchy: background/non-
tumorous w0 = w4 = 1.00; grade 1 w1 = 1.10–1.25; grade 2 w2 = 1.40–1.80;
grade 3 w3 = 1.85–2.0. These are applied in Eq. 1 through f(C(x, y)).
Spatial Smoothing: To avoid harsh boundaries between adjacent nuclei re-
gions, Gaussian smoothing (σ = 1.5–2.0 pixels) [21] is applied to the classifi-
cation map before fusion, operating only on the classification channel, not the
RGB data, preserving tissue texture while softening region boundaries.
Color Overlay: Optionally, perceptually optimized color overlays [17] are blended
with the modulated image using coefficient O ∈ [0, 1], output (1−O)·I+O·Ccolor·
I, practical range 0.2–0.5. Distinct colors mark each grade: green (1), yellow (2),
red (3) (Fig. 2), giving the model explicit class distinction beyond intensity
differences. Fig. 2(b) shows a no-overlay case: modulation and weighting still
enhance, but grades remain visually similar, giving spatial segmentation with-
out color-based distinction. Overlay-free configurations achieve notably lower
balanced accuracy (Table 2), indicating color overlay is the primary carrier of
class-discriminative information.
Parameter Selection: We evaluated MM configurations by grid search over α
(0.5–0.9), β (2.0–5.0), σ (0–2.0), overlay (0–0.5), and grade weights, assessing
first on validation; Table 2 reports test results for top configurations. The best
(α = 0.85, β = 3.0, σ = 1.5, overlay=0.5) reached 0.9160 balanced accuracy
versus 0.707 for the identically trained RGB-only baseline.

2.4 Sensitivity Analysis

Real-world deployment relies on pre-trained nuclei model predictions [12,15]
rather than ground truth. We tested robustness to imperfect classification by
injecting controlled errors into classification maps: (1) segmentation errors: ran-
dom nuclei nullified, simulating false negatives; (2) classification errors: grades
randomly altered with adjacent-grade preference (e.g., grade 2 ↔ grade 3), re-
flecting realistic misclassification [15]. Both were applied simultaneously from
0% to 60%. Models were trained on ground truth; perturbation applied only at
evaluation, isolating nuclei-accuracy impact while holding RGB constant. Per-
formance used balanced accuracy and F1.
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Table 2. Test Set Performance of Preprocessing Methods (sorted by Balanced Ac-
curacy). MM: Multiplicative Modulation with parameters α (modulation strength), β
(sigmoid steepness), σ (spatial smoothing), O (color overlay). Precision, Recall, and
Accuracy are micro-averaged; F1 is macro-averaged. All MM configurations maintain
high recall, ensuring critical high-grade cases are not missed. Bold indicates best per-
formance per metric; underline indicates second best.

Model α β Bal. Acc. Accuracy Precision Recall F1
Original RGB N/A N/A 0.7071 0.7723 0.7723 0.7723 0.7611
HEC N/A N/A 0.8612 0.8911 0.8911 0.8911 0.8859
MM (σ=1.5, O=0.5) 0.85 3.0 0.9160 0.9208 0.9208 0.9208 0.9220
MM (σ=2.0, O=0.3) 0.65 2.5 0.9125 0.9307 0.9307 0.9307 0.9301
MM (σ=2.0, O=0.35) 0.70 2.5 0.9067 0.9208 0.9208 0.9208 0.9219
MM (σ=0.0, O=0.4) 0.70 3.0 0.9009 0.9109 0.9109 0.9109 0.9129
MM (σ=2.0, O=0.4) 0.75 3.0 0.9009 0.9109 0.9109 0.9109 0.9129
MM (σ=2.0, O=0.2) 0.50 2.0 0.8822 0.9109 0.9109 0.9109 0.9103
MM (σ=2.0, O=0) 0.80 4.0 0.7889 0.8317 0.8317 0.8317 0.8240
MM (σ=1.5, O=0) 0.90 5.0 0.7703 0.8317 0.8317 0.8317 0.8195

This design was chosen deliberately: applying controlled perturbations to
ground-truth maps yields a tunable error rate and therefore a continuous char-
acterization of how performance depends on map accuracy, whereas the pre-
dictions of a single fixed model provide only one operating point and confound
segmentation with classification errors. The perturbation range was calibrated
against the error rates measured when running the pre-trained models [12,15] on
this dataset, so that the tested interval brackets the accuracy of current nuclei
classifiers. Two limitations follow. First, randomly injected errors do not repro-
duce the structured error patterns of a real upstream model, whose mistakes
are correlated with difficult morphology, staining variation, nuclear density and
grade, and which may therefore concentrate on precisely the high-grade nuclei
that determine the patch label. Second, models were trained on ground-truth
maps and perturbed only at evaluation, so the reported degradation character-
izes robustness to corruption of a reliable input rather than performance with an
imperfect model in the loop at both training and evaluation time. Evaluating the
full pipeline with predicted maps in both phases is left for future work. Balanced
accuracy is average per-class recall:

Balanced Accuracy =
1

N

N∑
i=1

TPi

TPi + FNi
(3)

where N is the number of classes, giving equal importance to all grades regardless
of frequency and addressing dataset imbalance [2].

3 Results and Discussion

We evaluated two fusion methods, HEC and MM. Table 2 shows all optimized
methods outperform the RGB-only baseline, with MM superior by preserving



8 F. Javadian et al.

0 20 40 60
Perturbation Level (%)

0.70

0.80

0.90

1.00

Te
st

 B
al

an
ce

d 
A

cc
ur

ac
y =0.85, overlay=0.5

=0.65, overlay=0.3
=0.7, overlay=0.35

Baseline (0.707)

0 20 40 60
Perturbation Level (%)

Te
st

 F
1 

Sc
or

e

=0.85, overlay=0.5
=0.65, overlay=0.3
=0.7, overlay=0.35

Baseline (0.7611)

Fig. 3. Perturbation impact on balanced accuracy and F1 score. Performance degrades
with increasing simultaneous segmentation and classification errors but remains above
RGB-only baselines (0.707 and 0.761, respectively) up to 60% error rate, demonstrating
robustness to imperfect nuclei predictions.

gradient information while directly modulating RGB intensities without color
deconvolution. The top MM configurations confirm the ranges in Section 2.3:
α = 0.7–0.85 was best (lower under-emphasized nuclei, higher over-saturated),
β = 2.5–3.0 balanced smoothness and separability, w3 = 1.85–2.0 strength-
ened the key class without degrading texture, σ = 1.5–2.0 softened boundaries
(minimal at σ = 0). Color overlay strength (0.3–0.5) was the most influential pa-
rameter, producing perceptually distinct markers against the H&E background;
removing it significantly reduced balanced accuracy (Table 2), confirming it as
the primary carrier of explicit class-discriminative information, with only spatial
cues remaining otherwise (Fig. 2(b)).

Our best method reached 0.916 balanced accuracy and 0.922 F1, versus the
RGB-only baseline (0.707, 0.761) and max-voting aggregation (0.427) [12], con-
firming that max-voting under-grades patches where sparse high-grade nuclei
carry clinical significance (Fig. 1).

Table 3. Per-class recall of the best configuration (MM, α = 0.85) on the test set.

Grade Test patches (n) Correctly classified Recall
1 114 106 0.930
2 55 50 0.909
3 33 30 0.909
Total 202 186 0.921

Table 3 reports per-class recall for this configuration, showing that perfor-
mance is not concentrated in the majority class. Classification maps alone (with
ground truth) also reach 0.916, but assume perfect classification unavailable in
practice. Current nuclei models achieve ≈0.64–0.70 balanced accuracy [12,15],
i.e., 30–36% error; at 30% perturbation our fusion maintains 0.82–0.86, indicat-
ing RGB texture provides complementary robustness.
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Fig. 3 reports sensitivity results with segmentation and classification errors
applied simultaneously. Even at 60% combined perturbation, performance stayed
above the RGB-only baseline, demonstrating applicability with existing imper-
fect models. When semantic modulation is too weak (e.g., α = 0.3 with minimal
weights), it distorts nuclei RGB appearance without sufficient emphasis and
drops below baseline (0.680 vs 0.707), supporting active utilization of nuclei
grading rather than general spatial attention. Preliminary experiments exam-
ined segmentation and classification errors in selected models [12,15] in isola-
tion. Both types produced similar degradation, with segmentation errors and
lower-grade misclassification slightly less impactful than higher-grade misclas-
sification; combined perturbation falls between the isolated cases, making it a
practical summary metric, so detailed isolated per-class/per-error analysis is
omitted. We attribute this robustness to the ViT leveraging nuclei-derived fea-
tures alongside RGB texture: the 21 percentage point gain over baseline and
monotonic degradation with perturbation both support active semantic utiliza-
tion. Removing color overlay (overlay=0) eliminates explicit class distinction
while preserving segmentation-level spatial information, reducing balanced ac-
curacy to ≈0.78 (Table 2). Removing nuclei entirely, leaving only background
tissue, eliminates chromatin texture, staining intensity, and nuclear morphology
while preserving only size and contour; performance drops substantially below
baseline, since WHO/ISUP criteria depend on nuclear characteristics beyond
size. Our fusion integrates previously isolated fine-grained classifiers with patch-
level grading without architectural modification, enabling practical deployment.

4 Conclusion

This study assessed whether existing imperfect nuclei classification models can
improve patch-level grading, and up to which error rate integration remains prac-
tically acceptable. Semantic-guided multimodal preprocessing enhances patch-
level CCRCC grading without architectural modification. Integrating nuclei maps
from pre-trained models with RGB images via multiplicative modulation and
perceptually optimized overlays achieved substantial gains over RGB-only pro-
cessing (0.707) and max-voting aggregation (0.427), the best configuration reach-
ing 0.916 balanced accuracy (Table 2). This lets ViTs exploit both fine-grained
nuclei and coarse-grained tissue patterns, evidenced by consistent advantage
across all configurations. Sensitivity analysis showed robustness up to 60% com-
bined segmentation and classification perturbation while staying above the RGB-
only baseline; current state-of-the-art nuclei models [12,15] exhibit ≈30–36%
error, well within this tolerance. Without architectural modification, our ap-
proach integrates previously isolated fine-grained classifiers into practical diag-
nostic pipelines, with further gains possible via architectural adaptation. Because
the method requires only a nuclei classification map at the input stage, it can in
principle be extended to new, unannotated cohorts using maps produced by an
existing nuclei model, with a small annotated subset reviewed by a pathologist
to verify map quality and calibrate the expected error rate. Future work will
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evaluate the full pipeline with predicted maps at both training and evaluation
time, and will test grade-decoupled overlay variants to separate the contribution
of the semantic map from that of the colour encoding.

Code Availability. The implementation is publicly available at our GitHub
repository.
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