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1 Introduction

According to a report issued by the National Cancer
Institute (NCI), lung cancer in 2022 was recognized
as the most common cancer type and ranked first as
the most common cause of death. The life expectancy
of patients diagnosed with lung cancer will be approx-
imately (21% - 31%) after 3 years.

There are numerous methods to diagnose cancer
(for instance, by using CTScan, MRI, and PET im-
ages) but, as reported by NCI, the most reliable
method for cancer diagnosis is biopsy analysis. Anal-
ysis of the obtained tissues by pathologists is a stan-

In recent years, artificial intelligence has been used to diagnose and classify
cancers using different deep learning-based models. Although they have good
overall accuracy, they need high computation resources and execution time, and
also have low accuracy, precision, and sensitivity. To this end, we try to employ
a new model named the "EfficientNetB0” model with appropriate preprocessing
to obtain high precision and sensitivity at a relatively low computation time
for diagnosing lung cancer. The EfficientNetBO model consists of 7 blocks,
and each block includes one layer of mobile convolution (MB-Conv) and
squeeze-excitation (SE) blocks. EfficientNetB0 has a higher accuracy compared
to other common deep learning models due to incorporating a compound
coefficient approach. The proposed model is evaluated on the histopathology
images dataset and the obtained accuracy of the model is 0.9258. Also, its
precision and sensitivity are 0.942 and 0.967, respectively, and these show the
superiority of this model compared to existing methods.

dard method for early diagnosis; but such a method
is time-consuming and error occurrence is possible.

As suggested by [Iil], the diagnostic accuracy of such
amethod is less than 80% [Iil] On the other hand, lung
cancer is highly prevalent in the USA (two people
out of three people are diagnosed with lung cancer).
Also, there are a few pathologists who are qualified
to diagnose lung cancer in China. Therefore, there
is an increased need for automatic Computer-Aided
Diagnosis (CAD) tools.

Due to the success of Al in solving complex prob-
lems and the significant success of deep learning al-
gorithms in analyzing medical images, deep learn-
ing algorithms can be applied for automatically diag-
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nosing and categorizing histopathology images. Over
the last few years, pathologists have been using deep
learning algorithms for diagnosis tasks, such as neo-
plasia diagnosis, nucleus detection [E] [E}, mitosis de-
tection [Hﬁg], and detection of mitosis types [Ehbased
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on histopathology images. Moreover, InceptionV3 [B]
and InceptionV1 [[7] models have been used for cate-
gorizing and diagnosing metastatic cancer based on
histopathological images of breast cancer.

In a model proposed by [B] Gecer et al. (2018), four
fully-connected networks were utilized for breast can-
cer diagnosis, and input images were categorized into
five different kinds with the aid of a Convolutional
Neural Network (CNN). Furthermore, ResNet101
[@]and GoogLeNet [@] have been utilized for the de-
tection of mitosis types based on histopathological
images of lymphoma cancer.

An increasing number of studies are focusing on
transfer learning models for reducing training time.
To extract features in histopathological images of
breast cancer, Deniz et al.[] have utilized AlexNet
and VGG transfer learning models that were trained
on ImageNet images. Talo has utilized pre-trained
models, including ResNet-50 and DenseNet-161, for
automatically categorizing histopathological images

[12).

A review of studies conducted on transfer learn-
ing shows that pre-trained images of histopathology
should be utilized because they contain a lesser color
range difference. For instance, Xai [] has utilized
the GoogLeNet transfer learning network, trained on
histopathological images of lymphoma cancer by [@},
for categorizing histopathological images of prostate
cancer. Using DCNN, have executed the categoriza-
tion of lung cancer types based on microscopic im-
ages [@] [@] have utilized a deep learning method for
automatically categorizing lung adenocarcinoma pat-
terns based on histopathological images. Moreover,
based on histopathological images,[IL6] have utilized
CNN networks for the detection of clear/transparent
cells.

In this article, we aim to use deep learning models
to divide histopathological images of lung cancer into
two categories, namely tumor and normal. For the
above reason, the EfficientNetB0O model has been se-
lected as the most suitable existing architecture. Due
to incorporating MBConv layers, this model consists
of fewer parameters and required less training time
compared to other common deep learning models.
Moreover, the model’s accuracy is higher compared
to other common deep learning models due to the use
of a compound coefficient approach. In the compound
coeflicient approach, firstly, the size of all dimensions
of depth, width, and resolution increases in a compos-
ite and uniform manner and this leads to a balanced
model and the model’s performance is increased.

The rest of this paper is organized as: Section E
describes the proposed method. Experimental results
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Figure 1. Preprocessing of Lung Cancer Histopathological
Images.

are given in Section E Conclusion and future works
are presented in Section Y.

2 Proposed Model

2.1 Preprocessing

The stages proposed in Figure m should be followed
for the preprocessing of lung cancer histopathological
images. In the following subsections, detailed expla-
nation of each stage is presented.

2.1.1 Annotation Visualization and Generat-
ing a Binary Mask

Multi-resolution and large histopathological images
are generated in TIF format. Hence, libraries of
Python, which are used commonly for image pro-
cessing tasks, cannot be used for reading histopatho-
logical images. However, the OpenSlide library can
be utilized for reading histopathological images. To
read the images and process them, we utilized ASAP
software that is based on the OpenSlide library.

Due to features such as easy access and a simple
user interface, this software was utilized for images
with different sizes in TIF format. For pre-processing,
first, we transformed annotated images into TIF
masks. This way, histopathology images can be
viewed alongside annotated images. Figure Pa, and
Figure Pb represent the slide without the annotation
and the slide after applying the XML annotation file
on the image. The blue regions illustrated in Fig-
ure Pb are the cancer regions. Also, Figure Pc is the
binary mask of the slide and the white regions are
cancer regions.
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Figure 2. Slide Histopathology. a)The Original Input Image,
b)Significant Part of Histopathological Seletction Using Otsu
Thresholding. c¢)Region of Interest (ROI).

Figure 3. Normalization of the Images. The Left Image Is
the Original Input Image, Right Image Is the Stain.

2.1.2 ROI Extraction

A significant part of histopathological images consist
of the white glass slide and these regions do not con-
tain any useful information. These regions may lead
to extra processing that needs to be eliminated. Otsu
algorithm [@] or well-established thresholding strate-
gies [[18] are utilized for eliminating these sections.
Following [[19], we also used the Otsu algorithm to
eliminate these regions.

2.1.3 Stain Normalization

In pathology laboratories, the tissue extracted from
the patient’s body is fixated on the glass slide. Figure

shows the patch-based normalization of the images.
To visualize different parts of the tissue under the mi-
croscope and to boost the contrast between different
tissue structures (exclusively nucleus and cytoplasm),
the regions were coloreds using one or multiple stains.
The stain is a collection of chemical colors and the
most common stain is Hematoxylin and Eosin (H&E).

In (H&E) colors nuclei are dark-purple and other
structures are pink [20]. Stained images may change
color to unwanted colors and this is because scanners
of different slides show a different response to each
color. As a result of preparing slides with stains of dif-
ferent densities, the level of light absorption and ap-
pearance will be different. Hence, stain normalization
is required. Different methods have been proposed
by Reinhard [@], Khan [@], Vahadane[@], and Ma-
cenko [24] for normalization. In this study, after im-
age patching, the method proposed by Vahadane is
utilized for stain normalization [23]. In this method,
the structure of the target image is preserved, and

Normal
(Overlap=0%)

Overlap-patches
(0<Overlap<75%)

Tumor
(Overlap>75%)

Figure 4. Applying Image Patching and Determining Patches
with Different Overlaps with Tumor Region.

only the color changes.

2.2 Methodology

After normalization, we eliminated the overlap-
patches before data injection. Input image divided
into several patches which can be categorized into
three categories: “normal” has no overlap with tumor
region (Overlap=0%), “tumor” has overlap greater
than 75% with tumor region(Overlap>75%), and
Overlap-patch has overlap less than 75% (0<Overlap
patches<75%).

Figure E illustrates these three patches. To increase
the performance of the proposed EfficientNetBO
model, overlapped-patches for training. This model
was selected due to its superiority compared to other
deep learning models. In the EfficientNetB0O model,
three dimensions of depth, width, and resolution are
scaled up for increasing accuracy and these uniform
changes of dimension can increase the model’s per-
formance, and reduce the extra load on the model.

Note that other deep learning methods are increas-
ing in one dimension and such matter can increase
the load quantity on the system.

In EfficientNet, a compound coefficient (®) is uti-
lized for the uniform scale of width, depth, and net-
work with the aid of a principled method. Equation
(1) illustrates the EfficientNet scaling up [@]

Depth: d = a?
Width: w = ¢ (1)

Resolution: 7 = ~?

Since the model’s dimensions including depth,
width, and resolution are not absolute, one needs to
increase the network depth for images with higher
resolutions [25]. Hence, higher received fields can
help record similar features that include more pixels
in the larger images.

In other words, we need to scale up the network
width to obtain higher resolutions and this way, we
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Figure 5. EfficienNetBO Model Blocks.

are able to record more fine-grained patterns of higher
pixels in the high-resolution images. This intuition
shows that we need to create balanced and uniform
scaling dimensions. Hence, the EfficientNetB0 model
can increase accuracy by uniformly scaling up depth
and width. On the other hand, the number of network
calculations and the model’s computation (based on
floating point operations per second (FLOPS)) de-
creased by reducing the number of parameters and
low computation time will be required for model train-
ing.

Figure E depicts EfficientNetBO model blocks.
Firstly, the stem receives input images and then,
delivers the feature map to the first block. Efficient-
NetB0 model consists of 7 blocks and the first block
has the MBConvl layer and the remaining 6 blocks
contain the MBConv6 layer. The last layer of the
EfficientNetBO model consists of one Convolution
1x1 layer, one pooling layer, and one fully connected
(FC) layers.

The MB-Conv layer is utilized in order to reduce
FLOPS in the EfficientNet model. MB-Conv is intro-
duced as an inverted residual layer in MobileNetV2
[@] model and is built upon the Depth-wise sep-
arable convolution layer, which was introduced in
MocileNetV1 [@] In fact, each MB-Conv layer con-
sists of one Depth-wise separable convolution layer
and one Point-Wise layer. The SE block is located
alongside each MB-Conv layer that is added to chan-
nels of each layer and leads to better training by
improving the dependences on feature maps.

In Figure E, block 1 of the EfficienNetB0 model

Depth Wise Batch
Conv(K,K,M, Normalizatio Swish
S) n
Batch
Normalizatio (1510 r|13v1) SE (R=4)
n B,
Batch
Conv(1,1,6 Normalizati Swish
M,1) on
Batch Depth Wise
Swish Normalizati Conv(K,K,
on 6M,S)
Batch
SE (R=4) (le gvl) Normalizati
Y on

Figure 6. MBConv Layer Architecture Details. The Figure
on the Top is MBConvl and the Figure on the Bottom is
MBConv6.

has 16 channels with a 3x3 kernel, and this layer
is repeated once. In other EfficienNet models, the
layers are different from EfficientNetBO model. The
more complex the model, the more layers of blocks
increases. Block 2 has 24 channels with a 3x3 kernel
and is repeated twice and the resolution of block1 and
block2 are 112x112. Block 3 has 40 channels with a
5x5 kernel and this layer is repeated twice. The res-
olution of this block is 56x56. Block 4 has 80 chan-
nels with a 3x3 kernel and is repeated three times.
The resolution of this block is 28 x28. Block 5 has 112
channels with a 5x5 kernel and the layer is repeated
three times. Block 6 has 192 channels with a 5x5 ker-
nel. And layer has four repetitions. The resolution of
block 5 and block 6 are 14x14. The end of the blocks
is block 7 that has 320 channels with a 3x 3 kernel and
layer is repeated once and has a 7x7 resolution. The
feature maps obtained from the blocks are given to
a convolutional layer with 1x1 kernel and 1280 chan-
nels. Then a pooling layer is used for down sampling
feature maps. Finally, feature maps are given to fully
connected layer to classification. Tableﬁ also shows
the review of blocks.

In Figure H, MB-Conv layers consisting of a Depth-
wise separable layer, SE block, and other layers are
shown in detail.

Each SE block in Figure H helps the model learn
to focus on important characteristics while suppress-
ing less important ones. The SE block employs global
average pooling (GAP) to squeeze the spatial dimen-
sions of the feature map into a single channel, fol-
lowed by two fully connected layers (one followed by
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Table 1. Review of Blocks in the EfficienNetB0 Model.

’Stage,Block‘ Operator ‘Resolution‘Channels‘Layers‘
1,Steam Conv3x3 224x224 32 1
2,Block1 MBConv1,k3x3 112x112 16 1
3,Block2 MBConv6,k3x3 112x112 24 2
4,Block3 MBConv6,k5x5 5656 40 2
5,Block4 MBConv6,k3x3 2828 80 3
6,Block5 MBConv6,k5x5 14x14 112 3
7,Block8 MBConv6,k3x3 14x14 192 4
8,Block7 MBConv6,k3x3 X7 320 1
9,Block8 |Convlx1,Pooling,FC T 1280 1

input

L e [

FC
Relu X
=
FC g'
¥ sigmoid
\2 scaling
Output

Figure 7. The structure of SE Block consists of global average
pooling (GAP) to squeeze the spatial dimensions of the feature
map to a single channel, followed by two fully connected layers
(first one followed by ReLu activation function and another by
sigmoid activation function as excitation module). The final
output is obtained by multiplying original input to last FC
block’s output.

the ReLu activation function and another by the sig-
moid activation function). The structure of SE block
is illustrated in [1.

3 Experimental Results
3.1 Evaluation Metrics

Evaluation metrics form the backbone of the ma-
chine learning model improvements. Without evalua-
tion metrics, we cannot really decide which model is
performing well. After model training, the obtained
results for test data were divided into four categories,
namely true positive (TP), false positive (FP), true

negative (TP), and false negative (FN). According
to these four categories of test images, the model
accuracy, precision, and F1-score are calculated. In-
formally, accuracy is the fraction of predictions the
model got right. After calculation of accuracy, it
can be said whether the model is trained or not
and how well it performs. However, this metric does
not present detailed information regarding model
performance. It is a rational move to use accuracy
as a determinative metric but using both accuracy
and sensitivity is required in our model. In an ideal
case, using the proposed model, we want to detect
any patient suffering from cancer (higher accuracy).
On the other hand, any person who is normal and
not suffering from a tumor should be categorized as
normal (higher sensitivity).

TP+ TN
TP+FP+TN+FN

Accuracy = (2)

Precision is used to answer the following question
“What proportion of predicted positive results is cor-
rect?”. If false positive predictions have a higher value,
the precision metric will be a suitable metric. This
metric is highly significant in cancer and disease di-
agnosis. If the model has low precision, it means that
the model is diagnosing most patients with cancer.
Such matter may cause feelings of tension and extra
costs for the patient as a result of numerous experi-
ments. Hence, the precision metric is important due
to the fact that it evaluates the correctness of true
predictions.

TP
Precision = ————— 3
TP+TN 3)
However, in some cases, the diagnostic accuracy of
the negative category can be highly significant. If false
negative predictions have a higher value, the sensitiv-
ity metric will be a suitable metric. For instance, if
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a model that is introduced for coronavirus diagnosis
has low sensitivity, it means that this model predicts
that people suffering this deadly as normal and this is
a disaster. In another case, if the model predicts the
person suffering from cancer is normal, the patient
cannot receive medical care soon.

TP

—_— 4
TP+ FN )

recall = Sensitivity =
F1-score is a suitable metric for evaluating the ac-
curacy of a model, when both precision and sensitiv-
ity are considered simultaneously. F'1-score is consid-
ered perfect when it is 1, while the model is a total
failure when it is 0.

1o 2 x recall * precision

(5)

recall 4 precision

3.2 Data Collection and Sampling

In this study, the dataset has been gathered from
the “grand-challenge.org” website that contains 200
histopathological images of lung cancer, gathered
from four different pathology laboratories in China.
Lung cancer tissues are colored using H&E and
scanned with 20X magnification using 3DHISTECH
Pannoramic 250 digital slide scanner. Next, multi-
resolution WSI is generated in Tiff format. Pathol-
ogists were employed for image annotation, which
includes x and y coordinates of cancer regions and
then, they were issued in an XML file.

The following programming platforms were used
in this study in order to implement the deep learn-
ing model: Jupyter Notebook 6.0.1, Anaconda 1.10
package, Python 3.7, and Pytorch. Moreover, we used
GoogleColab Pro and GPU PE100 for model train-
ing. Ultimately, the following system configuration
was utilized for preprocessing, image patch, and im-
age normalization: CPU Core i7, NVIDIA GeForce
940MX, and 16 GB of RAM.

Due to the large size of histopathological images,
not all slides can be trained. Hence, after the mask is
generated, each WSI should be divided into patches.
The patches had a size of 256 x256 pixels. Following
the labeling process in [9], the patches were labeled
“tumor” if more than 75% of pixels displayed cancer-
ous characteristics, otherwise “normal”.

To take a sample from the patches, 374,4626
patches were collected from the whole dataset of 4
different laboratories and 200 WSI images. Among
these collected patches, 194,7537 patches were la-
beled “normal” and the remaining “tumor”.

We, randomly, select 12,000 patches from 4 lab-
oratories with an equal number of normal and tu-
mor patches. As a data fraction method, k-fold cross-
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validation [28] was selected for proving data stability
and we trained the model in 5 folds and for 100 epochs.
To eliminate overfit, we employed data augmentation
and le-5 regularization techniques and then, trained
the model with le-4 learning rate and SGD with a
momentum of 0.999.

3.3 Results and Discussion

In Table E, the obtained results of the five folds are
presented. The evaluation criteria of accuracy, loss,
Precision, F1, and sensitivity in different folds have
been calculated separately. Finally, the average ans
standard deviations of all folds are presented as the
final results.

In Table E, a comparison can be seen between Effi-
cientNetB0 and other common deep learning models,
which were evaluated on the same dataset. Efficient-
NetB0 shows better performance and higher accuracy
compared to common deep learning models. Also due
to reducing the number of parameters, reducing train-
ing time and 3D scaling (depth, width, and resolu-
tion), this model is 8.4 times smaller and 6.1 times
faster than the best than convolutional models [25].

From Table E, the EfficientNetB0 model has higher
accuracy and F1-Score values compared to other con-
volutional neural network models.

Also Table H shows the number of parameters and
training time of EfficientNetB0O and compares them
with ResNet34 (that has fewer layers compared to
other convolutional neural network models). From Ta-
ble Y, EfficientNetB0 has smaller number of parame-
ters, and it required less training time compared to
ResNet34 model. We trained our model for 100 epochs
and in 5 folds within a time frame of 17:34:00 and us-
ing GPU PE100. This model is completely converged
and fit. However, training other deep learning models
(such as ResNet34) required a time frame of 23:50:00
and did not achieve a suitable accuracy.

In [[7], the results of the “grand-challenge” Compe-
tition are published. Most of the teams in this chal-
lenge have used segment networks such as DeeplabV 3,
Unet, FCN, etc and some teams , like us, have used
CNN to diagnose lung cancer on this dataset.

Table a shows architeture and the results of some
competition methods [[7] or [B0] and compared with
the proposed model. Although the accuracy of previ-
ous results in some teams is higher than our model,
our model has achieved better results in terms of sen-
sitivity and precision. As we said in Section 2-3, sen-
sitivity and precision criteria for detection cancer are
more important.

Also in the model [30], the Otsu algorithm was uti-
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Table 2. EfficientNet Model Results.

Fold Number ‘Accuracy‘Precision‘Fl Score‘Sensitivity‘

1 0.9245 | 0.9245 | 0.910 0.940

2 0.9288 0.950 0.930 0.965

3 0.9258 0.945 0.920 0.960

4 0.9203 0.985 0.890 0.895

5 0.9269 0.980 0.930 0.950

Average 0.9258 0.967 0.91 0.942
Standard deviation| 0.0028 | 0.0163 | 0.014 0.025

Table 3. Comparison of EfficientNetB0 Model Results with Other Models.

Model Name |[Number of Images‘AccuraCy‘Fl Score‘

EfficientNet B0 12000 0.9258 0.91
WideResNet50 12000 0.8877 0.88
ResNet101 12000 0.8500 0.81
ResNet34 12000 0.8180 0.81
DenseNet169 12000 0.7394 0.69

Table 4. Comparison of EfficientNetB0O Model Results with Other Models.

Model Name |[Number of Parameters|Training Time

EfficientNetB0 5.3106 17:34:00

ResNet34 26109 23:50:00

Table 5. Compare Our Model with the Competition Results.

Team Architeture ‘Accuracy‘Sensitivity‘Precision Time
Our model EfficientNetBO 0.9258 0.967 0.942
PATECH [29] |DenseNets dilation block with U-Net| 0.9505 0.90 0.792
Byungjae Lee [29] ResNet50 DeepLab V3 0.9508 0862 0.799
Turbolag [29] U-Net, ConvCRF 0.9462 0.846 0.764
ArontierHYY [29] Mdrn80+DenseNet ResNet 0.9289 0.855 0.716
Newhyun00 [29] DenseNet103 0.9307 0.819 0.731
CMIAS [29] DenseNet121 FCN 0.9375 0.8003 0.7701
Jorey [29] IncRes+ACF CRF 0.9369 0.815 0.737
AlExplore [29] FCN 0.9231 0.859 0.682
Skyuser [29] ResNet18 0.9319 0.767 0.742
Vahid [29] Small-FCN-512 0.9212 0.846 0.683
Sarié¢ et al.[30] ResNet50 0.725 0.908 -
Sari¢ et al.[3(] VGG16 0.7541 | 0.858 -
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Figure 8. Evaluation Model Curves.

lized in order to extract tissue regions and after that,
the slides were turned into patches. Each patch with
75% of pixels displaying cancer annotation was la-
beled “tumor”. After that, 100,000 patches were sep-
arated into an equal number of normal and tumor
patches, of which 10% were isolated from the experi-
ment as test data. Next, 90% of the remaining data
were used for training VGG16 and ResNet50 models.

In [@], SGD has been utilized as an optimizer with
a learning rate of 0.001. Our model experienced a
20% improvement in accuracy compared to these two
models. Also, compared to the two models presented
in [30], the sensitivity of our model increased by 6%
to 10%.

Our model categorized 96 patches (out of 100 sam-
ples) as normal. Moreover, the model categorized 94
samples (out of 100 cancerous samples) as the tumor.
The dataset in this study is similar to our dataset.
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Also in Figure E, different curves and diagrams of the
proposed model for more evaluations are presented.

4 Conclusions and Future Works

In this paper, a deep learning-based strategy for the
automatic diagnosis of lung cancer using histopathol-
ogy images was proposed. To this end, the Efficient-
NetB0 model has been utilized. According to the ob-
tained results, the following strategies can be used for
performance improvement in preprocessing using the
learning-based normalization methods, not only for
preserving image structure but also for image normal-
ization. Moreover, for training, the image segmenta-
tion method can be utilized for diagnosing tumor re-
gions after generating binary masks. The accuracy of
this model is 0.9258. Also, the model’s precision and
sensitivity are 0.942 and 0.967, respectively.
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In future work, we will try to employ more compli-

cated deep models, and employ new techniques like
knowledge distlation to obtain low complicated mod-
els which have higher performance.
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