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Abstract. Lymphoma, carcinoma, and benign lesions are common diseases that
have to go through several stages to be detected due to their structural similarity.
A common way to distinguish these diseases is by analysing themmanually based
on the cell images at a certain magnification. However, this method still has many
shortcomings in terms of accuracy as it is vulnerable to possible human error and
requires quite a lot of time. Thus, an alternative faster and more accurate method
of detection should be developed to increase patients’ chances of survival. One
solution to overcome this problem is by using a deep learningmodel whichmimics
the behaviour of nerve cells in the human brain and has proven to be able to classify
certain diseases inmany studies. As there aremany existing deep learning designs,
this paper aims to explore the methods of detecting these diseases and find the
best performance (highest accuracy) among them. With the microscope images
data (magnifications of 100 and 400 times) provided by the medical faculty of
the University of Padjadjaran (UNPAD), we investigated the classification result
using different kinds of deep learning designs which were our designed CNNs
and transfer learning using the Inception-V3, VGG16, and MobileNet. It was
found that the best model used to classify images with a magnification of 100x
is MobileNet (accuracy of 53% for benign lesions and 47% for lymphoma) and
designed CNN (accuracy of 59% for benign lesions and 41% for lymphoma).
While for image classification with amagnification of 400x, Inception-V3 showed
the best result (accuracy of 80% for carcinoma and 50% for lymphoma).
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1 Introduction

Cancer, in general, is a term for a large group of diseases that can appear in almost
any organ/tissue in the body where the number of abnormal cells grows uncontrollably,
exceeds the normal number, and can attack parts that are still connected to the affected
organ or tissue or even spread to the organ [1]. According to WHO, cancer is the second
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leading cause of death worldwide. It was reported that in 2018, nearly 9.6 million people
died from cancer, and 1 in 6 deaths that occurred in the world were caused by this disease
[2]. The type of cancer varies depending on where these abnormal cells are found. In this
study, we focus on carcinoma, benign lesions, and non-Hodgkin lymphoma. Lymphoma,
for short, is a type of cancer that develops specifically in lymphocyte cells [2]. Based on
GLOBOCAN (IARC) data in 2018, lymphoma is one of the ten most common cancers
worldwide [3]. From cancer statistics obtained from Jemal et al., as many as 115,000
people worldwide had lymphoma in 2008 [4]. Meanwhile, data from the Ministry of
Health of the Republic of Indonesia showed that lymphoma prevalence in 2013 reached
0.06% [5]. Although the 5-year survival rate of lymphoma is generally passable with
72%based on data obtained from theAmericanCancer Society [7], its rapid development
and dangerous symptoms make lymphoma patients need prompt and precise treatment
and early detection.

There are common ways to detect lymphoma, carcinoma, and benign lesions, such
as biopsy, blood tests, bone marrow aspiration, and scans (X-rays, CT scans, MRI,
ultrasound, and PET scans) [8]. Biopsy tests include core needle biopsy (CNB) using
a needle to take tissue samples and surgical excisional biopsy (SEB) by surgery to
take tissue samples, which are then analysed manually by paying attention to the visual
shape of the cells. If needed, genetic testing is also conducted. However, CNBhas a lower
diagnostic precision and a lower ability to diagnose lymphoma transformation, and in
general, visual cell observations can increase errors because it depends on the examiner’s
condition [9]. From the results of this biopsy, if the results are positive, the diagnosis will
be continued with immunohistochemistry (CPI) by utilizing the bond between antigen
and antibody to detect more specifically. The next approach is a blood test. A complete
blood count (HDL) is taken to help the diagnosis process. Some results from HDL
can be used as supporting information for the diagnosis, such as lactic dehydrogenase
(LDH), which will increase if you have lymphoma, then there is a sedimentation rate
from red blood cells in the test tube to find out how much inflammation is happening
and if you have lymphoma this rate will be higher than normal values. The drawback of
this blood test is that the results do not specifically determine lymphoma because several
other diseases have increased LDH and sedimentation rates [10]. Then there are other
diagnoses by scanning using CT, MRI, PET Scan that can be used to determine the stage
of the disease spread [11].

Currently, research has been carried out to assist experts in detecting lymphomausing
machine learning. The development of whole slide imaging (WSI) enables deep learn-
ing, a branch of machine learning, to assist the histopathological process [6, 12]. Deep
learning consists of several layers called ‘neurons’ and is connected to form an artificial
neural network. The number of layers that make up deep learning architecture affects
how many features are extracted from an image and how complex the pattern is learned
by machines [6]. The convolutional neural network (CNN) is a branch of deep learning
that is commonly used in the medical world is the convolutional neural network (CNN).
The implementation of CNN for pathology computation purposes includes tumor classi-
fication and segmentation, mutation classification, and disease diagnosis [13]. However,
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building a CNNmodel from scratch requires a long process and goes through a large set
of hyper-parameters. Transfer learning, a method using a trained model for new data,
was also tested for lymphoma detection. However, the limited dataset to validate the
algorithms is an obstacle to using transfer learning and deep learning in general in the
lymphoma detection process [13, 14].

In this study, we will investigate how different machine learning model can artifi-
cially improve the performance of deep learning (DL) in detecting lymphoma, benign
lesion, and carcinoma. We use the “Data Augmentation” method by rotating the image,
cropping the image, and reversing the image to increase and variate the number of
images. Furthermore, the Convolutional Neural Network (CNN) model that we built
from scratch will be applied to classify images. We identify which machine learning
model will best classify lymphoma, benign lesion, and carcinoma.

2 Materials and Methods

2.1 Materials

The dataset used in this study is provided by Universitas Padjadjaran’s Faculty of
Medicine (2020). It consisted of 19 cases with 468 images (1376 × 1038 pixels) and
are divided into three classes; carcinoma (98 images), benign lesions (97 images), and
lymphoma (235 images). Based on the magnification used when the images were taken,
they are further divided into 100x and 400x magnification images. Figure 1 shows the
sample images for each class in 400x magnification.

Fig. 1. Sample Images of (a) carcinoma, (b) benign lesions, (c) lymphoma.
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2.2 Methods

In this study, we adopted methods proposed by Achi [6] and Upeka [14]. For Achi, the
method used to classify lymphoma cells is CNN that is built from scratch.Meanwhile, for
Upeka, the method used is transfer learning using the Alexnet model. Upeka’s proposed
method also involved pre-processing and data augmentation before classification. This
study compared several pre-processing, data augmentation, and classification methods
to obtain various deep learning performances on detecting the diseases in different setups
(Fig. 2).

2.3 Data Balancing

As shown in Table 1, the data amount to each class differed quite significantly. Before
model training could take place, we need to balance the number of images for each class
from all the available data so that the model results would not be bias to a certain class.

In this data balancing process, we created “new data” to balance the number of
images so that each class had the same amount of data. These new images were created
by cropping existing images randomly while making sure that they did not lose the
necessary information. For the data at 100x magnification, we cropped the images to
700 × 700 pixels beforehand to increase the number of images, mainly for carcinoma
and benign lesions. With this method, there would be some of the original images of
carcinoma and benign lesions labels that were cropped twice. Such an approach results
in an increasing number of carcinoma images from 48 to 70, benign lesions images from
37 to 70, and lymphoma images from 69 to 70. Then, we separate the data into train data
(53 images) and test data (17 images) (Table 2).

Fig. 2. Methodology diagram.

Table 1. The amount of data before being balanced

Data Carcinoma (images) Benign lesion (images) Lymphoma (images)

Total 98 97 235

100x 48 37 69

400x 50 60 166
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Table 2. The amount of data at 100x magnification after balancing

Data 100x 400x

A B C A B C

Train 53 53 53 40 40 40

Test 17 17 17 10 10 0

Total 70 70 70 50 50 50

A: Carcinoma (images)
B: Benign Lesion (images)
C: Lymphoma (images)

For the data at 400x magnification, as the images show more detailed features than
in 100x magnification, we only cropped the image to 1000 × 1000 resolution to avoid
losing important information. To balance the number of images, we reduce the number
of images for benign lesions and lymphoma labels as it is known that the images were
taken multiple times for one case (one patient). With this method, we tried to cut down
the data amount in benign lesions and lymphoma labels to make sure they have the same
number of carcinoma-labeled images, which is 50 images; as seen in Table 4, the data
decreased from 60 to 50 for benign lesions and from 166 to 50 for lymphoma. Then, we
separate the data into train data (40 images) and test data (10 images).

2.4 Pre-processing

Histogram equalization is a method to adjust image intensity by distributing the his-
togram value to the optimal range [15]. CLAHE is a part of adaptive histogram equal-
ization inwhich the contrast amplification is limited by clipping histogramat a predefined
value called ‘clip limit’ [16]. This study used 0.2 for the clip limit value, and grid size
of 20 × 20 as the common parameters used to enhance the contrast image. At this pre-
processing stage, an increase in contrast and linewidth is carried out in the image. The
purpose of increasing the contrast is to make the data in the form of the cell image more
clearly visible, and we also increase the line width to make the cell shape clearer. We
increase the contrast value with the maximum and minimum value comparison system
in the image then multiply by 255 as the total value as shown in the Eq. (1) to increase
the line width, we use a 3x3 kernel and iterate one time.

Contrast = (image−min)

(max−min)
× 255 (1)

2.5 Data Augmentation

Data augmentation can be defined as producing a larger set of images than an existing
train image set. Data augmentation is widely used to solve overfitting problems caused
by the small amount of data for training or data amount imbalance in each class [16].
Data augmentation consists of simple transformations such as flipping, colour space
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Table 3. Data augmentation parameter values

Augmentation Method Parameter of Augmentation

Rotation 45, 90, 180

Width Shift 0.1, 0.2, 0.3

Height Shift 0.1, 0.2, 0.3

Zoom 0.1, 0.2, 0.3

Horizontal Flip True

Vertical Flip True

Fill mode Reflect

augmentations, and cropping [17]. In this study, several augmentation methods are uti-
lized all at once to obtain more data for training as much as possible. The methods used
for augmentation and the values can be seen in Table 3.

We used the module ImageDataGenerator from Keras to implement the data aug-
mentation. The values written in Table 3 are the possible values for the most optimal
augmentation parameter combination for future training, chosen randomly. To determine
the most optimal combination, we decided to use grid search method. This was done
by trying all the possible combinations and observed both the training and validation
accuracy of the model for each combination. Since there are four parameters to be opti-
mized and each has three values, the total training time required is 162, which is quite an
arduous task. To fasten the process and ease the computation, we implement the callback
EarlyStopping from Keras to stop the training once it has reached a certain point.

The evaluation of the parameter search was executed by using our designed CNN
model as in the next subsection. The model was set up with almost the same settings
as in the subsection II.D; with the addition of callback during training, a bigger batch
size of 32, a smaller dropout of 0.2, and fewer epochs used. We used 200 epochs for this
experiment since from our initial tests, 200 epochs are the minimum epochs to obtain
excellent accuracy for several setups whereas a bigger batch size could help make the
training much faster. As for the callback, we set it to monitor the training accuracy with
min_delta of 0.01 and patience of 10, which means the training will be stopped once
there is no training accuracy improvement of a minimal 0.01 after 10 epochs.

2.6 Designed Convolutional Neural Network (CNN)

The next step is to classify the data using the Convolutional Neural Network (CNN).
CNN in general is a class of Artificial Neural Network (ANN) designed to introduce
hierarchical and generally consist of a convolutional layer, a pooling layer, and a fully
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Table 4. Designed CNN setup

Image Magnification Hyperparameters Value

100x Input Shape (224, 224, 3)

Optimizer Adam

Learning Rate 0.0001

Batch Size 16

Epochs 400

Dropout 0.3

400x Input Shape (224, 224, 3)

Optimizer Adam

Learning Rate 0.0005

Batch Size 16

Epochs 400

Dropout 0.3

connected layer using a backpropagation algorithm [17]. Convolutional and pooling
layers are tasked with extracting features while fully connected layers map the final
result, which will provide the expected data classification [18]. CNN is well-known for
its good performance in image classification and has been widely used for that purpose;
hence it is reasonable to utilize it in this study. Generally, CNN consists of several
convolutional layers and pooling layers, followed by one flatten layer and some fully
connected layers [19]. We used two kinds of CNN: our designed CNN and transfer
learning CNN. Our designed CNN consists of 12 layers in general, with 4 convolutional
and pooling layers, followed by a flatten layer and two dense layers with a dropout
layer sandwiched between them. We adopt a similar CNN model to Achi et al. [6] with
changes in the number of layers, kernel size, and filters of the convolutional layers.
Adding more convolutional layers could help maintain spatial information of the images
while keeping dense layers minimum is advised to reduce training parameters. Aside
from that, adding a dropout layer to the model might help prevent overfitting [20]. We
designed our CNNwith these ideas in mind. There are slight differences in setting up the
model for images with 100x and 400x magnification. The details regarding the model
setup will be provided in Table 4. We discovered that the CNNmodel’s performance for
both image magnifications was quite different from each other, with the model for 100x
image magnification performed significantly better than the other. This discrepancy was
due to the 400x magnification model not learning well with the learning rate of 0.0001;
hence we used a slightly larger learning rate in this experiment for the model. As for
the input shape, we adjusted it accordingly to VGG16 since the transfer learning model
could only accept input of (224, 224, 3).
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Table 5. Inception, MobileNet, VGG setup

Image Magnification Hyperparameters Value

100x Input Shape (224, 224, 3)

Optimizer Adam

Learning Rate 0.0001

Batch Size 16

Epochs 35

Dropout 0.3

400x Input Shape (224, 224, 3)

Optimizer Adam

Learning Rate 0.0005

Batch Size 16

Epochs 35

Dropout 0.3

2.7 Transfer Learning

In the transfer learning section,wedivided the results into Inception,VGG16,MobileNet.
These three transfer learning models were chosen for their excellent performance so far
in recognizing images. For Inception, we used the third version Inception-V3 which
is one of the transfer learning models that is used for image recognition developed by
TensorFlow. All transfer learning models in this study were implemented in a similar
way; we took the feature extraction (convolution and pooling) layers provided by Keras
then appended two dense and one dropout layers to them, similar to our designed CNN’s
architecture in general. The details regarding the models’ setup will be provided in the
Table 5. We set it similar to the CNN model that we have built (except for the number
of epochs) as we will compare and analyze all the results.

3 Results and Discussion

3.1 Pre-processing

The pre-processing experiment was evaluated using the CNNmethods that we proposed
by observing which image format would help the CNN in achieving best result. In this
initial experiment, we used RMSprop for optimizer and set the training to take place for
200 epochs. As shown in Table 6, the best accuracy for 100x magnification images is
achieved by using the RGB method, with training and validation accuracy 95.6% and
78.43% respectively. Meanwhile, for 400x magnification images, RGB with CLAHE
provides the 5.72 cm best result. However, we could see that both of them experienced
overfitting (Fig. 3).
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Fig. 3. (a) Carcinoma image before we applied CLAHE, (b) after CLAHE, (c) Carcinoma image
before grayscale and image enhancement, and (d) after grayscale and image enhancement pre-
processing.

Table 6. Pre-processing performances

Magnification Condition Accuracy Validation Accuracy

100x RGB 0.9560 0.7843

RGB + CLAHE 0.7987 0.7647

Grayscale + image enhancement 0,7248 0,6863

400x RGB 0.9250 0.7667

RGB + CLAHE 0.9583 0.8333

Grayscale + image enhancement 0,7583 0,7000

3.2 Data Augmentation

The results for the experiment of data augmentation can be seen in Tables 7 and 8. We
differentiate the experiment into two different trials: grid search for the 100x magnifi-
cation images and the 400x magnification images. The data provided in the tables are
only the best 10 data we obtained from grid search.

The best parameter combinations from this experiment were then used for the next
step of classification. We chose these combinations based on the obtained training and
validation accuracy. We examined how well the model performed during training and
validation by averaging the accuracies obtained during training and checking the highest
accuracy it managed to achieve.
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Table 7. Best 10 data augmentation parameter combinations for 100x magnification images

No Augmentation Parameter Average Accuracy Max Accuracy

Training Validation Training Validation

1 (90, 0.2, 0.3, 0.2) 0,503 0,532 0,704 0,705

2 (45, 0.1, 0.2, 0.1) 0,494 0,538 0,667 0,706

3 (90, 0.1, 0.3, 0.2) 0,479 0,521 0,635 0,686

4 (90, 0.3, 0.1, 0.3) 0,472 0,519 0,622 0,686

5 (180, 0.1, 0.1, 0.1) 0,486 0,509 0,597 0,725

6 (180, 0.2, 0.3, 0.3) 0,449 0,498 0,591 0,647

7 (90, 0.3, 0.2, 0.1) 0,471 0,497 0,616 0,667

8 (45, 0.2, 0.3, 0.1) 0,378 0,492 0,635 0,627

9 (180, 0.1, 0.2, 0.1) 0,463 0,492 0,603 0,686

10 (180, 0.3, 0.2, 0.2) 0,460 0,483 0,610 0,647

Table 8. Best 10 data augmentation parameter combinations for 400x magnification images

No Augmentation Parameter Average Accuracy Max Accuracy

Training Validation Training Validation

1 (90, 0.1, 0.1, 0.2) 0,556 0,538 0,708 0,633

2 (45, 0.2, 0.1, 0.1) 0,544 0,537 0,692 0,633

3 (180, 0.1, 0.1, 0.3) 0,554 0,537 0,683 0,633

4 (45, 0.3, 0.1, 0.1) 0,545 0,533 0,700 0,633

5 (180, 0.3, 0.1, 0.1) 0,529 0,517 0,675 0,633

6 (45, 0.3, 0.2, 0.1) 0,514 0,515 0,683 0,633

7 (180, 0.2, 0.1, 0.2) 0,525 0,511 0,675 0,600

8 (180, 0.2, 0.1, 0.3) 0,523 0,508 0,700 0,633

9 (180, 0.1, 0.1, 0.1) 0,500 0,500 0,642 0,633

10 (180, 0.2, 0.1, 0.1) 0,490 0,500 0,642 0,633

3.3 Classification

The result for classification using our designed CNN is shown in Fig. 4 and 5. As we can
see in the Figs. 4 and 5, both the training accuracy and loss graphs provide considerably
satisfactory results. On the other hand, the validation graphs did not show the exact
same behaviour; both accuracy and loss increased and decreased respectively within
around 100 epochs but further than that there is not much improvement. We can infer
from this that the model suffered from overfitting as the validation accuracy and loss
showed a stagnant trend in contrast to the increasing/decreasing training accuracy/loss
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Fig. 4. Model performances for designed CNN on 100x images; (a) accuracy over epoch graph,
(b) loss over epoch graph, and (c) confusion matrix.

Fig. 5. Model performances for designed CNN on 400x images; (a) accuracy over epoch graph,
(b) loss over epoch graph, and (c) confusion matrix.

respectively. The model’s performance as shown in both confusion matrix also signifies
that themodel was bias to the benign lesion class to a certain extent. Although the correct
prediction of carcinoma classwas only a slightly bit lower compared to the benign lesion,
the CNN model failed to classify images belonging to the lymphoma class.

Figures 6 and 7 show the results of the training performance (model accuracy and
loss) and the confusionmatrix of the Inceptionmodel formagnification of 100x and400x.
The model performance in Fig. 6(a, b) and Fig. 7(a, b) show that the training accuracy
and loss are significantly higher than the validation performance. As we have mentioned
above, this indicates that the model suffered from overfitting. To further analyse the
model’s performance, we can see the confusionmatrices of bothmodels (100x and 400x)
in Figs. 6(c) and 7(c). The Inception model for 100x magnification images performed
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Fig. 6. Model performances for Inception on 100x images; (a) accuracy over epoch graph, (b)
loss over epoch graph, and (c) confusion matrix.

Fig. 7. Model performances for Inception on 400x images; (a) accuracy over epoch graph, (b)
loss over epoch graph, and (c) confusion matrix.

quite well in classifying carcinoma images with 41% accuracy, although it did not show
the same performance in the other classes. On the other hand, the model for 400x
magnification imagesmanaged to obtain 80%and50%accuracy in classifying carcinoma
and lymphoma images, respectively, in which 80% accuracy for one class is the highest
we have so far. However, despite its good performance in classifying the other two
classes, the model failed to classify any benign lesion images, as seen in the confusion
matrix.

The performance of VGG16 models for both 100x and 400x magnification images
can be seen in Figs. 8 and 9, respectively. As we can see from Fig. 8(a, b) and Fig. 9(a,
b), VGG16 did not show significant overfitting compared to the previous two models.
Judging from the confusion matrices of both VGG16 models, we can say that the 400x
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Fig. 8. Model performances for VGG16 on 100x images; (a) accuracy over epoch graph, (b) loss
over epoch graph, and (c) confusion matrix.

Fig. 9. Model performances for VGG16 on 400x images; (a) accuracy over epoch graph, (b) loss
over epoch graph, and (c) confusion matrix.

model performed slightly better than the other. As we can see, the 100x model obtained
47% accuracy on classifying carcinoma images, which can be considered quite good,
but in the other two classes, its performance was subpar. Although the 400x model failed
in classifying carcinoma images, it obtained better results in classifying both lymphoma
and benign lesions images.

Based on previous studies that also used the VGG16 model [22], reducing data
imbalance does not necessarily improve the classification performance. It also needs
proper fine tuning. The VGG16 model in this study however used the same setup as the
other models, so that it did not specifically tune after the data balancing. Furthermore, in
other studies [22]-[23] the VGG16 model showed better accuracy using relatively large
training data compared to the data used in this study which could cause overfitting.
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The two Figs. 10 and 11 show the overall performance of the MobileNet models for
both magnifications 100x and 400x. From the training performance, we can safely say
that in our case,MobileNet performed quite similarly toVGG16; the graphs did not show
any significant sign of overfitting. As for the performance in each class, we can see from
the confusion matrix in Fig. 10(c) that the model performed quite well in classifying
both benign lesion and lymphoma images, as it obtained 53% and 47% accuracy on
each class, respectively. On the other hand, the model for 400x images did not manage
to classify carcinoma and benign lesion images well, though the accuracy obtained for
classifying the lymphoma images was perfect, as the other models performed rather
poorly on this class compared to this model.

Fig. 10. Model performances for MobileNet on 100x images; (a) accuracy over epoch graph, (b)
loss over epoch graph, and (c) confusion matrix.

Fig. 11. Model performances for MobileNet on 400x images; (a) accuracy over epoch graph, (b)
loss over epoch graph, and (c) confusion matrix.
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The classification of lymphoma, carcinoma and benign lesion images has yielded
various results using various models as well; our own CNN, Inception-V3, VGG16,
and MobileNet. Interestingly enough, as shown in all confusion matrices, the results
didn’t seem to share much similarities to each other despite the same setup all models
used except for the number of epochs. This discrepancy might be caused by the feature
extraction layers of each model that quite differed to each other.

Inception-V3, VGG16, andMobileNet all have much more complicated architecture
that caused them to process all the images much longer compared to the designed CNN,
although as compensation they didn’t require too many epochs to reach the similar
performance as the designedCNN.All transfer learningmodels’ feature extraction layers
here were set to non-trainable to see how well the pre-trained weights from ImageNet,
a large image database built upon the backbone of WordNet structure [24]. From the
results, we could see that the models didn’t perform as well as expected. For future
reference, setting the transfer learning models’ weights to trainable might yield better
results as we could update them through gradient descent and make them adjust better
to the images.

Setting that aside, compared to other works we referred to in this study, the proposed
models had not accomplished the task excellently. In their study, Achi et al. [6] managed
to achieve an impressive result (95% accuracy) with their own designed CNN. The CNN
was evaluated on their own dataset as well. The dataset covered more cases compared to
the one we used in this study; it consists of 128 cases with a total of 2560 images for both
training and validating purposes, roughly 5 times the size of our dataset. Considering
how crucial data is to deep learning approaches, this might be our main issue on the
subpar deep learning performances we obtained. As mentioned in the previous section,
our dataset contained only 468 images from 19 cases with only 70 images of each class
for 100x magnification and 50 images of each class for 400x magnification used in the
classification. Although data augmentation could remedy the lack of data problem [25],
the results show otherwise. This led to quite a few other possibilities as to what caused
it. Firstly, there might be one of few couple of augmentation parameter values that work
better than the ones we used currently, but unfortunately the narrow search space we
used didn’t cover those values. As seen in Table 3, we didn’t use much varying values for
the data augmentation parameters. This could be fixed by using a wider search space but
sincewe used a brute force approach to search for the optimal parameters, it is impossible
to widen the search space computationally. However, using other methods for parameter
optimization, such as random search or genetic algorithm, which are better than grid
search in terms of runtime [21], we may use a much wider search space to acquire a
better parameter combination. Another possible cause was due to the generalized use of
the augmentation parameters. The supposedly optimal parameters were obtained from
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the grid search implemented using the designed CNN only instead of all the models
used. This could be a consideration for future works.
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