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Abstract: Acne is a persistent skin disorder that typically affects children in the age range of 12 to 25. Both
inflammatory and non-inflammatory skin diseases can coexist with various types of acne, such as papules, pustules,
nodules, cysts, blackheads, and whiteheads. In recent times, the study of acne has been carried out conventionally, with
a manual approach for determining the ROI. As a result, the patient's face will be physically counted and marked with
the acne that was found in the ROI. This manual method could result in incorrect identification and diagnosis of acne.
Moreover, it is still difficult to determine the type of acne related to another. The necessity for patients to visit a
dermatologist is growing despite the difficulties in identifying acne manually. For a patient, waiting for the
dermatologist to become available is challenging. Thus, an automated application for recognizing acne types is needed,
as it may help these individuals. In order to address these problems, a dataset containing images of skin diseases is
created. Lanczos resampling, which is frequently used to shift or enhance a digital signal's sampling rate by a fraction of
the sampling interval, is employed in the preprocessing of the skin disease data. Subsequently, the pre-processed images
are segmented using the Modified Link Net-B7 in order to eliminate noise and correctly categorize images of acne with
the segmented skin images. After the model has been trained and validated, the Acne type prediction is forecast using
the HR-Net algorithm. The performance metrics for this developed model are FPR, FOR, NPV, kappa, error, accuracy,
precision, sensitivity, specificity, f1-score, kappa, training time, testing time, and execution time. Performance metrics
values of 95.17%, 94.10%, 92.33%, 96.34%, 93.15%, 85.74%, 4.83%, 4%, 6%, 95%, 7.7%, 1492, 23 and 1515 have
been reached for the proposed approach. Therefore, compared to the existing models, Acne type prediction using the
different types of Acne disease images based on modified Link Net-B7 and HR-Net algorithm performs better.

Index Terms: Acne Disease; Lanczos Resampling; Modified Link Net-B7; HR-Net Algorithm; Skin Disease

1. Introduction

In the medical field, automated evaluations of the severity of skin diseases are crucial. Common chronic
inflammatory skin disease known as acne vulgaris affects the pilosebaceous units and is characterized by skin that is
scarred, comedones, papules, nodules, pimples, and seborrhea [1]. Acne affects up to 650 million people globally, or 85%
of teenagers as well as young adults. Acne is a skin condition that not only damages individuals physically but also
significantly affects their mental health [2]. Low self-esteem, melancholy, worry, and even suicidal thoughts are
frequently brought on by acne. Consequently, there's a big need for prompt and efficient acne treatment and diagnosis
[3]. Dermatologists must evaluate the severity of the acne in order to choose the best course of action for a precise,
uniform treatment. Global Acne Grading System (GAGS) as well as Hayashi criteria are commonly used by
dermatologists as industry standards for severity [4]. In particular, there are four severity degrees for acne: mild,
moderate, severe, and extremely severe. The conventional way of assessment involves seeing a dermatologist in the
hospital to see and gauge the severity of acne. This process takes time and frequently depends on the dermatologist's
experience [5]. In addition, patients frequently experience challenges with hospital registration, protracted hospital wait
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times, and poor access to transportation, particularly for those who reside in rural or impoverished areas. Sending
images or videos to a dermatologist is another way to get advice on these matters, but dermatologists find that these
technological transmission techniques take up time and may result in privacy difficulties. For this reason, an accurate
and practical computer-aided diagnosis approach for acne is essential to its successful and efficient management [6].

Significant progress in the analysis of acne has been done in the last few years. Increasing popularity of
convolutional neural network (CNN)-based techniques for diagnosing acne lesions can be attributed to deep learning's
(DL) improved performance in image processing tasks [7]. A machine learning method to evaluate the severity of acne
on the face, differentiate between lesions from comedoneal and inflammatory acne also identify residual or post-
inflammatory hyperpigmentation (PIHP). CNN-based approaches are more versatile and perform better than most
methods that rely on handcrafted features. However, there are still a few difficult issues when using CNNs to gauge the
severity of acne [8]. First off, lesion type or amount alone is the basis for the widely used acne grading criteria. This is a
poorly designed procedure that could lead to inaccurate grading outcomes from CNN-based systems. Second, it is
challenging to differentiate between acne photos with equal severities due to their identical appearances. Adopting a
deeper and wider network is a popular solution to this problem, However, it requires a lot of processing power (more
potent GPUs) and isn't compatible with low-spec devices like smartphones. [9]. Additionally, rather than using patient
data for a more individualized diagnosis, earlier research concentrated on making diagnoses based solely on images of
acne. Therefore, it is a difficult task to obtain automated individualized assessments of acne severities that are
independent of time and location [10].

Acne’'s clinical symptoms can take many different forms; comedones, papules, pustules, nodules, cysts, and more are
common during adolescence and can last into adulthood. Nearly all teenagers between the ages of 15 and 17 get the
illness, and it still affects 5% of women and 3% of men in their 40s and 49s. Acne has a significant negative
psychological and economic impact [11]. The annual cost of treating acne and lost productivity in the United States alone
exceeds $3 billion, placing a significant strain on the healthcare system. Adolescent patients experiencing physical
changes as a result of acne are frequently depressed and socially isolated; also, delayed or ineffective therapy can cause
major, irreversible harm to the patients' physical and mental well-being. Consequently, acne vulgaris treatment is very
important for both individuals with the condition and society at large [12]. The management approach for acne is directly
correlated with the assessment of its severity. At present, though, despite the availability of a wide range of techniques
and standards for grading acne severity, the diagnosis and treatment selection are typically based more on the clinical
experiences of the treating physician. Although becoming a certified dermatologist often requires extensive training, there
are differences amongst dermatologists with regard to their clinical backgrounds [13]. Inadequate therapy for acne
patients has been a result of both patient ignorance of the need for medical attention and patient accessibility to
dermatologists, which both influence management strategies [14]. To overcome the abovementioned issues, Acne type’s
prediction using acne images based on modified Link Net-B7 and HR-Net algorithm. The main contributions of the
proposed model are

e Acne type prediction using facial acne images based on modified Link Net-B7 and HR-Net algorithm.

e Collected Acne images are pre-processed using the Lanczos resampling for typically increase the sampling rate
of a digital signal.

e Link Net-B7 technique is used for noise removal and segmenting the types of acne disease from the facial skin
images.

e For training and classifying the types of acne from the segmented acne images, the HR-Net algorithm is used.

Paper’s subsequent sections are organized as follows: Section 2 examines a number of publications on the prediction
of acne disease type; Section 3 presented succinct description model is recommended. Section 4 presents experimental
results for the constructed type of acne disease prediction model in addition to Section 5 concludes the study.

2. Literature Survey

Numerous methodologies established for the prediction of acne illness. The majority of the research papers have
been analyzed, and some of them are reviewed below.

Farag et al. [15] developed a new ensemble learning technique for accurately identify and categorize acne in images
using deep learning models. Prior to pruning the redundancy models based on model diversity and performance, it trains
multi-base models. The foundation models that choose in the previous stage are then used to generate the extra properties
of the training data. After that, it uses a feature selection technique to eliminate even more unnecessary models. In the
end, all basic models are combined using classifiers. To reduce the size of the deep learning base models, an ensemble
pruning technique was developed.

Alzahrani et al. [16] introduced Density maps were generated by a multi-scale dilated fully convolutional regressor
in combination with an attention mechanism. The recommended fully convolutional regressor module systematically
integrates multi-scale contextual information for the creation of density maps by adapting UNet with dilated convolution
filters. To add an attention mechanism to the regressor model, it uses historical bounding box data produced by Faster R-
CNN. By employing this attention process to identify the most significant characteristics linked to the understudied acne
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lesions, it was possible to increase the regressor model's resilience to a variety of facial acne lesion distributions in both
sparse and dense areas. Ultimately, the number of acne lesions inside the image was calculated by integrating across the
generated density maps; this number then indicates the severity of acne. Regression and classification metrics outperform
state-of-the-art methods in the acquired results.

Huynh et al. [17] presented a Using facial image data from smartphones, an artificial intelligence system named
AcneDet performs autonomous object detection and severity rating of acne. AcneDet has two models for the following
two tasks: First, a LightGBM machine learning model that uses Investigator's Global Assessment (IGA) scale to
determine the severity of acne; second, a Faster R-CNN-based deep learning model that can distinguish between four
different types of acne lesion objects: papules/pustules, nodules/cysts, blackheads/whiteheads as well as acne scars. The
LightGBM model was used to grade the severity of acne using the counts of each form of acne, which were the result of
the Faster R-CNN model. For training, a dataset of 1572 tagged images of faces taken using both iOS and Android cell
phones was utilized. According to the findings, the Faster R-CNN model detects acne objects with a mean accuracy of
0.54. The LightGBM model's average accuracy in assessing acne severity was 0.85.

Lin et al. [18] introduced and developed to create a single, universal framework for rating acne that can be applied to
various grading criteria. It replicates, in two stages, the worldwide evaluation of the dermatologist's diagnosis. First,
important information was enhanced and useless information was successfully filtered using an adaptive image pre-
processing technique. Next, to mimic the dermatologists' comparison of local skin and global observation, an inventive
network structure combines global deep features with local features. Furthermore, a transfer fine-tuning approach was
suggested to move the previous understanding of one criterion to another, which effectively enhances the performance of
the framework when there was inadequate data.

Kim et al. [19] used the genomic information of a relevant strain from ribotype 5, the virulent C. acnes genome-
scale metabolic model (GEM), iCA843, was created in order to gain a thorough understanding of the pathogenic
characteristics of C. acnes in the skin environment. In order to obtain qualitative model verification, it have to show that
the model accurately anticipated the patterns of acetate and propionate formation, which agreed with the findings of the
experiments. Furthermore, compared to other GEMWs of skin pathogens that cause acne, C. acnes was discovered to
have distinct short-chain fatty acid production pathways. Constraint-based flow analysis with endogenous carbon sources
in human skin revealed that a significant engagement of the Wood-Werkman cycle for NAD regeneration occurs in acne-
associated skin diseases, leading to an elevated synthesis of propionate. Finally, it recommended possible targets for C.
Acnes resistance utilizing a model-guided systematic method based on protein sequence similarity searches and gene
essentiality analysis with a variety of skin microbiome species.

The majority of articles evaluated above are related to the type of acne disease prediction. It is usually necessary to
combine numerous classifiers to ensure that the error converges to its asymptotic value. [15]. complexity of the
traditional UNet architecture, which can affect training and accuracy [16]. It relatively computationally expensive
compared to other object detection methods [17]. Complexity of computation [18]. When there is more noise in the data
set, it performs poorly [19].

3. Proposed Methodology

Almost 80% of teenagers and young adults suffer from acne, a significant chronic inflammatory illness of the
pilosebaceous unit, which includes the hair follicle, shaft, and sebaceous gland. Even when treated appropriately, it
typically results in permanent disfigurement. Assessing risk factors for acne disease development in patients with acne
disease and examining the relationship between these factors and the clinical features of the condition were the objectives
of this study. The process flow of the proposed model is illustrated in Figure 1.
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Fig. 1. Architecture for the Acne diseases in the Present Mode.
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In this proposed model, the acne type disease dataset is collected and gathered as a dataset. These gathered facial
images are preprocessed using Lanczos resampling to increase the sampling rate of a digital signal, or to shift it by a
fraction of the sampling interval. Then, these pre-processed images are segmented using the Modified Link Net-B7 for
removing the noise and segmentation of Acne disease images. After segmented images undergo the classification used in
the HR-Net algorithm for predicting the type of acne disease, such as Conglobata, Comedonica Papulopustulosa.

3.1. Pre-Processing

A preliminary step is raw data analysis before moving on to the major phase or additional analysis. This pre-
processing approach uses the Lanczos resampling algorithm.

3.1.1. Lanczos resampling

A method of scaling images called Lanczos resampling uses a kernel whose size is specified by a positive integer
parameter, abbreviated as a. To get the best results, an is usually set to 2 or 3 [20]. In this instance, it selects a = 2, thus
the kernel size in both the x and y Axes are 4 pixels. Consequently, to interpolate one pixel in the scaled image, a total
kernel size of 4 x 4 is needed. The pixel values for the resulting image are interpolated by this algorithm using a sinc
function as (1). This is how the Lanczos kernel is computed.

1, ifx=1
L(x) = W, if —a<x<aandx # 0 Q)
0, otherwise

Equation (2) provides an interpolation formula that is used to carry out the interpolation calculations. Just two
variables are used in this formula: x and i. If a pixel needs to be interpolated in either the x or y direction, its new
position is represented by the variable x. The neighbouring pixel in the original image that corresponds to x is
represented by i, on the other hand.

S() = T L Sik(x — 1) 2

Pixel value S(x) at the new position x in Equation (2) is determined by adding up the contributions of neighbouring
pixels S; and adjusting for weight using the Lanczos function L(x — i). Using the distance between each neighboring
pixel and the new position, the Lanczos function calculates each pixel's effect.

3.2. Segmentation

Image segmentation is a widely used method in digital image analysis as well as processing for dividing an image
into different portions or areas, frequently depending on the properties of pixels in the image.

3.2.1. Modified Link Net-B7

Adam was found to be the optimizer [21]. Sigmoid was employed as the function for output. When there are two
possible output classes, a sigmoid function is typically selected as the activation function for the output. Table 1 lists the
specifications. The EfficientNet architecture relies on Mobile Inverted Bottleneck Convolution (MBConv), which is
optimized for squeezing and excitation. The family of EfficientNet networks has various numbers of the MBConv blocks.
From EfficientNetBO to EfficientNetB7, the model's depth, width, resolution, and size grow while improving accuracy.
The EfficientNetB7 model exceeds earlier CNNs in ImageNet accuracy, while simultaneously being 8.4-fold smaller and
6.1-fold faster. It is separated into seven blocks based on filter size, stride, and number of channels.

Table 1. Training Phase Parameters.

Parameter Noise Removal and Segmentation Phase
Input size 256x256
Epoch number 5000
Optimizer Adam
Batch size 8
Learning rate 0.001

Four encoder blocks and four decoder blocks are present. LinkNet was used for medical image segmentation due to
its excellent accuracy and short epoch duration. EfficientNetB7 was employed as the encoder. This is because compared
to other varieties, it has a higher accuracy and parameter count. It suggested LinkNet-B7, a LinkNet-based deep learning
algorithm with an encoder of EquantNetB7 and an input size of 256 x 256 x 3. The encoder's structure is displayed in
Table 2.
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Fig. 2. LinkNet-B7 Architecture.

As other ResNet models include more layers, which slow down the model and increase the epoch time, our model
included a single ResNet block before the last layer. Prior to the decoder blocks, it also used a middle block. By doing

this, accuracy might be increased since it could gather more data before the decoder blocks.

Table 2. The encoder's structure.

Phase Operator Layers Resolution channels
1 Conv7x 7,/2 1 128 x 128 64
2 Conv3 x 3 1 128 x 128 64
3 Block 1-MBconv1 3 x 3 3 128 x 128 32
4 Block 2-MBconvl 3 x 3 7 64 X 64 48
5 Block 3-MBconvl 5 x 5 7 64 X 64 80
6 Block 4-MBconvl 3 x 3 10 32 %32 80
7 Block 5-MBconvl 5 x 5 10 32 %32 224
8 Block 6-MBconvl 5 x 5 13 16 X 16 384
9 Block 7-MBconv1 3 x 3 4 16 X 16 640
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Finally, it made use of LinkNet-B7, a modified hybrid model. The input image is convoluted by the first block of the
model using a 7x7 kernel with a stride of 2. This is followed by a max-pooling layer with a stride of 2. The model is
shown in Figure 2.

3.2.2. Sand cat swarm optimization (SCSO)

The sand cats, who provided as the first source of inspiration for the suggested process, are discussed in this section
[22]. Next, the suggested method's mathematical model and operation are explained.

Inspiration: Natural sand cats The Felis family of mammals includes the sand cat (Felis margarita) as one of its
member species. Sand cats, which are adapted to harsh environments, can be found in stony and sandy deserts, including
those found in central Asia, Africa, and the Arabian Peninsula. Small, agile also obedient, sand cats have distinctive
lifestyles as well as hunting patterns. Even though there isn't much of an aesthetic distinction between sand cats and
domestic cats, their lifestyles are very different. Sand cats don't live in a pack like many other cats do. Sand cats have fur
on their palms too soles that is denser than normal, ranging from light grey to sandy. The fur on the soles of the feet
shields the pads from the desert's intense heat and cold. Furthermore, the sand cat's hair is difficult to trace and detect.
The sand cat's length ranges between 45 and 57 cm. Its tail (28-35 cm) is nearly half the length of its head and body,
and its legs are small, as are its sharply curved border claws. The back claws are weakly curled and more extended
when facing. The weight of an adult sand cat can vary from 1 to 3.5 kilograms. Ears are 5-7 centimetres long on either
side of the head. The sand cat's ears are very important for foraging. This cat is unique because of its nocturnal,
underground, and reclusive habits.

Sand Cat Swarm Optimization (SCSO) method was developed with inspiration from sand cat's natural behaviours.
Sand cat's two main activities are hunting and foraging for food. The recommended strategy was modelled after the sand
cat's special ability to recognize low frequency stimuli. The remarkable capacity of sand cats to locate prey on the ground
as well as underground is impressive. This important feature allows it to find as well as seize its prey quickly. In order to
emphasize the concept of swarm intelligence, developers of the proposed algorithm assumed that sand cats were a
member of herds, despite the fact that they are solitary animals in the wild. The first stage in this method is to define the
problem and create the initial population.

Step 1: Initialization

Hyper Parameters used for segmenting the acne type from the image are Batch size, Learning rate Epoch number,
Input size and Optimizer are regarded as hyperparameters in LinkNet-B7. The below equation (3) represents the
initialization of the hyperparameters for optimally selecting.

F= (X1,X2,...,Xn) ©)

Step 2: Fitness Function

Holdout cross-validation divides the entire dataset at random into a training and validation set. According to
typical data partitioning standards, around 70% of the dataset will be used as a training set, with the remaining 30%
serving as a validation set. The model is constructed only once on the training set and runs faster because the dataset is
partitioned into only two sets.

fitness = {maximize(acc,,)) (4)

Step 3: Updating

Following Fitness function process, equation (5) is used to update every single other set of attributes. The
optimization algorithm for the sand cat swarm determines the updating equation.

Pos(t + 1) = 7. ((Pos,.(t) — rand(0,1). Pos;(t) ). )

Step 4: Termination

The entire process will be terminated after the LinkNet-B7 hyperparameters for effectively acquiring the data from
the acne type illness images have been determined.

3.3. Classification
The High-Resolution Network was trained to predict Acne disease.
3.3.1. High-Resolution Network

High-resolution representations are maintained by the HRNet during the entire procedure [23]. It begins with a high-
resolution convolution stream, adds convolution streams with progressively lower resolutions one by one, and then
connects the multiple resolution streams in parallel. As shown in Figure 3, the final network is divided into multiple (four
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in the current design) stages, with the nth stage having n streams that correspond to n resolutions. It performs repeated
multi-resolution fusions by repeatedly exchanging data across the parallel streams.

R N el

oo S

ﬁ Channel maps —»  Conv unit ? » ﬁﬁ

™\ strided conv / upsample

CONGLOBATA
COMEDONICA
PAPULOPUSTULOSA

HR-NET

Fig. 3. Architecture of the designed HRNET.

The stem is not featured; only the main body is shown. There are four phases. Convolutions with great resolution
make up the first level. Two-resolution (three-resolution, four-resolution) blocks are repeated multiple times (i.e., 1, 4, 3)
in the second, third, and fourth stages.

In addition to being semantically robust, the high-resolution representations acquired from HRNet also exhibit exact
spatial alignment. There are two sources for this. Firstly, instead of connecting high-to-low resolution convolution
streams in series, our method does it in parallel. As a result, our method is able to preserve high resolution rather than
restoring it from low resolution, and as a result, the learned representation has more spatial precision. The majority of
fusion techniques now in use combine high-resolution low-level representations with up-sampled low-resolution high-
level representations. Instead, it uses low-resolution representations to support high-resolution representations through
multi-resolution fusions, and vice versa. All of the high-to-low resolution representations are therefore more semantically
robust, which are combined together and based on the softmax layer the acne type classification has been done.

The model's ability to properly predict acne types including Conglobata, Comedonica, and Papulopustulosa has
practical applications in dermatology. For example, severe forms like acne Conglobata frequently required system
therapies such as isotretinoin, although lesser forms like Comedonica typically reacted well to topical retinoids. By giving
an objective, consistent classification result, the system helped dermatologists choose the best treatment approach without
the delays associated with manual diagnosis. This was especially useful in cases when access to dermatology specialists
was limited or wait periods were lengthy. Furthermore, the system was integrated into follow-up protocols to track illness
progression or treatment response over time, providing a quantitative and repeatable technique for assessing therapy
efficacy. By minimizing diagnostic subjectivity and facilitating speedier decision-making, the model not only increased
clinical workflow efficiency but also helped to reduce the psychological burden on patients, who frequently experienced
discomfort as a result of delayed or wrong diagnosis. This improved explanation increased the clinical relevance of the
research and linked technical achievements to actual gains in patient care.

4. Result and Discussion

Type of acne disease prediction using acne images based on modified Link Net-B7 and HR-Net algorithm. proThe
specified model was implemented using a MATLAB program using the system CPU that included an Intel Core i7
processor and an NVIDA GeForce RTX 3070 GPU with 64GB of RAM. In this proposed methodology, Lanczos
resampling is used to preprocess the obtained Acne disease datasets. The pre-processed images are then segmented
using Modified Link Net-B7 and categorized using the HR-Net algorithm to forecast the kind of acne disease.

4.1. Dataset

Images were sourced from the publicly available Acne Type Classification v3 dataset on Roboflow Universe, which
originally contained 754 images across 20 skin condition classes. For this study, only three clinically important acne
types Acne Conglobata, Comedonica, and Papulopustulosa were selected, resulting in 726 images. The class distribution
was outlined to ensure transparency[24]. All images were resized to 640>640 pixels and augmented using standard
techniques to reflect varied imaging conditions. Bounding box annotations were provided through Roboflow’s platform,
with a focus on maintaining dermatological accuracy. An 80/20 train-test split was used to ensure better test coverage
than the dataset’s original split.
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Original images Lanczos resampling Link Net-B7
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Fig. 4. Sample images using pre-processing and segmentation Model.

Figure 4 shows the transformation of Acne disease images utilizing segmentation by Modified Link Net-B7. Figure
4 shows the original image in the first column and the pre-processed type of the image in the second column. In the final
column, segmented images are listed.

True Class

0 1 2
Predicted Class

Fig. 5. Confusion Metrices in the Suggested Algorithm

Figure 5 demonstrates the confusion metrics in the proposed system. In this context having the three classes .The
class 0 is Conglobata, class 1 is Comedonica, and class 2 is Papulopustulosa.
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Table 3. Multi class classification based on confusion metrics.

Predicted (0) Predicted (1) Predicted (2)
Actual (0) TP=352 FP=6 FP=2
Actual (1) FP=15 TP=172 FP=5
Actual (2) FP=13 FP=5 TP=156

Examples of multiclass categorization's false positives and true positives are shown in Table 3. The column denotes
the predicted(0), predicted(1),predicted(2) and the rows shows the actual(0),actual(1),actual(2).The values are showed in
the predicted (0) is actual(0) the values is TP=352.

ROC Curve
1 T T T T T T
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] 01 nz 0.3 0.4 0.5 06 nr 08 0g 1

False Positive Rate

Fig. 6. ROC curve for the types of acne diseases.

Figure 6 shown in the ROC graph in the present model. In a graph, receiver operating characteristic curve (ROC)
depicts the performance of the classification model for all thresholds. The area under the ROC curve, or AUC, measures
the total two-dimensional region that lies beneath the complete ROC curve. Two variables, such as the true positive rate
and false positive rate, are used to draw the curve.
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Fig. 7. Convergences Graph for the Optimization.
Figure 7 demonstrate the convergences plot for the suggested algorithm. Propoposed SCSO model converged

faster at early iteration (15™) while other existing algorithms such as BO, GA and PSO get converge later at 30" and
35" iteration. This shows improved performance of proposed optimization algorithm.

70 Volume 17 (2025), Issue 5



Acne Types Prediction Using Acne Images based on Modified Link Net-B7 and HR-Net Algorithm

100 T T T T 100 T T T T
98 - 4
95 4
90
< -~
s £
- ]
Z H
g R 1
2 ]
: £
80 - 4
7 4
" k0
HRNet DeeplabV3+ UNet++ SPNet HRNet DeeplabV3~ UNet++ SPNet
Technique Technique

@ (b)

100 T T T T 1on T T T T

Specificity (%)
Sensitivity (%)

TIRNet DeeplabVi+ UNet+—+ SPNet TIRNet DeeplabV3+ UNet++ SPNet
Technique Technique

© (d)

100 T T T 100 T T T

0

85+

F1-Score(%)
NPV(%)

TIRNet DeeplabV3+ UNet++ SPNet TIRNet DeeplabV3+ UNet++ SPNet
Technique Technique

© ®

Volume 17 (2025), Issue 5



Acne Types Prediction Using Acne Images based on Modified Link Net-B7 and HR-Net Algorithm

100 ; : | 16 T T
14+ B
95
90

=
s —_~
1 S
H T
8 =
2 £

=

HRNet DeeplabVi+ UNet++ SPNet
Technique TTRNet DeeplahVa+ UNet++ SPNet
Technique
-~ ~
o

g g
z H
= z
- -

HRNet DeeplabV3+ UNet++ SPNet HRNet DeeplabV3+ UNet++ SPNet
Technique Technique

0] @

5000

Training time(Sec)
P
g H
= =

"
]
=

1000

HRNet DeeplabVi+ UNet—+ SPNet HRNet DeeplabV3+ UNet++ SPNet
Technique Technique

(k) 0]

Volume 17 (2025), Issue 5




Acne Types Prediction Using Acne Images based on Modified Link Net-B7 and HR-Net Algorithm

90 T T T T 6000

80
5000 |
4000 +
3000 |
* 1 4 2000 |
0 I ‘
1000 |-
0 ‘
0 S

HRNet DeeplabV3+ UNet++ SPNet 0
Technique

Testing time(Sec)
Execution time(Sec)

TTRNet DeeplabVi+ UNet++ SPNet
Technique

(m) (n)

Fig. 8. Analysis for 8 a) Accuracy, b) Precision, c) Specificity, d) Sensitivity, e) F1-Score, f)NPV, g) Kappa, h) Error, i) FPR, j) FNR, k) FOR, I)
Training Time(sec) , m) Testing Time(sec), n) Execution Time(sec)

Figure 8(a) illustrate between the proposed and exisiting model. The HR-Net values attained in 95.17% while the
current model such as DeeplabV3+, Unet++ and SPNet the values is 95.17, 91, 89 and 87, respectively. Figure 8(b)
denotes the precision. DeeplabV3+, Unet++ and SPNet is the various method. The proposed model is 94.10% in the
precision values, Figure 8(c) compares the HR-Net with current model in specificity. The existing techniques like
DeeplabV3+ is 93.16%, Unet++ is 90.18% and SPNet is 88%. While the HR-Net values are 96.34% respectively.

Figure 8(d) demonstrated the sensitivity for the HR-Net and existing model. Forecast is significantly impacted by
the assumption (through its uncertainty and its model sensitivity) if the correlation coefficient between the assumption
and the forecast is high. The proposed HR-Net and related model is 92.33 %, 90%, 89.6% and 85%. F1_score analysis
in HR-Net and other model in Figure 8(e). The differences between the proposed and exisiting model the values is higher
than the proposed model. The values in F1-Score is 93.15%. Figure 8(f) compares the HR-Net with the current algorithm
in the NPV. The NPV values is high performed compared with the existing algorithm.

The Kappa comparison between the HR-Net and the existing methods is shown in Figure 8(g). The Kappa obtained
for the HR-Net and other comparative values is 85.74% while the 82%,80% and 79%. HR-Net achieved the high level of
the model. Figure 8(h) depicts the comparision of error metrices among HR-Net and other approaches.In this context
context the error values is 4.83% in the proposed model. Additionally the exisiting model is high values.

Figure 8(i) and (j) represents the False Positive Rate and False Negative Rate . The FPR attained the value is 3.66%,
6.84%, 9.19%,12% in the HR-Net, DeeplabV3+, Unet++, and SPNet. While the FNR is 7.89% in the proposed model.
Figure 8(K) denotes the false omission rate for each approach. The FOR values are 5.9 % for the HR-Net , 7.97% for
DeeplabV3+,8.2 for Unet++ and 12 for SPNet.

Figure 8(l) compares the training time of HR-Net and other model. The HR-Net is 1492 seconds performs but the
other model performed 2409 seconds , 3183 seconds and 5399 seconds respectively.This shows the HR-Net requires
less time to train compared to the other. Figures 8 (m) and (n) presented the testing and overall execution time. The
testing duration for  DeeplabV3+, Unet++ and SPNet, the testing times attained are 23, 31, 47 and 83 seconds
respectively. The total execution time for this model in 1515, 2440, 3230 and 5482. Based on this model HR-Net perform
more efficiently.

5. Conclusion

An unwanted skin condition that affects the pilosebaceous unit is acne. The face, forehead, chest, upper back, and
shoulders are the areas where it appears most frequently. Acne is typically associated with hormonal changes that occur
during adolescence, yet some individuals (because of oil and dead skin cells) still have acne well into their 40s and 50s.
Studies show that 40-50 million Americans suffer from acne and that about 80% of teenagers and young adults suffer
from the condition. In addition to numerous other health issues, acne can cause pain, redness, and bleeding. For patients,
the psychological and emotional consequences might be significantly more severe than the physical ones. The
psychological issues that arise from changes in skin beauty include rage, despair, anxiety, fear, shame, embarrassment,
low self-esteem, negative self-image, and others. Patients with acne may experience detrimental effects on their social
lives as well, such as low self-esteem, less career opportunities, social disengagement, and in the worst cases, suicide
thoughts. Here in this paper an acne disease dataset are collected and gathered as a dataset. Pre-processing of acne disease
data involves the use of Lanczos resampling, which is commonly employed to enhance the digital signal's sampling rate
or to move it by a portion of the sample interval. Following noise reduction and segmentation of the acne disease images
using the Modified Link Net-B7, the pre-processed images are classified using the HR-Net algorithm to identify various
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types of acne disease. The performance metrics for this developed model are FPR, FOR, NPV, kappa, error, accuracy,
precision, sensitivity, specificity, f1-score, kappa, training time, testing time, and execution time. Performance metrics
values of 95.17%, 94.10%, 92.33%, 96.34%, 93.15%, 85.74%, 4.83%, 4%, 6%, 95%, 7.7%, 1492, 23 and 1515 have
been reached for the proposed approach. Therefore, the efficacy of the updated Link Net-B7 and HR-Net algorithms for
Acne disease prediction utilizing different types of Acne disease images is superior to that of the existing methods. This
will help doctors and patients quickly treat skin conditions. There is access to research and minimal medical information
implementation. The benefits of Al-assisted diagnosis can be investigated, as can the detection of acne disease, should
more real-time data become available in the future.
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