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Abstract—Whole Slide Imaging (WSI) has revolutionized
pathology by digitizing entire slides at high resolution, offer-
ing remote accessibility, aiding computer-aided analysis, and
enhancing archiving. In this paper, we present a patch-wise
approach for tumor detection in Multiorgan WSI images sourced
from The Cancer Genome Atlas (TCGA) repository. Leveraging
pre-trained models such as MobileNet-V3-Small and KimiaNet,
we fine-tune and train with histopathology images to achieve
robust performance. Our methodology includes extensive pre-
processing, data augmentation, and hyperparameter tuning to
mitigate overfitting and enhance model generalization. Through
experiments on diverse organ datasets, including breast, colon,
prostate, and thyroid, we demonstrate the effectiveness of our
approach. KimiaNet, utilizing a unique ”high-cellularity mosaic”
methodology, and DenseNet architecture outperforms traditional
architectures, showcasing superior performance in tumor/non-
tumor classification tasks. Our study underscores the importance
of iterative model development and the efficacy of leveraging
diverse datasets for enhanced performance in digital pathology.
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I. INTRODUCTION

WSI (Whole Slide Imaging) revolutionizes pathology by
digitizing entire slides at high resolution, replacing traditional
microscopy. Offering remote accessibility, aiding computer-
aided analysis, and enhancing archiving, WSI is pivotal for
diagnosis, education, and research. This paper presents an
approach for tumor detection in Multiorgan WSI images
sourced from formalin-fixed paraffin-embedded human
pathology samples available via The Cancer Genome Atlas
(TCGA) repository. To do this we utilized pretrained model
MobileNet-V3-Small, and KimiaNet that employs the topol-
ogy of the DenseNet with four dense blocks, fine-tuned and
trained with histopathology images in different configurations.
We used kimiaNet a pretrained model for histopathology
images they used more than 240,000 image patches with 1000
1000 pixels acquired at 20 magnification through our proposed
“high cellularity mosaic” approach to enable the usage of
weak labels of 7,126 whole slide images of formalin-fixed
paraffin-embedded human pathology samples publicly avail-
able through the The Cancer Genome Atlas (TCGA) repository
Many studies, however, have shown that deep features, i.e.,
high-level embeddings in a properly trained deep network,
can outperform handcrafted features in most applications [1].
As a result, many different convolutional architectures have

been trained and introduced to provide features either directly
or through transfer learning [2] [3]. This has created new
questions in computer vision research, and consequently in
medical image analysis as to which network topology is most
suitable for a given task. Is transfer learning sufficient to solve
specific problems? What challenges and benefits does training
an entire network from scratch entail?

[4] [5] [6]

II. BACKGROUND

The literature on the applications of deep learning in digital
pathology is diverse and contains a multitude of approaches [7]
[4] [8] panella et al., 2019). As we are focused on image repre
sentation, in this section we only review recent works that
have used, fine-tuned or trained deep networks for different
purposes in digital pathology [7] [9]

Pre-Trained Networks– Two early examples of off-the
shelf feature extractors are Overfeat [10] and DeCaf [11]
used successfully in breast cancer classification by capturing
and combining different fully connected (FC) layers [12].
Combining Inception (V3) features (extracted from multi
magnification pathology images) with a fully connected layer
has been used for binary classification in breast cancer metas
tasis analysis [13] (Liu et al., 2017). Feature selection from
pre-trained deep networks has also been performed in many
pathology tasks like HEp-2 protein classification [14]. Using
features from pre trained networks on pathology domains is
another way to classify the pathology problems [3]. For in-
stance, features from DeepLoc [15] have been used to classify
protein subcellular local ization [16]. As well, deep features
from pre trained networks have been successfully used for
image search [17] [18] KimiaNet, a novel system developed
based on the topology of DenseNet, introduces a unique
methodology called cellMosaic. This approach utilizes weak or
soft labels on extensive datasets like TCGA, which lack pixel-
level annotations. Leveraging cellMosaic has notably enhanced
KimiaNet’s performance, surpassing that of DenseNet for
diagnostic imaging tasks involving TCGA datasets.

Fine-Tuned Networks– It is generally expected that fine
tuning should increase the accuracy of a pre-trained network
or the expressiveness of its features in pathology image clas
sification [19]. [20]. fine-tuned the last 2 convolutional blocks



of a VGG-19 model initialized with ImageNet weights. More
specifically, they utilized an notated patches of size 1024
by 1024 at 20 magnification from a neuropathology dataset
with 13 distinct classes for transfer learning. Eventually, they
reported a 95% accuracy for the classification task. [21] also
fine-tuned a VGG-19 model utilizing an extended version of
the latter dataset with 74 distinct classes annotated employing
the World Health Organization (WHO) tomour classification
scheme. Ultimately, they reported the training validation accu-
racy of 66% over the images spanning the 74 trained classes.
Trained Networks– [22] Coudray et al. (2018) trained an
Inception V3 model on 1176 lung WSIs from the TCGA
dataset. They extracted patches of size 512x512 pixels from
Lung Adenocarcinoma (LUAD), Lung Squamous Cell Carci
noma (LUSC), and healthy lung tissue slides. Subsequently,
they predicted diagnosis associated with any given WSI by
assessing the majority vote among the patch level predictions
of all tiles of the same slide. Finally, they reported around
97% accuracy for both 20 and 5 magnifications

III. DATASET AND PREPROCESSING

Fig. 1. Samples from Colon

The dataset initially lacked suitability for training, as WSIs
were labeled, not the patches. To address this: we labelled
data patchwise, we initially had, seven organs names Breast,
Thyroid, Prostate, Colon, Ovary and Lung. samples from colon
organ is as shown in Fig.1, We had 4 whole slides for breast,
4 whole slides for colon, 4 whole slide for prostate, 4 whole
slides for Thyroid and we considered 3 slides for training and
1 slide for testing.

Preprocessing-
In our study, we employed preprocessing techniques aimed

at mitigating overfitting and enhancing the generalization
performance of our models. We utilized random sampling
to enrich the diversity and resilience of our training dataset.

Fig. 2. Data augmentation for Colon sample

Through random selection from each slides, augmentation
techniques like rotation, scaling, and flipping, this approach
introduces variability into the dataset.Also, we did color
normalization. By doing so, we aim to mitigate overfitting
by broadening the model’s exposure to diverse data instances.
This strategy becomes particularly crucial when working with
a limited number of slides from which patches are extracted
for training, as it helps alleviate the model’s dependence on
specific patterns inherent in the original dataset.

For our preprocessing pipeline, we implemented color nor-
malization specifically tailored for stained whole slide im-
ages (WSI). This technique aims to standardize the color
distributions across the WSI dataset, ensuring consistency in
color representations despite potential variations in staining
protocols or imaging conditions.

TABLE I
SUMMARY OF DATASET

Organ Train Tumor patches Train Non-Tumor patches Test Tumor patches Test Non-Tumor patches
Colon 588 2149 53 156

Thyroid 449 7819 75 1245
Prostate 341 2635 47 144
Breast 520 7291 225 1547

Focused on training at the patch level, as the patch dataset
contained both healthy and diseased patches from the same
WSI, potentially causing confusion during deep network train-
ing.

IV. METHODOLOGY

Our method was to try out different architecture to validate
results of varieties of architecture on different organs as our
main aim is to develop a model which will able to and different
dataloader.

A. Architecture

1) MobileNet-V3-Small:: MobileNet v3 Small is a
lightweight convolutional neural network architecture opti-
mized for mobile devices, offering high efficiency and accu-
racy in image classification tasks through depthwise separable



convolutions and efficient inverted residuals. we considered
MobileNet-v3-Small model with custom Fully Connected
layer.

2) KimiaNet: [23] proposed a new network, namely
KimiaNet, that employs the topology of the DenseNet with
four dense blocks, fine-tuned and trained with histopathol-
ogy images in different configurations. they used more than
240,000 image patches with pixels acquired at 20 magnifica-
tion through our proposed “high-cellularity mosaic” approach
to enable the usage of weak labels of 7126 whole slide
images of formalin-fixed paraffin-embedded human pathol-
ogy samples publicly available through The Cancer Genome
Atlas (TCGA) repository. We tested KimiaNet using three
public datasets, namely TCGA, endometrial cancer images,
and colorectal cancer images by evaluating the performance
of search and classification when corresponding features of
different networks are used for image representation. We used
KimiaNet for tumor/ nontunmor classification with customized
fully connected layer.

B. Balanced Dataloader:

The initial dataloader’s limitation in only generating sam-
ples from certain slides restricted the model’s exposure to a
diverse range of data.(Fig. 3) As a result, the model may

Fig. 3. Initial Dataloader

have struggled to generalize well to unseen samples or slides,
leading to potential performance degradation, especially when
faced with variations present in real-world data By implement-
ing the new dataloader that randomly selects samples from
each slide (Fig .4), we introduced greater diversity into the
training dataset. The introduction of random sampling from all
slides has significantly contributed to the overall improvement
in model performance.

C. Mitigating Class Imbalance

Acknowledging our dataset’s class imbalance, with a sur-
plus of non-tumor patches compared to tumor, we employed

Fig. 4. Balanced Dataloader

weighted cross-entropy loss to address this disparity ef-
fectively. Additionally, in our evaluation metrics, we pri-
oritized Receiver Operating Characteristic Area Under
Curve (ROC-AUC) to ensure robust performance evaluation
and mitigate the impact of class imbalance on our model’s
effectiveness.

D. Hyperparameter Tunning

we conducted an exhaustive grid search over hyperparam-
eters. We explored learning rates ranging from 1e-7 to 1e-2,
considered different combinations of trainable layers from the
top 0 to 4 layers, and varied dropout rates from 0 to 0.5.
This comprehensive approach allowed us to identify the most
effective model configuration for our task.

E. Mitigating Over-fitting

we implemented a multifaceted approach. We experimented
with various models, adjusting dropout rates to introduce reg-
ularization and mitigate overfitting. Additionally, we incorpo-
rated early stopping mechanisms and applied L2 regularization
to constrain model complexity, collectively enhancing gener-
alization performance and addressing overfitting concerns.

V. EXPERIMENTS AND RESULTS

Due to time and resources restriction we performed hyper-
parameter tunning on few organs only,

A. Results for MobileNet and KimiaNet without Balanced
Dataloader-

Table II presents the results obtained from MobileNet and
KimiaNet models trained without balanced dataloader. It is
evident from the table that these models exhibit limited
generalization capabilities, indicating a challenge in effectively
capturing the underlying patterns present in the dataset.



TABLE II
SUMMARY KIMIANET WITH UNBALANCED DATALOADER ON ALL ORGANS
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Colon 3 1e-06 0 - 0.76 200
Breast 0 1e-06 0 - 0.57 200
Prostate 0 1e-06 0 - 0.59 200
Thyroid 4 1e-06 0.5 - 0.56 200

B. Results for MobileNet and KimiaNet with Balanced
Dataloader-

One of the models we explored was KimiaNet, where
we experimented with different configurations across multiple
organs. For instance, in colon classification, we observed that
training with 3 layers, a learning rate of 1e-06, and a dropout
rate of 0 yielded promising results with an AUC score of
0.76. However, in breast classification, the performance was
comparatively lower, with an AUC score of 0.57. (Table II)

Similarly, we evaluated the MobileNet-V3 architecture,
focusing on colon classification. Among the configurations
tested, training with 4 layers, a learning rate of 1e-07, and a
dropout rate of 0.2 exhibited the most favorable performance,
achieving an AUC score of 0.62.(Table II)

However, despite these efforts, the performance of the
models fell short of our expectations, indicating the need for
further optimization.

TABLE III
TOP 5 BEST MODELS FOR COLON FROM MOBILENET-V3-SMALL WITH

BALANCED DATALOADER, WITH EPOCH 250 AND EARLY STOPPING
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0.001 0.5 4 0.8954 84.68
0.001 0 4 0.8898 83.25
0.001 0.2 2 0.8839 82.77
1e-06 0.5 2 0.8562 82.77
0.001 0 0 0.8595 79.90

TABLE IV
TOP 5 BEST MODELS FOR BREAST FROM MOBILENET-V3-SMALL WITH

BALANCED DATALOADER, WITH EPOCH 250 AND EARLY STOPPING
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0.001 0.2 0 0.9818 89.84
0.001 0 4 0.9816 89.89
0.001 0.5 0 0.9811 89.72
1e-06 0.5 0 0.9786 89.61
1e-06 0.5 2 0.9757 88.37

In light of these findings, we refined our approach by imple-
menting Balanced Dataloader techniques in our subsequent ex-
periments. This strategic adjustment aimed to enhance model

TABLE V
5 PERFORMANCE METRICS OF MOBILENET-V3-SMALL-BREAST WITH

BALANCED DATALOADER ON COLON

Model Specification AUC Accuracy
LR DR L Breast Colon Breast Colon
0 1E-06 0 0.981 0.857 89.729 30.144
0 1E-06 2 0.977 0.923 89.391 28.708
0 1E-06 4 0.982 0.884 89.898 30.144
0.2 1E-06 0 0.982 0.924 89.842 30.144
0.2 1E-06 2 0.977 0.912 88.657 27.273

generalization and performance by introducing variability in
the training data.

Our revised methodology yielded significant improvements
in classification accuracy and AUC scores across both colon
and breast classification tasks. For instance, in the latest
experiments with the MobileNet-v3-Small model for colon
classification, our top-performing model achieved an AUC of
0.8954 and an accuracy of 84.68%, representing a substantial
enhancement over our previous results.

Similarly, our experiments with DenseNet models for colon
classification showcased impressive performance, with the
top-performing model achieving an AUC of 0.9869 and an
accuracy of 94.25

Moreover, the introduction of Balanced Dataloader tech-
niques played a pivotal role in augmenting model performance,
underscoring the importance of data preprocessing strategies
in medical image analysis.

TABLE VI
5 PERFORMANCE METRICS OF MOBILENET-V3-SMALL-RANDOM-COLON

ON BREAST

Model AUC Accuracy
LR DR L Colon Breast Colon Breast
0 1E-06 0 0.78 0.92 71.29 89.05
0 1E-06 2 0.75 0.93 69.37 91.19
0 1E-06 4 0.84 0.91 80.38 88.71
0.2 1E-06 0 0.82 0.93 76.55 88.99
0.2 1E-06 2 0.82 0.93 70.33 90.85
0.2 1E-06 4 0.80 0.90 77.99 88.54

TABLE VII
TOP MODELS FOR COLON AND BREAST FROM

KIMIANET-REGULARIZED-BALANCED WITH WEIGHT-DECAY = 1E-5
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Colon 1e-06 0 2 0.98 93.77
Breast 1e-06 0. 0 0.99 96.84

Additionally, we evaluated KimiaNet models for both colon
and breast classification tasks, achieving remarkable results.
For colon classification, the top-performing KimiaNet model
achieved an AUC of 0.9811 and an accuracy of 93.78 %.
In breast classification, the KimiaNet model outperformed all
others, attaining an exceptional AUC score of 0.99 and an
accuracy of 96.84



Overall, our experiments underscore the iterative nature
of model development and optimization in medical image
classification tasks, highlighting the efficacy of meticulous ex-
perimentation and strategic adjustments in achieving superior
results.

Table VIII and Table IX presents the performance metrics of
MobileNet-v3-Small-Balanced models trained for Breast and
tested on Colon and performance metrics of MobileNet-v3-
Small-Balanced models trained for Colon tested on Breast.

From Table VIII and Table IX, it can be observed that the
performance metrics of MobileNet-v3-Small-Balanced models
trained for Breast and tested on Colon differ significantly from
those trained for Colon and tested on Breast.

For instance, in Table VIII, where the models are trained for
Breast and tested on Colon, the AUC values for Breast range
from 0.75 to 0.84, while the AUC values for Colon range from
0.90 to 0.93. This indicates that the models perform relatively
better on Colon compared to Breast, as reflected by the higher
AUC values for Colon.

Conversely, in Table IX, where the models are trained for
Colon and tested on Breast, the AUC values for Breast range
from 0.78 to 0.82, while the AUC values for Colon range from
0.90 to 0.93. Here, the models exhibit higher performance on
Colon, with AUC values consistently higher than those for
Breast.

Additionally, considering the results from DenseNet pre-
sented in Table X, it can be observed that the AUC values for
Breast range from 0.960 to 0.987, and for Colon, they range
from 0.911 to 0.955. These results further emphasize the trend
observed with MobileNet-v3-Small-Balanced models, with
higher AUC values generally obtained for Colon compared
to Breast.

These observations suggest that there may be variations
in the predictive performance of both MobileNet-v3-Small-
Balanced and DenseNet models depending on the organ they
are trained for and tested on. Further analysis and investigation
would be necessary to understand the underlying factors
contributing to these differences and to optimize the model’s
performance across different scenarios.

C. Loss Curves for Models:

Fig. 5. Loss Curve for MobileNet-V3-Small with dropout 0.5, 4 trainable
Layers with Balanced Dataloader

Fig. 6. Loss Curve for KimiaNet with dropout 0, 0 trainable Layers with
Balanced Dataloader

VI. SUMMARY AND CONCLUSION

In the realm of digital pathology, the question of image
representation is paramount, given the intricate texture com-
plexity, polymorphism, and sheer size of Whole Slide Images
(WSIs). Recent advancements underscore the significance of
high-level embeddings in artificial neural networks for robust
and expressive image representation. Pre-trained networks like
DenseNet and MobileNet-v3 Small, leveraging their discrimi-
nation power honed through intensive training with millions of
natural images, have gained widespread adoption in medical
image analysis. However, the scarcity of labeled medical
image data and the computational demands pose significant
challenges for fine-tuning or training deep networks with
histopathology images.

In our study, we introduce KimiaNet, a novel approach
tailored to the demands of digital pathology. We propose
several fine-tuned configurations of KimiaNet, alongside inves-
tigations into MobileNet-v3 Small and DenseNet architectures.
KimiaNet utilizes a clustering-based mosaic structure for im-
age representation, augmented by leveraging high cellularity to
enable the utilization of Weakly Supervised Learning (WSL)
with Whole Slide Image (WSI)-level labels, particularly in
archives lacking pixel-level annotations. To validate our ap-
proach, we leverage three public datasets to demonstrate its
efficacy.

Our primary contribution lies in leveraging a diverse, multi-
organ public image repository, such as TCGA, at 20x magni-
fication to extract large, high-resolution patches (1000x1000
pixels) for training a densely connected network with weak
labels, serving as a powerful feature extractor. Additionally,
our study highlights that fine-tuning a deep network on a
sufficiently large number of histopathology images yields
superior performance compared to using a pre-trained network
model.
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