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Abstract—Prostate cancer is the second most common cancer
in men worldwide, diagnosed via histopathological evaluation of
H&E-stained images. Gleason grading, however, is subjective
and prone to inter-observer variability. Deep learning-based
computer-aided diagnosis systems offer promising support, but
stain color variations pose a challenge, motivating normalization
algorithms. This study evaluates color normalization on H&E
prostate cancer image classification using a pre-trained ViT and
eight classifiers, including a majority voting ensemble. Binary
classification on a public dataset compared benign and malignant
cases across two normalization methods (SW-CCN and BKSVD)
and original images. Results showed original images yielded
superior ViT and classifier performance, despite more malignant
cases being misclassified as benign. SVM with ViT feature
extraction achieved the best overall performance, surpassing both
the ensemble and ViT classifier.

I. INTRODUCTION

Cancer is a prevalent health condition, with one in five indi-
viduals at risk during their lifetime [1]. Prostate cancer (PCa)
is the second most common cancer in men worldwide, after
lung cancer [2], [3]. In Brazil, it is the most frequent cancer
in men, with 71,730 new cases estimated for 2023–2025 [4].

Diagnosis relies on microscopic examination of H&E-
stained biopsies, where hematoxylin stains nuclei purple and
eosin stains extracellular components pink [5]. The Gleason
grading system is the gold standard for these diagnoses, but
subjectivity leads to significant inter- and intra-observer vari-
ability [6]. Computer-aided diagnosis (CAD) with AI shows
potential in PCa detection and prognosis [7]. Machine learning
(ML), a subfield of AI, includes deep learning (DL), which
can automatically learn abstract features using neural networks
[8], [9]. CNNs and Vision Transformers (ViTs) are promising
DL models for feature extraction and classification in medical
imaging [10].

Color variations in H&E images challenge CAD systems
and can be mitigated with stain normalization [11]. Prior
studies on normalized H&E images used mainly CNNs, often
showing positive impacts on classification [12]–[21], though

some reported weak or negative effects [22]–[24]. Classifica-
tion studies explored ML algorithms like decision tree (DT),
Naive Bayes (NB), K-nearest neighbors (NN) [24], random
forest (RF) [21], [23], support vector machine (SVM) [20],
[21], [23], and softmax activation [16]. However, no study
applied ensemble methods or combined all these classifiers in
an analysis.

Also in this context, none of the studies from the correlated
literature have analyzed the use of ViT architecture for feature
extraction and classification of normalized histopathological
images; instead, their application has been mostly limited to
CNNs, particularly for prostate cancer images. Therefore, there
are still open questions regarding the use of ViTs as well
as different classification approaches, including several ML
algorithms and ensembles, since most studies analyzed up
to two kinds of ML algorithms and none of them studied
ensemble methods. This work proposes the analysis of the
role of normalization in the training and binary classification
of PCa histological images, which has not been performed in
classification studies, using a pre-trained ViT and eight classi-
fiers: the ViT classifier, logistic regression (LR), K-NN, NB,
Polynomial, RF, SVM, and an ensemble of them, except for
the ViT classifier. The main contributions are: (i) analysis of
ViT with original and normalized images, (ii) investigation of
two normalization techniques on the classification results, and
(iii) investigation of different classifiers and their ensemble.

II. METODOLOGY

This work involved three steps. First, input images were nor-
malized using two literature-based techniques. Next, features
were extracted with a fine-tuned ViT. Finally, these features
were classified using various ML algorithms, including an
ensemble. This combination of ViT and normalization has not
been previously analyzed. Fig. 1 illustrates the methodology.

Experiments were performed on a desktop with an Intel
Ultra 7 265 processor, NVIDIA GeForce RTX 4060, and 32
GB RAM.
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Fig. 1. Flowchart of the proposed methodology for evaluation of normalization applied to classification of PCa images with ensemble learning and ViT.
Figure adapted from [25] © 2020 arXiv.

A. Dataset

The images used in this study were obtained from the
CrowdGleason dataset, which comprises 19,077 H&E PCa
patches from 1,045 whole-slide images with a resolution of
2,048×2,048 pixels and a magnification of 40×, with no
overlapping. Pathologists categorized them into four labels:
non-cancerous (NC), Gleason Grade 3 (G3), Gleason Grade
4 (G4), or Gleason Grade 5 (G5) [26]. Some examples are
shown in Fig. 1.

For balanced analysis, we used binary classification: NC
as benign and G3–G5 as malignant. Data sampling followed
[26], with 13,824 training, 2,327 validation, and 2,926 testing
samples, ensuring no patient overlap. Even after binarization,
the training set had 2,124 more benign samples. To balance
it, 2,124 malignant samples were randomly selected and
augmented following [21]. Test and validation sets remained
unbalanced: test with 2,157 benign cases and 769 malignants;
validation with 1,329 benign cases and 998 malignants.

B. Stain color normalization

The saturation-weighted complete color normalization (SW-
CCN) proposed by Li et al. [27] is a normalization method
that addresses the main sources of color variation: illumination
inconsistencies and staining variability, separately. It uses a
non-negative matrix factorization to estimate stain colors in
the RGB color space. In a similar approach, the method
in [17] applied a dictionary learning to transfer the colors of a
target image to all the PCa images. This method was entitled
the Bayesian K-singular value decomposition (BKSVD). The
SW-CCN was chosen for reaching the best results in recent
segmentation analyses [28]. In contrast, the normalized images
by BKSVD were made available with the evaluated dataset,
which represents a bias-free dataset for analysis.

C. Vision Transformer

The ViT is a DL architecture for image recognition, derived
from the transformer model, originally successful in NLP.
Input images are divided into fixed-size patches, flattened

into vectors (patch embeddings), and enriched with learn-
able positional embeddings to preserve spatial information. A
learnable classification token (CLS) is prepended as a global
representation. This sequence passes through a transformer
encoder [25].

ViT can be pre-trained on large datasets and fine-tuned for
specific ones [25]. We used a pre-trained ViT-Large (16×16
patch, 224×224 input) from Google Research via Hugging
Face, originally trained on ImageNet-21k and fine-tuned on
ImageNet-1k. Further fine-tuning on CrowdGleason used a
learning rate of 2e-4, weight decay 0.01, batch size 16, and 50
epochs, evaluating validation accuracy for each epoch, from
which the best model was used.

For feature extraction, the fine-tuned ViT provided a 1,024-
dimensional vector from the final hidden state of the CLS
token.

D. Classification

For ViT fine-tuning, the classification head consisted of
an MLP [25]. Several ML classifiers were also applied. K-
NN classifies a sample based on the majority class among
its K nearest neighbors [29]. NB uses Bayes’ theorem to
estimate event probabilities from prior knowledge [30]. LR
estimates outcome probabilities from predictors, often used in
diagnostic analyses [31]. RF combines decision trees, with leaf
nodes providing class probabilities and internal nodes splitting
data [32]. SVM separates data with an optimal hyperplane;
polynomial refers to SVM with a polynomial kernel, while
SVM here uses an RBF kernel [33]. An ensemble combines
predictions from multiple classifiers to improve performance,
with common approaches including boosting, bagging, and
stacking [34]. Here, a majority voting was used, combining
K-NN (K=5), LR, NB, polynomial, RF, and SVM, all trained
in parallel via scikit-learn.

E. Evaluation Metrics

The metrics used in this work are shown in Fig. 1. Accuracy
reflects the proportion of correctly classified instances. The
area under the ROC curve (AUC) quantifies a classifier’s



ability to discriminate between classes across thresholds. F1-
score (a harmonic mean of precision and recall) balances false
positives and negatives. Sensitivity (recall) indicates the pro-
portion of true positives correctly identified, while specificity
measures true negatives accurately detected. Together, these
metrics provide a comprehensive evaluation of a classifier’s
performance [35].

III. RESULTS AND DISCUSSION

This section presents the results of the proposed methodol-
ogy. To do so, initially, ViT was analyzed for processing the
original and normalized images. Thereafter, the investigation
of the different classifiers is detailed.

A. Analyses of normalization combined with ViT

Table I presents the classification metrics of ViT fine-tuned
on the three PCa datasets: original and normalized versions
(SW-CNN [27] and BKSVD [17]). Original data outperformed
normalized data across most metrics, except sensitivity, high-
lighted in bold. Among normalization methods, the maximum
metric difference was 0.1224 in sensitivity. Accuracy showed
the largest gap, with original data exceeding normalized results
by up to 14.26%.

These results indicate that normalization did not improve
ViT classification. Notably, normalization increased sensitivity
by 0.2368, enhancing the true positive rate. Overall, the F1-
score and sensitivity remained low, with maximum values of
0.60 and 0.66, respectively, except for the BKSVD model
(0.78 for sensitivity), suggesting that other classifiers could
be explored for better performance.

TABLE I
PERFORMANCE COMPARISON OF VIT ACROSS THE ORIGINAL AND

NORMALIZED DATASETS THROUGH ACCURACY (ACC), AUC, F1-SCORE,
SENSITIVITY (SEN), AND SPECIFICITY (SP).

Dataset Acc AUC F1-score Sen Sp
Original 0.8100 0.8361 0.6040 0.5514 0.9022
SW-CCN 0.6945 0.7405 0.5339 0.6658 0.7047
BKSVD 0.6941 0.7908 0.5558 0.7882 0.6820

Fig. 2 shows ViT confusion matrices: SW-CCN and
BKSVD misclassified 637 and 686 benign samples as ma-
lignant, respectively, versus 211 for the original data. Con-
versely, original images had the most malignant samples
misclassified as benign (345). Thus, normalized images made
benign predictions harder but reduced the misclassification
of malignant samples. Since medical applications can have
different perspectives for misclassification, the original images
imposed more complex and flawed results, identifying more
malignant cases as benign.

B. Classification of ViT features through different methods

Table II shows ML classifiers’ performance on the datasets
after feature extraction with fine-tuned ViT. The dataset nor-
malized with SW-CCN had the lowest results across classifiers,
with maximum accuracy, F1-score, sensitivity, and specificity
of 0.68, 0.63, 0.71, and 0.69, respectively. Original images

achieved the best overall performance, though BKSVD was
similar. For LR, RF, and SVM, the maximum metric difference
was 0.04; other classifiers showed larger differences, with K-
NN having the highest specificity gap (0.17).

Among all classifiers, SVM obtained the best metrics,
except for sensitivity, reaching 0.77 accuracy, 0.64 F1-score,
and 0.77 specificity. The K-NN achieved the highest sensitivity
(0.80) for original and BKSVD images. Normalization did not
improve results; in fact, performance was equal or lower for
normalized datasets compared to the original, except for the
BKSVD method, wich improved RF accuracy and specificity.
Overall, ViT classifier outperformed ML classifiers on original
images. For normalized datasets, BKSVD with LR, NB, RF,
SVM, and polynomial classifiers achieved up to 8% higher
accuracy than ViT. These classifiers also increased overall F1-
score and sensitivity, notably SVM, which reached 0.64 F1-
score and 0.77 sensitivity for the original images, compared
to 0.60 and 0.55 for ViT on the same data.

TABLE II
PERFORMANCE OF CLASSIFIERS ACROSS THE DIFFERENT DATASETS.

Classifier Dataset Accuracy F1-score Sensitivity Specificity

K-NN
Original 0.71 0.59 0.80 0.69
SW-CCN 0.67 0.51 0.65 0.67
BKSVD 0.60 0.51 0.80 0.52

LR
Original 0.75 0.62 0.78 0.73
SW-CCN 0.68 0.53 0.71 0.66
BKSVD 0.74 0.61 0.77 0.73

NB
Original 0.75 0.61 0.75 0.75
SW-CCN 0.67 0.51 0.63 0.69
BKSVD 0.72 0.56 0.67 0.74

RF
Original 0.75 0.61 0.76 0.74
SW-CCN 0.66 0.52 0.71 0.64
BKSVD 0.76 0.61 0.74 0.76

SVM
Original 0.77 0.64 0.77 0.77
SW-CCN 0.68 0.63 0.70 0.67
BKSVD 0.75 0.60 0.74 0.75

Polynomial
Original 0.75 0.63 0.79 0.74
SW-CCN 0.67 0.51 0.69 0.67
BKSVD 0.73 0.59 0.74 0.72

Fig. 3 shows the AUC variations. The original images
achieved the highest AUCs for all classifiers, exceeding 0.775.
SW-CCN had the lowest AUCs, with the best around 0.750,
while BKSVD showed more variation, ranging from nearly
0.675 to 0.825.

Analysis of the classifiers highlights the high performance
of LR, RF, SVM, and polynomial, all above the mean indicated
by the dotted lines. K-NN and NB consistently had lower
AUCs across all datasets. Overall, despite the AUC variations,
classifier performance was similar between original and nor-
malized datasets.

C. Ensemble performance analyses

Table III presents the ensemble results. Original dataset
achieved the best results, confirming that normalization did not
improve classification. Ensemble outperformed some individ-
ual ML algorithms, e.g. K-NN (up to 8% lower accuracy). For
F1-score and specificity, the ensemble surpassed nearly all ML
algorithms except SVM, which had a higher F1-score (0.64
original, 0.63 SW-CCN, 0.60 BKSVD). Sensitivity was up to



Fig. 2. Confusion matrices for ViT classification on test sets from each dataset (original and normalized by SW-CNN and BKSVD).

Fig. 3. Comparison of AUC results of different classifiers on the three analyzed datasets.

4% better in individual classifiers. Therefore, the ensemble had
higher F1-score and specificity, but lower sensitivity.

TABLE III
PERFORMANCE COMPARISON OF ENSEMBLE ACROSS THE ORIGINAL AND
NORMALIZED DATASETS THROUGH ACCURACY (ACC), AUC, F1-SCORE,

SENSITIVITY (SEN), AND SPECIFICITY (SP).

Dataset Acc AUC F1-score Sen Sp
Original 0.7717 0.8419 0.6381 0.7659 0.7738
SW-CCN 0.6887 0.7416 0.5340 0.6788 0.6922
BKSVD 0.7447 0.8108 0.5990 0.7256 0.7515

The original dataset had the best ensemble performance
(AUC 0.8419), followed by BKSVD (0.8108) and SW-CCN
lowest (0.7416), which was expected since the individual
ML classifiers also achieved this result. Despite normalization
decreasing performance, all results exceeded a random base-
line (AUC 0.50). SVM AUCs were 0.8450, 0.7449, 0.8307
(original, SW-CCN, BKSVD), showing similar but better
performance than the ensemble. Therefore, it is interesting to
note that even by combining different classifiers, we have not
yet obtained better AUC results. This is an important insight
because the original images did not benefit from the ensem-
ble learning, and the limitations imposed by the normalized
images’ features were not surpassed by this approach.

An important observation is that the PCa dataset used in
this work has not yet been used in any classification study,

presenting a challenge regarding images that have not been
analyzed by other authors.

IV. CONCLUSION

In this work, we investigated the impact of two normal-
ization methods (SW-CCN and BKSVD) on a pre-trained
ViT for classifying H&E-stained histological PCa images,
a dataset not previously studied for classification. We also
analyzed various machine learning algorithms: NB, K-NN,
LR, polynomial, RF, SVM, and a majority-voting ensem-
ble. Our results revealed that these normalization methods
can reduce the performance of both the ViT and classifiers
using ViT-extracted features. This can be a consequence of
challenges imposed by the normalization on benign cases’
features. Notably, SVM consistently achieved the best metrics
among the classifiers, indicating that ViT feature extraction
from original images with SVM alone is sufficient for this
classification. For further research, the present work provides
a foundation for exploring other ViT models, especially hybrid
architectures, as well as for conducting studies on different
databases.
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