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ABSTRACT
Fibro-osseous lesions of the jaws are a group of diseases that are
challenging to diagnose in general there is a diverse and high over-
lap in the histopathological features. It is necessary to consult with a
pathologist and dentist who specializes in diagnosis. In this research,
we present a comparison of different digital image preprocessing
techniques to enhance the quality of histopathological images and
find the appropriate solution to elevate the classification capabil-
ity of the deep convolutional neural network: InceptionResNetV2.
To achieve this, we experimented with various techniques, includ-
ing grayscale, contrast limited adaptive histogram equalization
(CLAHE), global histogram equalization (GHE), piecewise linear
contrast stretching (P)+CLAHE, and P+GHE. The performance of
the techniques was evaluated based on their ability to enhance
image quality and the accuracy of the model. The results show that
P+GHE images achieved the highest accuracy, followed by CLAHE
with accuracy rates of 89% and 87%, respectively. We also conducted
an additional experiment to compare the order of technique and
found that using P before CLAHE/GHE can reduce noise in the
image. Overall, our findings suggest that image preprocessing tech-
niques can improve the quality and accuracy of model classification.
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1 INTRODUCTION
Fibro-osseous lesions (FOLs) of the jaws constitute a unique group
of pathologic conditions that exhibit an admixed production of
fibrocollagenous tissue and mineralized materials microscopically
[1]. Their classification has been a subject of constant modification,
with the 2022 World Health Organization (WHO) classification of
head and neck tumors including cemento-osseous dysplasia, fibrous
dysplasia, cemento-ossifying fibroma, juvenile ossifying fibroma,
familial gigantiform cementoma, and segmental odontomaxillary
dysplasia into this group [2]. By far the most common FOLs of
the jaws are cemento-osseous dysplasia, fibrous dysplasia, and
cemento-ossifying fibroma, respectively [3].

The diagnosis of these lesions can be challenging due to their
diverse and high degree of overlap in the histopathological fea-
tures, which pose challenges to diagnosis. Pathologists need to be
skilled in the diagnosis, and microbiological characteristics are used
in combination with clinical characteristics such as the patient’s
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age, symptoms, affected location, and accompanying radiographic
features to diagnose the disease more specifically [4].

Artificial intelligence (AI) has been intensively studied in recent
literature and could offer possibilities to revolutionize the diagnos-
tic paradigm in medicine and dentistry [5]. Deep neural network is
a type of AI algorithm that utilizes multi-layered neural networks
to compute the dataset, and it shows strong potential in disease
diagnosis, predicting prognosis, and helping develop personalized
treatment planning [6]. Currently, AI is in the developmental phase,
and results are promising in various fields of dentistry, particu-
larly in the diagnosis of oral diseases using radiographic and/or
clinical datasets. Several research developments focus on the as-
sessment of deep learning models in disease classification using
digital histopathology images. [7] [8]

In this research, the challenge of diagnosing FOLs was addressed
by introducing a deep neural network model to classify the three
types of lesions belonging to the group of lesions of the jaw using
the histopathological image dataset. Due to the nature of the pho-
tographic dataset, it was difficult to use in model development, and
the researchers emphasized the process of improving the quality
of image data by doing image preprocessing using the OpenCV li-
brary, such as adjusting image color, contrast, and image detail with
various techniques to develop a deep neural network model that
classified the diseases with highly accurate and reliable prediction
results.

Overall, the goal of this research is to increase the accuracy and
help the pathologist diagnose FOLs of the jaws more efficiently.
An accurate diagnosis is necessary for effective treatment plan-
ning and management of the disease. Moreover, we conducted
a comprehensive comparison of image processing techniques us-
ing various experimental designs and some novel combinations to
find the techniques and parameters that are most effective for our
dataset by using the grayscale image, global histogram equalization
(GHE), contrast limited adaptive histogram equalization (CLAHE)
and piecewise linear contrast stretching. Additionally, we also use
convolutional neural networks for image classification to further
enhance the accuracy of our analysis. We hope to make significant
strides in the field of medical imaging analysis.

2 PRELIMINARIES
This section is divided into two parts: a review of the literature

and basic knowledge used in this research.

2.1 Related work
There are several pieces of research on image classification

histopathological images with the deep convolutional neural net-
work but it is unused to fibro-osseous lesions.

H. El AttarM. El Khannoussi H. El Agouri, M. Azizi, andA.Ibrahimi
presented the histopathological image of a breast cancer prediction
model by using deep learning algorithms: ResNet50 and Xception.
The model accuracy was 84.5% and 88%respectively [9]. Chao Liu
Haosheng Tang, Guo Li, and Donghai Huang studied the lymph
node metastasis in head and neck squamous cell carcinoma diagno-
sis using different deep learning models with 98.7% accuracy from
MobileNet-V2. However, it had only 135 records for training models
that affected model reliability and it could be biased from the limited

dataset [10]. Şaban Öztürk and Bayram Akdemir studied the effect
of histopathological image preprocessing on convolutional neural
networks. This paper compared the efficiency of pre-processing
techniques in which image sets were grouped into 4 groups, original
images and enhance images (3 groups). Each group used different
image preprocessing techniques. They reported that the second
normal preprocessing algorithm using histogram equalization had
the highest accuracy with 94.7% by the AlexNet model. [11]

2.2 Deep convolutional neural network
A deep convolutional neural network (CNN) is a type of neural net-
work that is commonly used for image recognition and analysis. It
is designed to automatically learn and extract features from images
by applying a series of convolutional and pooling layers. These
layers allow the network to identify patterns and relationships in
the image data, such as edges, textures, and shapes.

It typically consists of multiple layers, each with a specific func-
tion in the image processing pipeline. The first layers are respon-
sible for low-level feature extraction, such as detecting edges and
corners, while the later layers focus on higher-level features, such
as object recognition and classification.

The architecture of a convolutional neural network (CNN) typi-
cally consists of the following layers: Convolutional layer, Activa-
tion layer, Pooling layer, Fully connected layer, Dropout layer, and
Output layer.

2.3 Image Processing
2.3.1 Contrast Limited Adaptive Histogram Equalization (CLAHE).
Contrast limited adaptive histogram equalization (CLAHE) is a
digital image processing technique that enhances the contrast of
images by redistributing the pixel intensities of an image using
histogram equalization. However, standard histogram equalization
can result in the amplification of noise in the image, leading to the
over-amplification of small-scale features. CLAHE is a modified
version of histogram equalization that overcomes this limitation
by limiting the contrast amplification in local regions of an image
[12].

The technique is implemented by dividing the image into small,
non-overlapping regions called tiles. Each tile has its own histogram,
and the contrast amplification is limited by clipping the histogram
of each tile at a specified clip limit value. The clipped portions of
the histogram are then redistributed uniformly over the histogram
range. This process ensures that the contrast amplification is limited
and helps to prevent the over-amplification of small-scale features.

2.3.2 Global Histogram Equalization (GHE). Global HistogramEqual-
ization (GHE) is a widely used technique in digital image processing
to enhance the contrast of images. The goal of GHE is to distribute
the intensity values of an image uniformly over the entire range of
intensities. This is achieved by computing the cumulative distribu-
tion function (CDF) of the intensity values in the image and then
transforming the intensity values based on the CDF [12, 13].

2.3.3 Piecewise linear contrast stretching (P). Piecewise linear con-
trast stretching is a technique used to enhance the contrast of an
image by mapping the pixel values to a new range of values. In
this technique, the input image is first divided into several regions,
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Figure 1: Examples and number of pathological images using
in our research.

and then a linear mapping function is applied to each region. This
function is defined by two points, the start point, and the endpoint,
and it maps the pixel values in that region to a new range of values
[12].

2.4 Grad-CAM Visualization
Grad-CAM (Gradient-weighted Class Activation Mapping) is a tech-
nique for visualizing and understanding the decisions made by
deep convolutional neural networks (CNNs) in computer vision
tasks. It uses the gradient information flowing into the last con-
volutional layer of the CNN to produce a coarse localization map
of the important regions in the input image that contribute to the
final classification decision. Grad-CAM can be used to identify the
regions of the input image that are most important for a given class
label, providing insight into how the CNN is making its decision
[14].

3 MATERIAL AND METHODS
This section includes the details about our dataset, the overall frame-
work of our proposed framework, image preprocessing, image clas-
sification using a CNN model, and understanding of the model
classification by using Grad-CAM, respectively.

3.1 Dataset
All cases are retrieved from the archive of the Department of Oral
Pathology, Faculty of Dentistry, Chulalongkorn University during
2012-2021. All microscopic slides will be reviewed, and the diag-
noses are confirmed by experienced pathologists based on the 2022
World Health Organization criteria. Histopathologic images of H&E-
stained tissues from all included cases are obtained using Olympus
CX31 microscope equipped with Canon EOS 600D EOS Digital SLR
Camera at 100X magnification. Only images showing characteris-
tic lesions are included in the respective diagnostic groups, which
are Cemento-osseous, Fibrous dysplasia, and Ossifying fibroma.
The number and example of images in each group is illustrated in
Figure 1.

3.2 Pathological Images Classification
Our proposed framework consists of two major parts as shown
in Figure 2 which are i) image preprocessing for preparing image
dataset before training deep neural network model and ii) image
classification based on a CNN model. Finally, we use gradient-
weighted class activation Mapping (Grad-CAM) for visual explana-
tion.

Figure 2: Framework

3.2.1 Image Preprocessing. Image preprocessing is to prepare the
dataset for training the deep neural network model. The model
aims at classifying the FOLs of the jaw. Various digital image pre-
processing techniques are used to enhance the quality of image
data by adjusting the image color and contrast. In this study, three
image preprocessing techniques are considered: I) piecewise linear
contrast stretching (P), II) global histogram equalization (GHE), and
III) contrast limited adaptive histogram equalization (CLAHE). Note
that the OpenCV library is used to perform image preprocessing.

I) Contrast Limited Adaptive Histogram Equalization (CLAHE)
We aim to enhance histopathology details in images dataset. CLAHE
is particularly useful in enhancing the contrast of medical images.
Before using this technique we convert the original RGB image to
grayscale. We use clipLimit = 12 and tileGridSize = (8,8) to apply
CLAHE to all images.
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II) Global Histogram Equalization (GHE) We apply GHE to the
grayscale images by converting the original RGB images to grayscale.
We set the parameters of GHE to achieve the best results for our
dataset. The performance of the GHE technique is evaluated by
comparing it with other techniques, such as CLAHE and piecewise
linear contrast stretching, using different experimental designs.

III) Piecewise Linear Contrast Stretching (P) The goal of using
piecewise linear contrast stretching is to further enhance the con-
trast of the images before applying the histogram equalization
techniques. The parameters used in this technique are setting r1
= 105, s1 = 0, r2= 210, and s2 = 255 which determine the range of
pixel intensities to be stretched and the new intensity values for
those pixels. To avoid over-enhancement, we apply a combination
of piecewise linear contrast stretching with other techniques, such
as CLAHE or GHE.

3.2.2 Image Classification Based on CNN. In the image classifica-
tion stage, we use the popular CNN model: InceptionResNetV2 to
classify the enhanced images. We compare the performance of this
model using the different pre-processed image sets to identify the
most effective model for histopathology image analysis. This model
was chosen based on their strong performance in related image
classification tasks.[16]

InceptionResNetV2 is a deep convolutional neural network ar-
chitecture developed by Google for image classification tasks. It is
an extension of the original InceptionNet architecture, which intro-
duced the concept of using filters with different sizes in parallel to
capture features at different scales. The model architecture uses a
combination of 1x1, 3x3, and 5x5 convolutional filters in parallel to
extract features from the input image. It also includes multiple In-
ception modules, which are composed of multiple parallel branches
that process the input data in different ways. In addition, this model
uses batch normalization, dropout, and max pooling layers to im-
prove performance and reduce overfitting. The final layer of the
network is a softmax activation layer that outputs the predicted
class probabilities and the optimizer is an adam. We set batch size
= 4, epoch = 100, and image size to 224x224 before training with
this model.

Before training the model we used ImageDataGenerator for
the augmentation of image data. It applies various transforma-
tions to the training images to increase the size of the dataset,
and avoid overfitting. The data augmentation techniques that we
usedwith ImageDataGenerator include horizontal_flip, vertical_flip,
width_shift_range, and height_shift_range.

The data was split into training, validation, and test dataset. The
validation dataset was composed of 5% of the images from the
cemento-osseous dysplasia dataset, 45% of the images from the
fibrous dysplasia dataset, and 75% of the images from the ossifying
fibroma dataset. The test dataset contains 45 images divided into
15 images for each class.

3.3 Understanding Model By Using Grad-CAM
To understand how the CNNmodel interpretes the classification de-
cision, Grad-CAM (Gradient-weighted Class ActivationMapping) is
used to illustrate the important region in the image for a given class
label. The results from Grad-CAM can be later used for improving
accuracy and precision of the image classification model.

4 EXPERIMENTS
To compare the results of digital image processing techniques, we
designed five experiments that used different combinations of image
processing techniques as shown below:

(1) Classification on Grayscale image
(2) Classification on Grayscale image with CLAHE
(3) Classification on Grayscale image with GHE
(4) Classification on Grayscale image with piecewise linear con-

trast stretching and CLAHE
(5) Classification on Grayscale image with piecewise linear con-

trast stretching and GHE
The trained models were tested on the test dataset to evaluate the

performance and study the features used by the model to classify
histopathological images of 3 diseases using the Grad-CAM, which
is used to visualize the features that provide insight into how the
CNN is making decisions. To evaluate the model, we used accuracy
which has the following equation:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑃 +𝑇𝑁 )/(𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 +𝑇𝑁 ) (1)
Where, True Positive (TP): the number of correctly predicted pos-
itive instances. False Positive (FP): the number of instances that
were predicted as positive but are actually negative. True Nega-
tive (TN): the number of correctly predicted negative instances.
False Negative (FN): the number of instances that were predicted
as negative but are actually positive.

Lastly, Grad-CAM technique was used to provide insight into
how the InceptionResNetV2 model made a decision on a class of
lesions.

4.1 Results

Figure 3: Examples of a histopathological image fromfive pre-
processing techniques. (A) Grayscale conversion (B) CLAHE
(C) GHE (D) P+CLAHE (E) P+GHE

The result of five experiments with different image preprocessing
techniques is shown in Figure 3. Moreover, the comparison between
image which applied piecewise linear contrast stretching before
histogram equalization to solve the image problem of pixel breakage
is shown in Figure 4.

These preprocessed images were used to perform image clas-
sification by using a deep convolutional neural network model:
InceptionResNetV2 to evaluate
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Figure 4: Compare the order of technique using piecewise
linear contrast stretching before and after CLAHE. (A) Im-
age using CLAHE. (B) Image using Piecewise linear contrast
stretching before CLAHE. (C) Image using Piecewise linear
contrast stretching after CLAHE. (D) Zoom image from (B)
and (C)

Table 1: Comparison of accuracies obtained by different com-
binations of image techniques using InceptionResnetV2.

Preprocessing Techniques Accuracy
Grayscale 0.84
CLAHE 0.87
GHE 0.80
P+CLAHE 0.82
P+GHE 0.89

their effectiveness based on classification accuracy. Table 1 shows
that images with P+GHE techniques had the highest accuracy, fol-
lowed by CLAHE, Grayscale, P+CLAHE, and GHE. The Inception-
ResNetV2 performed best in image training using P+GHE, CLAHE,
and Grayscale techniques, with accuracy rates of 89%, 87%, and 84%,
respectively. Additionally, Grad-CAM was used to test the model’s
ability to identify disease types in the images, and it was found
that the model could accurately identify the types of diseases in the
images with about 80% accuracy based on the bottom part of the
images (as shown in Figure5). Note that the result, when comparing
Grad-CAM with the diagnosis of expert pathologists is consistent.

In addition, we further discuss image preprocessing techniques
and their order in histopathology images. Image preprocessing tech-
niques are essential for improving the quality of images for further
analysis. In this experiment, we discuss the order of applying two
specific techniques: piecewise linear contrast stretching and his-
togram equalization. According to Figure 4 we found that applying
piecewise linear contrast stretching before histogram equalization
can help reduce noise in the images. Therefore, we suggest that
piecewise linear contrast stretching should be applied before his-
togram equalization in histopathology images.

Figure 5: Example of Grad-CAM visualization by Inception-
ResNetV2 model

Nevertheless, it is important to note that while these techniques
can enhance contrast and reduce noise, they may not be beneficial
for other image types.

Furthermore, when we use Grad-CAM to illustrate the important
region in an image for a given class label is shown in Figure 5,
we discovered that the model training with grayscale and GHE
image sets only considers a small area of the image, and some
areas do not have a tissue. Therefore, we assume that it may be
a result of pixel breakage, causing model confusion. So, when we
compared the image set from the fifth experiment using the P+GHE
technique, which had the highest accuracy of 89%, we discovered
that the model uses 80% of the image area to identify the types of
diseases from grad-CAM visualization, which we discuss makes
sense because all of the areas in the image are a lesion. Moreover,
we consider the image area in which the model may be unused to
decisions as a result of weight initialization.

5 CONCLUSION
Our study aims to find the appropriate solution to elevate the clas-
sification capability of the deep convolutional neural network. Al-
though this research has limitations in terms of the size and quality
of the histopathology images dataset for the trained model, we
demonstrated that the limitations that affected the development
and accuracy of the model can be overcome by using image prepro-
cessing and image augmentation techniques. From the experiments,
we found that piecewise linear contrast stretching combined with
global histogram equalization technique produced the highest accu-
racy, followed by contrast limited adaptive histogram equalization
and normal grayscale image, respectively. Interestingly, cemento-
osseous dysplasia images are lacking in our dataset, but the disease
was the most accurately achieved. This indicates the usefulness of
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image preprocessing combined with image augmentation. More-
over, when using the Grad-CAM technique for understanding the
region of the image where the model is making decisions, the im-
age characteristics extracted by the InceptionResNetV2 model were
found to be consistent with the diagnostic of expert pathologists.
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