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Recognizing acne disease and evaluating its type is vital for the efficacy of the medical
treatment. This report collects a dataset of 420 images and then labels them into
seven different classes by a well-experienced dermatologist. After a pre-processing step,
including local and global contrast enhancement and noise removal by a smoothing
filter, the dataset size is enhanced using augmentation. The images of the dataset and
the augmented ones are all fed into a novel integrated dual deep convolutional neural
network (CNN) model to recognize acne disease and its type by classifying it into seven
groups. First, two CNN-based units are designed to extract deep feature maps, later
combined in a feature aggregation module. The aggregated features provide rich input
information and classify the acne by a softmax. The proposed architecture’s optimizer,
loss function, and activation functions are all tuned so that both CNN units are trained
with minimum kernel size and fewer training parameters. Thus, the computational cost is
minimized. Compared with three machine learning-based classifiers and five pre-trained
models, our model achieves competitive state-of-the-art performance with an accuracy
of 97.53% on the developed dataset.

Povzetek:

1 Introduction

Acne is an unwanted skin disease occurring in the
pilosebaceous unit. It is most commonly seen on
the face, forehead, chest, upper back, and shoul-
ders. Acne is usually related to hormonal fluctu-
ations during adolescence, although some adults
continue to experience acne into their 40-50s, too
(caused by oil and dead skin cells) [1]. According

to the surveys conducted in [2, 3], around 80% of
adolescents and young adults are affected by acne,
and approximately 40-50 million Americans have
acne problems. Acne causes pain, redness, bleed-
ing, and many other physical problems. Its psy-
chological and emotional effects on patients can
be far worse than physical issues. The changes
in the beauty of the skin’s appearance result in
several psychological problems such as anger, de-
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pression, anxiety, fear, shame, embarrassment,
low self-esteem, poor self-image, etc. Acne also
has negative impacts on the social life of the pa-
tients, e.g., lack of confidence, limited employ-
ment chances, social withdrawal, and suicidal ten-
dencies at worst [7].

Dermatologists diagnose acne by a simple vi-
sual inspection based on comedones, pustules,
nodules, cysts, etc. It is a subjective diagnosis
depending on the experts’ experience and abil-
ity. There is no particular test for acne, and
in only special and critical cases, the X-ray, CT
scan, or MRI tests are suggested by dermatol-
ogists [38]. Some professionals occasionally em-
ploy dermoscopic images for clinical diagnosis [9].
However, these images are acquired by a noninva-
sive method which is time-consuming. Addition-
ally, there are several skin analysis systems, e.g.,
VISIA from Canfield and ANTERA 3D from Mi-
ravex, which are also expensive and cannot always
detect acne accurately. These types of equipment
also require to be operated and analyzed by well-
experienced experts. Due to the lack of dermatol-
ogists, especially in under-developing countries,
people do not receive timely treatments for acne.
Even in developed countries, it is estimated that
for an appointment with a dermatologist, patients
are asked to wait for an average of 32 days1, which
delays the treatment procedure. On the other
hand, if some types of acne, such as cysts (caused
by severe infection), are not cured on time, they
are likely to turn into permanent scars, or they
need to be surgically removed by dermatologists.

Hence, it is vital to provide an automated sys-
tem to recognize acne and identify its type. In
this case, patients can receive timely treatment
without expensive equipment or expert help at
the initial stage. Generally, providing such a sys-
tem is challenging due to several main reasons:
(a) high diversity of acne lesions and human skin
tones, (b) significant variations in the size, shape,
and position of acne, and (c) dependency on the
age, gender, and skin types.

Skin disease detection, especially acne detec-
tion based on deep neural networks and machine
learning techniques, has attracted much atten-
tion among researchers. Several approaches have
been reported in the literature in the last decade

1https://www.firstderm.com/

appointment-wait-time-see-dermatologist/

[12, 16, 14, 32, 27]. Even some of them are for
acne severity grading [25, 33, 37, 10]. However,
limited research has been carried out in the acne
classification [5, 30, 19] while it is a vital issue in
getting appropriate treatment in the early stages.
The main challenge of acne recognition systems
is their inability to classify different types of acne
vulgaris. On the other hand, acne classification
approaches are also required to improve their per-
formance.

Another main challenge in acne classification is
the lack of an appropriate and publicly available
dataset. One of the earliest datasets was used
in [5] with 35 images in 5 different types (i.e.,
nail, comedones, papules, pustule, and nodule).
However, these small numbers of images are not
enough, especially for deep learning-based sys-
tems. Later, another dataset was developed in
[30] with 3000 skin images in 7 classes (includ-
ing normal skin, papule, cyst, blackhead, pustule,
whitehead, and nodule).

Although this dataset is rich in the number of
images and classes and sufficient for deep learning
models, it is not publicly available. We have even
tried to contact the corresponding author through
email to access their dataset, but they are not
reachable. Additionally, the dataset does not in-
clude two more acne types, i.e., excoriated and
keloidalis acne. Another dataset was proposed in
[19] (collected from http://dermnet.com) with
300 images in 5 classes (i.e. closed comedo (white-
head), cystic, keloidalis, open comedo (black-
head), pustular). Although it includes keloidalis
acne and has a reasonable number of images, it
still suffers from a lack of excoriated acne and
has limited classes. In [27], another dataset was
utilized with total 871 images (in 4 classes). This
dataset also has a limited number of classes and is
not publicly available. Recently, a publicly avail-
able dataset has been developed in [33] called
”ACNE04,” which is suitable only for grading
acne in 4 classes (i.e., mild, moderate, severe,
and very severe), not for acne type classification.
However, the challenging and diverse nature of
acne images, such as variations in lesion appear-
ance, lighting conditions, and patient demograph-
ics, poses significant difficulties for traditional sin-
gle CNN models.

To address the above-mentioned challenges and
improve the performance of acne vulgaris classifi-

https://www.firstderm.com/appointment-wait-time-see-dermatologist/
https://www.firstderm.com/appointment-wait-time-see-dermatologist/
http://dermnet.com
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cation, A new acne dataset with seven classes has
been developed. Then, we propose a novel ap-
proach utilizing the Dual Integrated CNN model.
The primary motivation behind this methodology
is to harness the advantages of multiple CNN ar-
chitectures and integrate them synergistically for
robust and discriminative feature representation.
Unlike conventional single CNN models, where a
single network performs feature extraction, our
dual-integrated approach combines the outputs of
two distinct CNN architectures. The integration
of diverse CNN architectures allows the model
to capture complementary and distinctive infor-
mation from different perspectives, enhancing its
ability to discern subtle patterns and variations
in acne images. The fusion of feature maps from
the dual CNNs creates a more comprehensive and
powerful representation of the input data, leading
to improved classification accuracy and general-
ization. Overall, the main contributions of this
work can be summarized as follows:

– Created an acne dataset with 420 images
in 7 classes, including two different types of
acne, Keloids and Excoriated, which can be
combined with existing datasets ([30], [19])
to form a comprehensive dataset with nine
classes for further research.

– Introduced an acne disease-free skin (DF)
class to enable the classification of acne into
six types and distinguish it from other skin
diseases, enhancing the system’s diagnostic
capabilities.

– Developed an integrated dual CNN-based au-
tomatic acne recognition and classification
system, combining feature maps from two
CNN models without fully connected layers,
resulting in high accuracy with reduced com-
putational cost.

– Utilized smartphone-captured images in the
dataset, making the proposed method acces-
sible for remote screening without the need
for expensive equipment or expert assistance.

– Compared the performance of our model
with three machine learning-based classi-
fiers and five pre-trained deep learning-based
models, demonstrating competitive perfor-
mance in acne recognition and classification.

The rest of the paper is organized as follows:
Section 2 reviews the related works reported in
the literature for acne detection, classification,
and grading. The developed dataset, its setup,
pre-processing, and augmentation steps are all ex-
plained in Section 3. Our proposed model is pre-
sented in detail in Section 4. Experimental results
and the related discussions and comparisons are
demonstrated in Section 5. Finally, conclusions
are drawn in Section 6 as well as the future direc-
tions.

2 Related Works

Many approaches have been reported in the litera-
ture for acne detection, classification, and grading
in the last decade. Generally, these approaches
can be categorized into two main groups: con-
ventional computer vision- and machine learning-
based and deep learning-based methods. This sec-
tion summarizes some of the primary studies in
these two groups.

2.1 Conventional Approaches

Conventional automatic acne detec-
tion/recognition methods are primarily based on
feature extraction for classification. Malik et al.
[25] proposed an acne grading system based on
feature extraction and support vector machine
(SVM). They classified the acne severity into
four classes, i.e., mild, moderate, severe, and
very severe. Khongsuwan et al. [22] proposed
a method for counting the number of points for
acne vulgaris. Their system achieved a prediction
accuracy of 83.75% on the cropped part of the
skin. The Ultra-Violet (UV) fluorescence light
was applied to capture images before converting
them to Gray-Scale and RGB. In this method,
the quality of the images was improved using
adaptive histogram equalization, and the number
of points (acne) was counted based on the ex-
tended maxima transform. This image processing
technique can quickly analyze acne images, but it
would become tricky when the number of images
is high.

Later, Alamdari et al [5] developed a mobile
application for acne detection, classification and
segmentation. They collected 35 images in five
classes from various dermatology resources. They
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used Fuzzy C-Min (FCM) to classify images with
no acne (normal skin) from the skin images with
acne disease (with an accuracy of 100%). More-
over, they performed another classification task
based on SVM (with the linear kernel) and fuzzy
c-means techniques to distinguish acne scarring
from inflammatory acne. This classification task
achieved an average accuracy of 80% and 66.6%
for FCM and linear SVM methods, respectively.
As the images of their dataset were captured by
a cellphone, they suffered from difficulty visual-
izing the small lesion and ascertaining the depth
of involvement. Additionally, they used a limited
number of images for segmentation and classifi-
cation, i.e., 35 images, while more images from
more subjects are required to provide an accurate
evaluation.

Kittigul et al. [23] detected acne based on ro-
bust applied features and then classified it using
five designed features. They achieved an average
accuracy of 68%, which is insufficient for clinical
purposes. Hameed et al. [13] presented a hybrid
technique using Naive Bayes Classifier (NBC) and
image processing to detect and classify acne into
three different types. Using 40 images in each
of the three classes, they achieved an accuracy
of 93.42%. Acne patterns were segmented using
adaptively regularized fuzzy c-means (ARFCM)
clustering technique and Morphological opening,
creating the mask for all training images. Four-
teen Haralick features were extracted from all pat-
terns of the masks, which were later fed into NBC
to perform the classification.

Although numerous approaches have been pro-
posed based on traditional image processing tech-
niques, they still suffer from noise and low ac-
curacy due to the variations in characteristics of
acne vulgaris, such as color variations and color
complexity.

2.2 Deep Learning-based Methods

Deep neural networks (DNNs) such as CNNs have
been extensively used for image classification. Ac-
cording to their high recognition and classification
ability, sometimes they can perform even better
than human beings in specific tasks, such as traffic
sign recognition, face recognition, and handwrit-
ing digit recognition [28, 15]. Contrary to con-
ventional computer vision methods, CNN-based
models extract more and deeper features which

enhance the classification accuracy and enable the
system to deal with more classification types [11].
Hence, they are the focus of interest among the
researchers not only for acne detection and clas-
sification but also in every field of medical image
analysis [21, 8, 24, 20, 36, 26, 17, 31, 18].

Shen et al. [30] proposed a new automatic
CNN-based diagnosis method for facial acne vul-
garis to classify different types of acne vulgaris.
This method extracted image features based on
CNNs, classified by a classifier. The skin area
was detected by applying a binary classifier for
skin and non-skin classes. Then, the type of
acne was determined using a seven-class classi-
fier. Zhao et al. [37] proposed a grading system
to assess the severity of facial acne vulgaris us-
ing 4,700 selfie images in 5 groups from ”clear” to
”severe.” Based on the transfer learning approach,
the features of the images were extracted using a
pre-trained model (ResNet 152). Then, the tar-
get severity level was learned from the labeled
images by adding and training a fully connected
layer. The irrelevant background was minimized
using OpenCV models to find facial landmarks.
Key skin patches were extracted from the selfie
images based on these landmarks. They trained
their model after rolling each skin patch to im-
prove testing results. The Root Mean Squared
Error (RMSE) was 0.482 when applying the skin
patch rolling data augmentation.

Junayed et al. [19] utilized Deep Residual Neu-
ral Network to build a model called ”AcneNet”
in which 1800 acne images (original images plus
the augmented ones) in five classes were used.
Training, validation, and testing accuracy were
86.28%, 86.11%, and 95.89%, respectively. Two
pre-trained models, Inception-V3 and MobileNet,
were also implemented on the same dataset and
compared with their proposed method. Although
this method was slightly underfitting, its perfor-
mance was competitive.

Alom et al. [6] worked on skin cancer segmenta-
tion and classification using dermoscopic images.
They proposed NABLA-N Net based on the R2U-
Net model, which was composed of three differ-
ent architectures: NABLA-N Net (A), NABLA-
N Net (B), and NABLA-N Net (AB). An In-
ception Recurrent Residual Convolution Network
(RRCNN) was used for recognizing skin cancer
from dermoscopic images. They used the trans-
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fer learning technique with NABLA-2 Net (AB)
and got a testing accuracy of 96.36% without ap-
plying any augmentations. This accuracy was
increased to 96.03% by employing augmentation
along with transfer learning. They classified im-
ages into seven classes and got a testing accuracy
of 81.12% without using data augmentation. This
accuracy was also increased to 87.09% after apply-
ing data augmentation. Although this model was
not proposed to detect acne, it performed well in
skin cancer segmentation and classification.

Another automatic diagnosis system for skin
disease was proposed by Shanthi et al. in [29]
based on AlexNet architecture. They used the
DermNet dataset in which 105 images were used
for training (its 10% was taken as validation)
and 69 images for testing. The dataset had four
classes: Acne, Urticaria, Eczema Herpeticum,
and Keratosis. They obtained 96.32% training
accuracy and 62.1% validation accuracy. Testing
accuracy for each type of Acne, Keratosis, Eczema
Herpeticum, and Urticaria was achieved as 85.7%,
92.3%, 93.3%, and 92.8%, respectively.

Rashataprucksa et al. [27] tried to overcome
the weak performance of traditional image pro-
cessing techniques in acne detection and classi-
fication. They compared the performance of the
Faster Region-based Convolution Neural Network
(Faster R-CNN) and Region-based Fully Con-
volutional Network (R-FCN) on a dataset with
871 images (four classes of acne). Achieving a
mean average precision of 28.3% for R-FCN, they
proved that R-FCN performed comparatively bet-
ter than Faster R-CNN. Although this method
was more accurate and faster than traditional
image-processing methods, its accuracy was still
low for real-life clinical applications.

3 Dataset Development

Identifying the type of acne is a crucial factor
for having a successful treatment. One of the
main challenges in automatic acne classification
is providing a proper dataset. It is essential to
have a dataset with a sufficient number of im-
ages and classes, especially for deep learning-
based systems. A dataset of 420 pictures in 7
different types is proposed to overcome this chal-
lenge. These seven classes include Acne of Closed
Comedo (ACC with 68 photos), Acne of Cystic

(AC with 50 images), Acne of Excoriated (AE
with 56 images), Acne of Keloidalis (AK with 71
images), Acne of Open Comedo (AOC with 53
photos), Acne of Pustular (AP with 62 images),
and acne disease-free skin (DF with 60 images)
(including the images of normal skin and the skin
images with other diseases rather than acne).

The authors have captured seventy-seven im-
ages of this dataset from the subjects who visited
the Department of Dermatology at Bangabandhu
Sheikh Mujib Medical University (BSMMU) and
Dhaka Medical College (DMC). The informed
consent was obtained from all subjects before
capturing the acne images by the 13-MP smart-
phone camera. Some samples of these 77 im-
ages are illustrated in Fig. 2. An example for
each of these acne types with the related de-
scriptions is illustrated in Fig. 1. The rest of
the images have been collected from public plat-
forms of Baumann Cosmetic Dermatology (http:
//www.derm.net/) and New Zealand Dermatolo-
gists (https://dermnetnz.org/). All of the im-
ages in our dataset have been labeled by a well-
experienced dermatologist in 7 classes. Due to
different image sizes, all images are resized to
224× 224 images.

4 Proposed CNN Model

Figure 3 illustrates the main flowchart of our pro-
posed deep CNN-based acne classification sys-
tem for identifying and categorizing acne vul-
garis. The input images undergo pre-processing,
including resizing and normalization, and are then
augmented to increase the diversity of the train-
ing data. The augmented images are fed into
dual CNN-based models, each of which captures
different aspects of the acne features. The ex-
tracted features from these dual CNN models are
then concatenated and aggregated using fully con-
nected layers, enabling the system to learn rich
and complementary representations from the in-
put images. Finally, the aggregated features are
passed through a softmax classifier for acne clas-
sification into different categories of acne. De-
tailed information about each step, including the
architecture of the dual CNN models and the hy-
perparameters used, is presented in the following
subsections.

http://www.derm.net/
http://www.derm.net/
https://dermnetnz.org/
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Figure 1: Six different types of acne, including Acne of Closed Comedo (ACC), Acne of Cystic (AC),
Acne of Excoriated (AE), Acne of Keloidalis (AK), Acne of Open Comedo (AOC), and Acne of
Pustular (AP), and their characteristics.

Figure 2: A sample of collected acne dataset

4.1 Preprocessing and Augmentation

Contrast is essential in medical imaging to better
represent the images, especially for acne recog-
nition and classification. Unlike the reported
approaches in the literature in which only one
contrast enhancement technique, i.e., local con-
trast or global contrast, was applied, a novel pre-
processing technique is proposed in this paper
through which local and global contrasts are in-
corporated. The primary goal of combining the
local and global contrasts is to create an infor-
mational image that clearly shows the acne’s lo-
cation while simultaneously improving the image
quality. A novel statistical function is generated
to enhance the local contrast of the acne images
in the region of Q(m,n) by using the local mean

of (E) and local standard deviation of (σ). The
following equations (1 and 2) calculate the E and
σ, respectively:

E(Q(m,n)) =
1

(2u+ 1)2

h∑
m=0

w∑
n=0

(Q(m,n)) (1)

σ =

√√√√ 1

(2u+ 1)2

h∑
m=0

w∑
n=0

[Q(m,n)− E(Q(m,n))]

(2)
where (2u+1)2 and E(Q(m,n)) represent the lo-
cal contrast and the mean of the original input
image, respectively. Here, Q(m,n) denotes a re-
gion with the height of m and the width of n in
3 channels of RGB, i.e. (m × n × 3), in which
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Figure 3: An overview of the proposed deep CNN-based acne classification system for identifying and
categorizing acne vulgaris. The input images undergo pre-processing and augmentation before being
fed into the integrated dual-CNN model. The dual-CNN model captures diverse features from the
images, enabling accurate identification and categorization of acne vulgaris.

(m,n) ∈ R. A statistical function that utilizes
these parameters is described as:

QL(m,n) = E(Q(m,n))+ϕ[Q(m,n)−E(Q(m,n))]
(3)

Here, the local contrast-enhanced image and the
contrast gains (range greater than 1) are repre-
sented by QL(m,n) and ϕ, respectively. After-
ward, a top-hat maximization technique is used
to enhance the global contrast. The top-hat filter
operation is accomplished and stated as follows:

Qtop(m,n) = Q(m,n)−Q(m,n)◦se (4)

In this step, ◦ and se denote the opening op-
eration and the structural element, respectively.
The opening operation is employed here to boost
the global contrast, and the procedure is simple
enough to be completed in a minimal amount

of time. The output of Qtop(m,n) is fed into
the maximizing function, which creates the im-
proved picture. The final enhanced image is cre-
ated by combining the outputs of Qg(m,n) and
Qcon(m,n) calculated by equations 5 and 6, re-
spectively:

Qg(m,n) = max
z∈∆(m)

(
max

α∈((m,n))
(Qtop(m,n))

)
(5)

Qcon(m,n) =
∑

(Qg(m,n), QL(m,n))−Q(m,n)

(6)
It is worth mentioning that, in addition to the
contrast enhancement, all images pass a smooth-
ing filter through which their probable noises are
removed.
Providing a considerable amount of training

data is critical in Deep Learning (DL)-based mod-
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els. If the dataset number is enormous, the over-
all model has a very flexible function with many
tunable parameters for training. Additionally, in-
creasing the number of training data in CNN re-
duces the probability of overfitting, generalizes
the model to different input patterns, and so
makes it robust [35]. Thus, to take advantage
of the essential training data, seven other aug-
mentation techniques, i.e., scaling, flipping hor-
izontally, rotating 30◦ randomly to the right or
left, shading, padding, affine transformation, and
translation, are employed. These augmentations
enhance the number of images in the dataset by
producing additional images equal to seven times
the original set.

4.2 Dual CNN-based Feature
Extractor

the novelty of the Dual Integrated CNN-based
feature extraction lies in its ability to exploit the
strengths of diverse CNN architectures, fuse their
feature representations effectively, and create a
more powerful and discriminative feature space.

With the emergence of high GPUs and the con-
siderable number of data, deep CNN-based mod-
els have been the focus of interest and extensively
applied for detecting and classifying disease im-
ages in the last decade[34]. Deep neural networks
with many layers obtain high accuracy for feature
extraction and classification. However, increasing
the number of layers raises the requirement for
many training images, parameters, and high com-
putational time. The dual integrated CNN-based
feature extraction lies in its unique approach to
combining and leveraging the strengths of two
separate CNN architectures for feature extraction
in a coherent and efficient manner. Unlike tradi-
tional single CNN models, where feature extrac-
tion is performed by a single network, the dual-
integrated CNN model integrates the outputs of
two distinct CNNs to create a more comprehen-
sive and robust representation of the input data.
An dual-integrated deep CNN-based feature ex-
tractor is proposed for acne recognition and clas-
sification to solve these limitations and get highly
informative feature maps with fewer layers. In
our proposed method, two separated CNN models
(with no fully connected and classification layers),
i.e., first and second units in Fig. 3, are designed
and trained parallel for feature extraction.

The architecture details of these two CNNmod-
els, including the number of layers and the filter,
kernel, and output sizes, are all summarized in
Table 1. This table shows that both CNN units
take the input images of size 224× 224× 3 (RGB
images with three channels). The first unit com-
prises five convolution blocks, containing a con-
volutional layer, a Max Pooling (MP) layer (for
reducing the space size for data representation),
and two regularization layers, i.e., a batch nor-
malization layer (BN) and a dropout layer. Reg-
ularization is a strategy to improve the model by
changing the learning algorithm. It also improves
the model’s performance on invisible information,
reduces overfitting, and enhances generalization
with improved convergence. In this unit, the fil-
ters in 5 blocks are 16, 32, 64, 96, and 128, respec-
tively. The kernel size (KS) in all convolutional
and MP layers are 3 × 3 and 2 × 2, respectively.
The padding for the first three convolutional lay-
ers is applied as ”same” and for the rest two con-
volutional layers as ”valid.” ReLu activation func-
tion is used in all of the convolutional layers as
follows:

RELU(x) = MAX(0, X) (7)

The negative values of the matrix are considered
0, and the positive values are kept unchanged.
Five dropout layers in 5 blocks are set as 0.25,
0.25, 0.4, 0.4, and 0.25, which means 25%, 25%,
40%, 40%, 40%, and 25% of neurons in hidden lay-
ers. These are set to 0 at each training phase up-
date to prevent the model from overfitting while
improving the accuracy. The output of the first
CNN unit is a set of feature maps produced from
the last dropout layer and has a high level of detail
on acne disorders useful for acne type classifica-
tion.

Similarly, the second unit contains five convo-
lution blocks, each composed of a convolutional
layer, a BN layer, and an MP layer, but no
dropout layers. Another difference with the first
unit is its filters 32, 32, 48, 64, and 128 in five
blocks, respectively. The kernel sizes in the first
and second convolutional layers are 7×7 and 5×5,
respectively. In the rest three convolutional lay-
ers, the kernel size is 3× 3. Padding in all convo-
lutional layers is applied as ”same.” Other char-
acteristics of the second unit, such as the kernel
size in the MP layer and the activation function,
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Table 1: The summary of the proposed two CNN feature extractors, including layers, their configura-
tions, and output shape.

First Unit Second Unit

Layers Filter Configuration Stride Output Shape Layers Filter Configuration Stride Output Shape

Conv2D 16 KS: 3× 3; padding: same; ReLU 2 224× 224× 16 Conv2D 32 KS: 7× 7; padding: same; ReLU 1 224× 224× 32

BN - - - 224× 224× 16 BN - - - 224× 224× 32

MP - KS: 2× 2 2 112× 112× 16 MP - KS: 2× 2 2 112× 112× 32

Dropout - 0.25 - 112× 112× 16 Conv2D 32 KS: 5× 5; padding: same; ReLU 1 112× 112× 32

Conv2D 32 KS: 3× 3; padding: same; ReLU 2 112× 112× 32 BN - - - 112× 112× 32

BN - - - 112× 112× 32 MP - KS: 2× 2 2 56× 56× 32

MP - KS: 2× 2 2 56× 56× 32 Conv2D 48 KS: 3× 3; padding: same; ReLU 1 56× 56× 48

Dropout - 0.25 - 56× 56× 32 BN - - - 56× 56× 48

Conv2D 64 KS: 3× 3; padding: same; ReLU 1 56× 56× 64 MP - KS: 2× 2 2 28× 28× 48

BN - - - 56× 56× 64 Conv2D 64 KS: 3× 3; padding: same; ReLU 2 28× 28× 64

MP - KS: 2× 2 2 28× 28× 64 BN - - - 28× 28× 64

Dropout - 0.4 - 28× 28× 64 MP - KS: 2× 2 2 14× 14× 64

Conv2D 96 KS: 3× 3; padding: valid; AF: ReLU 1 28× 28× 96 Conv2D 128 KS: 3× 3; padding: same; ReLU 2 14× 14× 128

BN - - - 28× 28× 96 MP - KS: 2× 2 2 7× 7× 128

MP - KS: 2× 2 2 14× 14× 96
Dropout - 0.4 - 14× 14× 96
Conv2D 128 KS: 3× 3; padding: valid; ReLU 1 14× 14× 128
MP - - - 7× 7× 128

Dropout - 0.25 - 7× 7× 128

are the same as the first unit. The second unit
provides different feature maps from the first one.

4.3 Feature Aggregation and
Classification

The acquired sets of feature maps from two CNN-
based feature extractors have specific informa-
tion about the input images. Consequently, their
combination forms a comprehensive feature map,
resulting in rich, robust, deep information from
the inputs and high classification accuracy. As
illustrated in Fig. 3, these two sets of feature
maps are first assembled in the concatenation
layer to obtain powerful feature aggregation and
high-dimension feature representation with fewer
semantic correlations. More discriminative shape
information is provided by aggregating all fea-
tures using a flattened layer, two fully connected
layers (FC 1 and FC 2), and a dense layer. The
number of neurons employed in FC 1, dense, and
FC 2 layers are 1048, 128, and 512, respectively.
The final aggregated features are fed into a soft-
max classifier to recognize and classify the acne
disease.

To better predict and classify, categorical cross-
entropy is employed as the loss function, and the
model is trained using the ADAM optimizer. The
multi-class cross-entropy loss function is defined
as follows:

Loss = −
N∑
i=1

yilog(ŷi) (8)

where yi =

{
1, if the element is in class i
0, otherwise

and ŷi is the probability that the element is in
class i. The minus sign shows that the loss value
gets smaller as the distributions become closer.
Adam Optimizer helps the CNN model minimize
errors, making it more reliable and efficient. In
our proposed model, we use the automatic learn-
ing rate reduction technique. The initial learning
rate is 0.0003.

5 Experimental Results and
Discussion

In this section, the experimental setup and results
are presented. Additionally, the performance of
our proposed method is compared with three
conventional machine learning classifiers and five
pre-trained models, i.e., GoogleNet, MobileNet,
VGG-19, ResNet-50, and AlexNet, on our devel-
oped dataset.

5.1 Experimental Setup

All experiments presented in this paper are car-
ried out using an intel core i9 PC with a 3.60
GHz CPU, 64 GB RAM, and Nvidia Geforce Rtx
2080 super GPU with 8 GB video RAM. All train-
ing and testing are conducted in an Anaconda
python environment with a visual code editor us-
ing Keras and TensorFlow frameworks. The num-
ber of epochs is defined as 60 with a batch size of
32.
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Evaluation Metrics

The performance of the proposed method
is evaluated in terms of accuracy
( (TP+TN)
(TP+TN+FP+FN)), Precision ( (TP )

(TP+FP )),

Recall/Sensitivity ( (TP )
(FN+TP )), F1-score

(2∗(Precision∗Recall)
(Precision∗Recall) ), Specificity ( (TN)

(FP+TN)),

and Matthews Correlation Coefficient (MCC=
(TP∗TN)(FP∗FN)√

((TP+FP )∗(TP+FN)∗(TN+FP )∗(TN+FN))
) Score.

In these evaluation metrics, TP, TN, FP, and
FN stand for True Positive, True Negative,
False Positive, and False Negative, respectively.
True Positive refers to the correct prediction
done by the classifier when the actual class of
the data and the predicted class are both 1
(True). On the other hand, when the actual
class is 0 (False) and the predicted class is also 0
(False), it is considered True Negative. In False
Positive, the actual class of the data is 0 (False),
while the classifier predicts it as 1 (True). It
is named False because the model mispredicted
the class and Positive due to the predicted class
being 1 (True). Conversely, a False Negative
happens when the actual class is 1 (True) and
the predicted one is 0 (False). Similarly, False
shows the misclassification, and Negative refers
to the predicted class as 0 (False).
Accuracy, as the classification rate, is defined as

the number of correct predictions divided by the
total number of predictions. Recall (Sensitivity)
is the true positive rate that observes the actual
positive values correctly identified. The precision
determines the number of positive class predic-
tions which belong to the positive class, while the
F1-score is the consonant mean of Precision and
Recall, which measures testing accuracy. MCC
measures the accuracy of the classifier by com-
paring observed and expected results.

Table 2: Performance comparison of our method
with and without applying data augmentation in
terms of sensitivity, specificity, and accuracy.

Dataset Sensitivity (%) Specificity (%) Accuracy (%)

Without Augmentation 70.11 82.76 82.18

With Augmentation 91.42 98.56 97.53

5.2 Performance Assessment

The performance of the proposed method for the
automatic acne classification is evaluated on the

Figure 4: Performance comparison of our method
with and without applying data augmentation in
training and test loss.

developed dataset in terms of sensitivity, speci-
ficity, and accuracy. The generated dataset’s im-
ages are resized to 224 × 224 RGB images as
input. Then, a 10-fold cross-validation strategy
is employed for two dataset scenarios: without
and with data augmentation. Hence, the whole
dataset without augmentation (420 images) is
randomly divided into ten equal-size subsamples.
Among them, a single subsample is selected as a
testing set (i.e., 10% of the whole dataset, which
is 42 images), and the remaining nine subsamples
(i.e., 90% of the dataset) are used as the train-
ing set. This process is repeated ten times, while
each of the ten subsamples is used exactly once
as the testing set during the whole validation pro-
cess. Similarly, a 10-fold cross-validation strategy
is also applied for the dataset with augmentation.
Still, this time the number of images is increased
to 3360 (i.e., 420 original images plus 2940 aug-
mented images based on seven augmentation tech-
niques).

Figure 5: Performance of the proposed system
on our developed dataset (with augmentation) in
terms of (a) training and validation (test) accu-
racy, and (b) training and validation (test) loss.

The average results of 10-fold cross-validation
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Table 3: The number of convolution blocks and the type of optimizers applied on the model.
No of Conv. Blocks
in the First Unit

Filters of the First Unit
NO of Conv. Blocks
in the Second Unit

Filters of the Second Unit Optimizer Accuracy

3 32, 64, 96

3 32, 48, 64
SGD 82.31

ADAM 83.63

4 32, 32, 48, 64
SGD 79.78

ADAM 76.92

5 32, 32, 48, 64, 128
SGD 81.66

ADAM 82.01

6 16, 32, 32, 48, 64, 128
SGD 83.33

ADAM 83.98

7 16, 32, 32, 48, 64, 128, 256
SGD 81.50

ADAM 82.23

4 16, 32, 64, 128

3 32, 48, 64
SGD 78.81

ADAM 83.19

4 32, 32, 48, 64
SGD 82.47

ADAM 81.62

5 32, 32, 48, 64, 128
SGD 87.02

ADAM 85.28

6 16, 32, 32, 48, 64, 128
SGD 83.26

ADAM 84.55

7 16, 32, 32, 48, 64, 128, 256
SGD 87.29

ADAM 89.61

5 16, 32, 64, 96, 128

3 32, 48, 64
SGD 91.56

ADAM 93.83

4 32, 32, 48, 64
SGD 94.34

ADAM 95.17

5 32, 32, 48, 64, 128
SGD 96.71

ADAM 97.53

6 16, 32, 32, 48, 64, 128
SGD 95.09

ADAM 94.18

7 16, 32, 32, 48, 64, 128, 256
SGD 93.41

ADAM 95.62

6 16, 32, 64, 64, 96, 128

3 32, 48, 64
SGD 95.01

ADAM 94.98

4 32, 32, 48, 64
SGD 95.27

ADAM 95.71

5 32, 32, 48, 64, 128
SGD 95.55

ADAM 96.48

6 16, 32, 32, 48, 64, 128
SGD 94.98

ADAM 95.24

7 16, 32, 32, 48, 64, 128, 256
SGD 95.38

ADAM 95.77

7 16, 32, 64, 64, 96, 128, 256

3 32, 48, 64
SGD 95.35

ADAM 96.50

4 32, 32, 48, 64
SGD 95.11

ADAM 94.96

5 32, 32, 48, 64, 128
SGD 95.75

ADAM 96.10

6 16, 32, 32, 48, 64, 128
SGD 95.83

ADAM 95.75

7 16, 32, 32, 48, 64, 128, 256
SGD 96.00

ADAM 95.89

for both scenarios are summarized in Table 2. As
presented in the table, sensitivity, specificity, and
accuracy are increased by 21.31% (from 70.11 to
91.42%), 15.8% (from 82.76% to 98.56%), and
15.35% (from 82.18% to 97.53%), respectively, for
augmented images. Additionally, the impact of
the augmentation on the performance of the pro-
posed method is investigated in terms of training
and test loss in Fig. 4. As illustrated in this fig-
ure, after augmentation, the training loss and test
loss are decreased by 0.1 (from 0.7 to 0.6) and
0.2 (from 0.52 to 0.32), respectively. These re-
sults conclude that the augmentation prevents the
model from overfitting and improves the system’s
performance. Hence, in all experiments, the sys-
tem’s performance is evaluated on the augmented

dataset.

Moreover, the effects of the convolution block
numbers in both CNN units are further investi-
gated to select the optimum number. Twenty-five
different combinations of convolution blocks are
implemented with two optimizers (i.e., stochastic
gradient descent (SGD) and ADAM) as presented
in Table 3. According to the feature maps of
each block (which are not shown here for brevity),
the first convolution blocks usually detect and ex-
tract the edges of the images. As the number of
blocks increases and the network becomes more
profound, the feature maps look more like an
abstract representation than the original image.
The simple patterns, such as edges and shapes,
are detected based on lower-level feature maps,
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while the high-level concepts are encoded using
deeper feature maps. In our integrated dual-CNN
feature extractor, the required features of acne
and its types are extracted with five convolution
blocks for both CNN units. As summarized in Ta-
ble 3, using less than five convolution blocks pro-
vides fewer features insufficient for getting high
accuracy. Although more features are extracted
by increasing the number of convolution blocks,
it does not necessarily always increase the accu-
racy. And instead, it leads to overfitting and false
positives. Going deeper results in sparser feature
maps (the filters detect fewer features). Conse-
quently, the deeper feature maps provide more
information about the class of the image than the
image itself, which is helpful but less visually in-
terpretable. In the first convolution blocks, sim-
ple shapes (available in every image) are detected,
while the deeper networks seek more complex fea-
tures that don’t appear in every image. This phe-
nomenon happens in our system when the number
of convolution blocks in both CNN units is more
than 5. Hence, the highest accuracy (96.71% with
SGD and 97.53% with ADAM) is achieved using
five convolution blocks in both CNN-based fea-
ture extractors. Comparing the performance of
our model based on two optimizers of SGD and
ADAM, it is observed that ADAM achieves better
results as it is an extension of SGD.

Hence, the performance of the final proposed
system is presented in Figs. 5 (a) and (b) in terms
of accuracy and loss, respectively, on the aug-
mented dataset. The dotted line is related to the
training set in both graphs, and the solid line is re-
lated to validation/test data. The X and Y axes in
this figure demonstrate the number of epochs and
accuracy/loss, respectively. It is observed that
the model’s performance is almost stable after 30
epochs and the training and test accuracy reach
94.81% (with a loss of 0.38) and 97.53% (with a
loss of 0.29), respectively, after 60 epochs. Over-
all, the test set is well performed than the training
set.

Table 4: Comparison of the proposed model per-
formance with different machine learning-based
classifiers.

Classifiers Precision F1-Score Sensitivity Specificity Accuracy

KNN 72.35% 74.41% 75.89% 90.25% 90.10%

MLP 75.79% 76.52% 76.92% 93.45% 92.86%

SVM 78.14% 82.48% 80.82% 94.45% 94.06%

Proposed Softmax 91.37% 91.36% 91.42% 98.56% 97.53%

5.3 Comparison with Classifiers

In this study, acne classification is carried out
with conventional machine learning classifiers to
demonstrate the capability of our proposed dual
CNN-based acne classification system. The soft-
max classifier is replaced with machine learning-
based classifiers. The extracted integrated feature
maps from the dual-CNN feature extractor are
fed into three classifiers: SVM, MLP, and KNN.
Their tuned hyperparameters, i.e., initial learn-
ing rate, minimum batch size, learning algorithm,
maximum epochs, and learning factor of fc, are
0.0003, 32, ADAM, 60, and 10, respectively.

The performance of these classifiers is evalu-
ated in terms of precision, F1-score, sensitivity,
specificity, and accuracy and compared with our
proposed model based on the softmax classifier
in Table 4. As presented in this table, the accu-
racy of KNN, MLP, and SVM classifiers and our
model is 90.10%, 92.86%, 94.06%, and 97.53%, re-
spectively. Comparing the results, our proposed
CNN model based on a softmax classifier achieves
at least 3.5% more accuracy than the other classi-
fiers. Additionally, its processing time is less than
the different conventional classifiers.

5.4 Comparison with Pre-trained
Models

Our proposed method can determine the type of
acne and distinguish between acne and other skin
diseases such as eczema and cancer. To further
highlight our proposed acne classification capa-
bility, it is compared with five pre-trained mod-
els: GoogleNet, MobileNet, VGG-19, ResNet-50,
and AlexNet. Table 5 displays the performance of
these models as well as ours in terms of accuracy,
precision, F1-score, sensitivity, specificity, and
MCC for each of the acne types (i.e., ACC, AC,
AE, AK, AOC, AP, DF) and their average results.
As presented in this table, the average accuracy
of GoogleNet, MobileNet, VGG19, ResNet50,
AlexNet, and our proposed model is 94.13%,
94.90%, 95.58%, 96.24%, 95.89%, and 97.53%, re-
spectively, among which ours is the highest. Not
only in terms of accuracy but also in terms of
other evaluation metrics, i.e., precision (91.37%),
F1-score (91.36%), sensitivity (91.42%), speci-
ficity (98.56%), and MCC (89.94%), our proposed
method outperforms the others. Additionally, the
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Table 5: Comparison between the performance of the proposed model and the other five pre-trained
models.

Methods Disease types Accuracy (%) Precision (%) F1-Score (%) Sensitivity (%) Specificity (%) MCC (%)

GoogleNet

ACC 93.45 75.00 76.60 78.26 95.86 72.81
AC 94.05 77.08 78.72 80.43 96.21 75.29
AE 94.94 81.25 82.11 82.98 96.89 79.17
AK 93.75 77.08 77.89 78.72 96.19 74.26
AOC 94.35 79.17 80.00 80.85 96.54 76.71
AP 90.48 72.92 68.63 64.81 95.39 63.19
DF 97.92 93.75 92.78 91.84 98.95 91.57

Total Average 94.13 79.46 79.53 79.70 96.57 76.14

MobileNet

ACC 94.64 81.25 81.25 81.25 96.88 78.13
AC 95.54 79.17 83.52 88.37 96.59 81.11
AE 93.75 81.25 78.79 76.47 96.84 75.17
AK 94.94 83.33 82.47 81.63 97.21 79.52
AOC 94.94 79.17 81.72 84.44 96.56 78.84
AP 92.26 77.08 74.00 71.15 96.13 69.54
DF 98.21 93.75 93.75 93.75 98.96 92.71

Total Average 94.90 82.14 82.21 82.44 97.02 79.29

VGG-19

ACC 95.24 83.33 83.33 83.33 97.22 80.56
AC 95.54 85.42 84.54 83.67 97.56 81.93
AE 94.94 83.33 82.47 81.63 97.21 79.52
AK 96.43 87.50 87.50 87.50 97.92 85.42
AOC 94.35 77.08 79.57 82.22 96.22 76.35
AP 93.75 79.17 78.35 77.55 96.52 74.70
DF 98.81 95.83 95.83 95.83 99.31 95.14

Total Average 95.58 84.52 84.51 84.53 97.42 81.95

ResNet-50

ACC 96.43 87.50 87.50 87.50 97.92 85.42
AC 94.64 79.17 80.85 82.61 96.55 77.76
AE 95.24 85.42 83.67 82.00 97.55 80.91
AK 96.54 81.25 83.87 86.67 96.91 81.34
AOC 94.94 79.17 81.72 84.44 96.56 78.84
AP 93.75 83.33 79.21 75.47 97.17 75.67
DF 99.11 97.92 96.91 95.92 99.65 96.39

Total Average 96.24 84.81 84.82 84.94 97.47 82.33

AlexNet

ACC 95.54 81.25 83.67 86.67 96.91 81.34
AC 95.24 83.33 83.33 83.33 97.22 80.56
AE 96.73 89.58 88.66 87.76 98.26 86.75
AK 97.02 93.75 90.00 86.54 98.94 88.35
AOC 96.43 85.42 87.23 89.13 97.59 85.19
AP 93.75 77.08 77.89 78.72 96.19 74.26
DF 96.54 81.36 88.89 97.96 96.31 87.39

Total Average 95.89 84.54 85.67 87.16 97.35 80.41

Proposed model

ACC 97.92 89.58 92.47 95.56 98.28 91.33
AC 96.13 87.50 86.60 85.71 97.91 84.34
AE 96.73 89.58 88.66 87.76 98.26 86.75
AK 97.92 93.75 92.78 91.84 98.95 91.57
AOC 98.21 95.83 93.88 92.00 99.30 92.86
AP 96.43 85.42 87.23 89.13 97.59 85.19
DF 99.40 97.92 97.92 97.92 99.65 97.57

Total Average 97.53 91.37 91.36 91.42 98.56 89.94

accuracy of each class in our proposed method is
higher than that of other methods. The highest
accuracy belongs to the DF class, which refers
to the acne-free skin images. As our developed
dataset has the benefit of having a type contain-
ing normal skin and other skin disease images (ex-
cept acne), our proposed method has successfully
trained for recognizing acne disease. If the probe
image does not contain acne, it is classified as DF
with high accuracy of 99.40%.

Fig. 6 presents the confusion matrices of
our proposed model and the other five pre-
trained deep learning-based models. As demon-
strated in this figure, the number of true pos-
itives in all seven classes is higher in our pro-
posed model, which proves its competitive perfor-
mance compared to GoogleNet, MobileNet, VGG-

19, ResNet-50, and AlexNet.

As another evaluation tool, our proposed
method’s Receiver Operating Characteristic
(ROC) Curve and five pre-trained models are
illustrated in Fig. 7. It presents the performance
of the models at different thresholds, in which
the x-axis is the false positive rate and the y-axis
is the true positive rate. In this probability
curve, the Area Under the ROC Curve (AUC)
indicates the classification capability of the
corresponding model. As illustrated in this
figure, the AUC scores of GoogleNet, MobileNet,
VGG-19, ResNet-50, AlexNet, and our proposed
CNN are 91.32, 92.91, 91.76, 91.88, 93.24, and
94.67, respectively. These models are all imple-
mented with the ADAM optimizer. As the higher
AUC shows a better performance, our proposed
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Figure 6: Confusion matrix for acne classification. Here, (a), (b), (c), (d), (e), and (f) represent the
confusion matrix of the proposed model, AlexNet, ResNet-50, VGG-19, MobileNet and GoogleNet

Figure 7: Comparison between the AUC of the
ROC curves belonging to our proposed deep dual-
CNN model and five pre-trained models.

method obtains the best performance having the
highest AUC of 94.67.

5.5 Comparison with the
State-of-the-Arts

To have a fair comparison between our proposed
method and the state-of-the-art approaches, we
must implement them on the proposed dataset.
No available source codes are found for the re-
lated works to implement them. Consequently,
our model is only compared with one state-of-the-
art acne classification approach proposed in [19]
by implementing it on the same dataset accessi-
ble in http://dermnet.com. The results are pre-
sented in Table 6. As it is noted in this table, our
proposed dual CNN-based acne classification sys-
tem achieves higher performance (96.74%) than
the state-of-the-art approach of [19] (with a re-
ported accuracy of 95.89%) on the same dataset
of 1800 acne images in 5 different classes.

Additionally, as the proposed model has com-
petitive performance in acne classification, it also
inspired us to evaluate it for acne grading. Hence,
it is implemented on an acne grading dataset
called ”ACNE04” [33], which is publicly available.
The grading system is implemented on the same
dataset of 1457 acne images in 4 classes, i.e., mild,
moderate, severe, and very severe. The results

http://dermnet.com
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Table 6: The performance comparison of the Ac-
neNet and ACNE04 datasets in the model. Here,
CF, NoC, and DS depicted classification, number
of classes, and dataset size, respectively.

Datasets NoC DS Accuracy

AcneNet [19] (CF) 5 1800
95.89 [19]

96.74 (Our)

ACNE04 [33] (Grading) 4 1457
84.11 [33]

86.36 (Our)

are also summarized in the same table (Table 6).
Comparing the results, our proposed acne clas-
sification system can be successfully performed
for acne grading by achieving higher accuracy of
86.36% which is 2.25% higher than that of the
state-of-the-art approach in [33].

5.6 Failure Cases

Figure 8: Misclassification cases of the proposed
model.

We evaluated the performance of our proposed
acne classification system, and while it success-
fully recognized and classified acne into six differ-
ent types, there were a few misclassification cases,
as depicted in Fig. 8 with both the actual class
and the predicted label. Among these instances,
two misclassifications (Figs. 8 (a) and (b)) were
associated with low confidence scores, close to
0.5, indicating uncertainties in the model’s de-
cision. Upon conducting a detailed analysis of
these misclassification cases, we observed that
the model encountered challenges in classifying
tiny acne lesions, as evident in Figs. 8 (d) and
(h). Conversely, misclassifications with high con-

fidence scores occurred in Figs. 8 (c), (e), (f),
and (g). Possible reasons contributing to these
misclassifications may include variations in image
quality or the presence of unique acne cases that
differ significantly from the training data. As we
strive to improve the system’s performance and
accuracy, future research could focus on refin-
ing the model architecture, incorporating diverse
and representative training data, and exploring
advanced image preprocessing techniques to ad-
dress these challenges effectively. By addressing
these misclassification scenarios, we can further
enhance the robustness and reliability of our acne
classification system, making it a valuable tool in
dermatological diagnosis and patient care.

6 Conclusions and Future
Works

This paper introduced a deep learning-based
lightweight system to recognize and classify dif-
ferent acne vulgaris using a novel acne dataset.
Firstly, an acne dataset with 420 images in 7
classes was developed. Then, these images were
modified by applying a pre-processing system.
The number of shots was increased to 3360 by
using seven different augmentation methods. An
integrated dual CNN-based model was proposed
to recognize acne and classify it into seven groups.
The whole feature extractor was composed of two
CNN models with different conv2d, BN, and max-
pooling layers. The extracted feature maps from
these two models were first concatenated and then
aggregated using fully connected layers. The final
comprehensive feature maps were fed into a soft-
max layer for classification. The performance was
investigated for convolution blocks in two feature
extractor units and two different SGD and ADAM
optimizers.

In addition, its performance was evaluated for
both original images without augmentation and
the extended dataset with augmented images
to analyze the influence of augmentation. It
was compared with three conventional machine
learning-based classifiers and five pre-trained deep
learning-based models and received competitive
performance. The proposed method’s feasibil-
ity has been confirmed by conducting experi-
ments and achieving a state-of-the-art accuracy of
97.53% in acne classification. It was also imple-
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mented on an acne grading dataset and achieved
good performance with an accuracy of 86.36%.
Despite the outstanding performance, the acne
classification system faces challenges, such as ac-
curately classifying small and tiny acne lesions
and addressing unique cases not adequately rep-
resented in the training data. In the future, ef-
forts should focus on expanding and updating
the proposed acne dataset with additional images
and diverse acne classes, as well as enhancing the
model’s generalization capabilities. With its high
accuracy and computational efficiency, the pro-
posed system shows promise in facilitating auto-
mated and reliable acne classification and has the
potential for broader medical applications.

Experimental Code Availability

For further investigation, comparison, and anal-
ysis of this study by the research community,
the experimental code and model are accessible
upon request to the corresponding author through
email.
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