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ARTICLE INFO ABSTRACT

Received: 21 Dec 2024 In diagnosing skin diseases, segmentation of lesion region and classification of detected lesion

type are the two major processes. This paper conducts a systematic review related to the lesion

descriptors extracted from the skin region and the machine learning classifiers utilized in

Accepted: 15 Feb 2025 differentiating the descriptor types and also discusses the deep learning schemes that impact
skin lesion diagnosis. More specifically, the paper focuses on lesion region detection-based
deep learning schemes that are derived from the Mask Region-based CNN (RCNN), U-Net, and
DeepLabV3+ architectures. In the case of skin lesion segmentation, the recent multi-attention
scheme results in a recall, precision, and F1-score of 93.97%, 93.94%, and 93.73% respectively
in the ISIC-2016 dataset which is higher than other lesion detection approaches. In the case of
skin lesion classification, the Diverse CNN approach results in a maximum accuracy, recall, and
precision of 96.12%, 93.11%, and 94.63% respectively when evaluated using the HAM-10000
dataset which is higher than other lesion classification approaches.
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1.Introduction

The skin lesion [1] is an abnormal appearance or growth of the skin region when compared to normal skin. The skin
lesions can be classified as primary and secondary types [2]. The skin lesion that presents at birth, and can grow
over time is termed to be primary type. The major reason for skin cancer death is due to delayed diagnosis, and
treatment, A survey reports [3] that 2 to 3 million non-melanoma type skin lesion subjects are diagnosed across the
globe, however only 130,000 melanoma-type subjects are diagnosed. Fig.1 shows the death rate [4] in the US for the
year between 1992 and 2021. Early detection and treatment is an effective way of reducing skin cancer deaths. Due
to the development of computer-aided medical diagnosis algorithms, early skin lesion detection is possible which
increases the chance of early-stage treatment.
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Fig.1: Death rate in the US for the years 1992 to 2021

Benign and Malignant type lesions [5] are another classification of lesion types. The benign skin lesions are non-
cancerous, and their growth does not spread to other normal skin surfaces. The malignant type skin lesions are
cancerous [6], and they can grow, invade nearby skin tissues, and spread to other body parts. The growth of such

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License which
permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
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lesions is abrupt and can change over time. The lesions region can be itchy and can bleed or ulcerated. Such lesions
require treatments like targeted therapy (radiation), chemotherapy, or surgical removal.
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Fig. 2: Dermatofibroma (b) Benign Keratosis (¢) Melanoma (d) Basal cell carcinoma (e) Melanocytic Nevi (f) Actinic
Keratoses (g) Vascular lesions
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Fig.3: Representation of stages involved in detecting and identifying the lesion types

The dermoscopic images of different lesion types are illustrated in Fig. 2. approaches and classification of lesion
types as illustrated in Fig. 3.

The contributions of the review paper are as follows,

6))] This study is on artifacts present in the skin lesion dermoscopic images and preprocessing approaches
used for the removal of such artifacts.

(i) The paper analyses different datasets to detect lesion and classify them.

(iii) The paper discusses about deep learning schemes to detect the tumor region.

@iv) Finally, the deep learning-based lesion classification approaches are discussed and analyzed with their

performance measures.
2.Skin lesion artifact removal Enhancement Methods

This section discusses the different schemes that are used as preprocessing for the removal of different artifacts and
to enhance the lesion images along with various artifacts.

2.1Artifacts in skin lesion images

The dermoscopic skin images contain different artifacts [7] that makes the detection of lesion regions or extraction
of lesion features more challenging as discussed below in fig[4]
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Fig. 4: Representation of different artifacts (a) Low contrast boundaries (b) Frame artifact (¢) Wrinkle artifact
(d) Irregular boundaries (e) Background artifact (f) Blood vessel artifact (g) Bubble (h) Hairs
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2.2Approaches for the removal of lesion artifacts

Different artifact removal approaches and dermoscopic image enhancement approaches have been used in recent
algorithms.

Fig. 5 Sample pre-processed results

Schemes such as DullRazor [8], Multi-scale decomposition [9], enhanced DullRazor [10], Frangi vesselness filter
[11], fast line detector [12], Averaging filter, Threshold decomposition [13], and Morphological operation [14] are
used in the removal of artifacts such as blood vessels, and hairs. Algorithms such as standard deviation
normalization [15], Z-score transform [16], contrast stretching [17], log transform [18], Top bottom filtering [19],
Contrast Limited Adaptive Histogram Equalization (CLAHE) [20], Gamma Correction [21], and Median filter are
used for the enhancement of lesion region. Fig. 5 illustrates the combination of CLAHE lesion enhancement
followed by the DullRazor approach for the removal of hair artifacts.

3.Datasets and evaluation measures

3.1Datasets: Various datasets are employed for the task of skin lesion detection and classification. ISIC-
2016 has 8ggdermoscopicimages.

ISIC-2017 features 2000+ images distributed over three types of lesions.
ISIC-2018 or HAM 10000, contains 10,015 images spread over seven classes of lesion.
ISIC-2019expands further, with 25,331images and other squamous cell carcinoma types.

ISIC-2020 includes six classes of lesion and 27,124 images of unknown type. Other datasets include
DermQuest (137 images), DermIS (69 images), PH2 (200 images with segmentation masks), and PAD-UFES-
20 (2298 images across six lesion types). These represent rich benchmarks for deep learning-based skin
lesion analysis. [27], [28],[29],[30],[31],[32],[331,[34]

Table I: Number of images in each dataset

Lesion type ISIC | ISIC ISIC ISIC ISIC DERM DERMIS | PH2 | PAD-
2016 | 2017 2018 2019 2020 QUEST UFES-20
Melanoma 173 374 1113 4522 584 76 43 40 52
Atypical Nevus 726 1372 6705 12875 46 61 26 80 244
Common nevus - - - - 5193 - - 8o -
Dermatofibroma - - 115 239 - - - - -
Seborrheic Keratosis - 254 1099 2624 135 - - - 235
Basal cell carcinoma - - 514 3323 7 - - - 845
Squamous cell - - - 628 - - - - 192
carcinoma
Pyogenic Granuloma - - - - - - - - -
Hemangioma - - 327 867 37 - - - -
Actinic Keratosis - - 142 253 - - - - 730
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Unknown - - - - 27124 - - - _

Total number of images | 899 2000 10015 25331 33126 137 69 200 | 2298

Table I illustrates the number of images in each lesion class for different datasets that are commonly used for
analysis. A few of the sample images from the datasets are illustrated in Fig. 6.
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Fig.6: Sample images from the publicly available datasets (a) PAD-UFES-20 dataset (b) HAM-10000 dataset (c)
PHz2 dataset

3.2 Evaluation measures

For the evaluation of the lesion detection and classification schemes, evaluation measures such as precision, recall,
accuracy, specificity, and F1-score are commonly used as illustrated in Table II.

Table II: Evaluation metrics used for the analysis of lesion segmentation and classification

Process Precision Recall Accuracy Specificity F1—Score

Segmentation Srp Srp Srn +S1p Sru Srp

Spr - Sre - Sac = Ssp = SF] =
Sep 5 S, N Sep + 50+ Spy + S Sen 15, 1
FP + TP FN + TP FP + TP + FN + TN FN + FP Z(SFN +5FP) + STP

Classification Crp Crp Oy +Crp Cry Crp
Cor = Cre = Cac =
CFP + CTP

= Coy =
Con +C, Crp+ Crp+ Cog +C P Oy + G o1
'FN + TP FP + TP + 'FN + TN 'FN + FP E(CFN + CFP) + CTP

In these equations Sgp,Srp, Syy and Spy resemble the false positives, true positives, true negatives, and false
negatives results obtained during segmenting. In classification, the terms Cgp, Crp, Cry and Cry are estimated based
on the classified result and the annotated lesion classes.

4.Detection of skin lesion region: Skin lesion detection schemes can broadly classified

4.1 Traditional Segmentation Approaches - The traditional approach uses schemes such as an edge
detection-based approach [35], a region-based approach [36], and a threshold-based approach [37]. Clustering
algorithms such as K-means [38], and fuzzy C-means [39] are also commonly used in differentiating the
background skin region and foreground lesion region. The thresholding-based approach includes Adaptive
thresholding [40], Otsu’s thresholding [41], Renyi’s entropy [42], etc. The region-based approach segments the
group of related pixels to the lesion or skin region. The region-based approach includes region growing [43], the
Mumford-Shah approach [44], Splitting, and merging approach [45]. Region growing approach includes the
contour-based model such as active contour models. Different masks such as Canny, Laplacian, Robert, Sobel, and
Prewitt operators [46] are utilized to detect the edge between the lesion and the skin surface.

4.2 Deep learning approach to detect lesion region
Few deep learning structures that provide better segmentation results are discussed below

(a) U-Net based approaches-The U-Net architecture [47] contains a bottleneck layer between the contraction
path and the expansion path. The spatial dimension gets reduced while the feature channel increases in the
contraction path. The attention U-Net [48] utilizes attention gates (AG) that give more weightage to the relevant
area (lesion region), and less weightage to the irrelevant area (normal skin region) as illustrated in Fig. 7. The

attention weights f, is estimated as,g = ReLU (cg X fa+cw X fotcp) (1)
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Here, ¢4, and c,, resembles the learnable weights The term f,;, and f, resembles the features of encoder, and
decoder, while ¢, resembles the bias. Thus, the attention map is computed as,

By = sigmoid(B,) = (2)
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Fig.7: Attention U-Net structure in detecting lesion region

Xia et al. [49] combined U-Net with a dual discriminator to create a GAN using dilated convolution for fine-grain
feature extraction. Multi-scale attention [50] in U-Net enhances feature aggregation while suppressing redundancy
with bidirectional ConvLSTM. Variants like Psoriasis U-Net (29 layers), Anti-aliasing U-Net [52], and U-Net++ [54]
improve spatial data collection, shift equivariance, and gradient disappearance issues. Combining CNN with U-Net
achieves 97.96% accuracy on HAM-10000 for lesion classification and detection.

(b) Mask-RCNN based approach-The mask RCNN [55, 56] architecture can able to perform two simultaneous

tasks such as skin lesion region detection as well as lesion type classification. The major components in mask
RCNN include a backbone network for feature extraction, a region proposal network (RPN) to generate anchors.
The mask RCNN also has mask prediction to construct the mask for the region that was detected as depicted in Fig.
8.
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Fig.8: Mask R-CNN structure in detecting lesion region and identification of lesion type

The author Bagheri et al. combined Mask R-CNN structure [57] with DeepLab to obtain two different segmented
lesion regions. Transfer learning architecture was deployed in mask R-CNN [58], in which the mask R-CNN
segmented lesion is fed to DenseNet architecture to collect the descriptors. This approach results in 92.7%, and
93.6% accuracy when analyzed using ISIC-2017, and ISIC-2016 datasets.

(c) DeepLabV3+ based approaches -The DeepLabV3+ [59] has two major blocks namely encoder, and
decoder. The descriptors are dilated at different levels to obtain multi-scale descriptors. The decoder refines the
descriptors by performing up-sampling that improves the accuracy of the segmented lesion region as depicted in
Fig. 9.
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Fig.9: DeepLabV3+ structure in the detection of lesion region

A three-step process was proposed by Bagheri et al. [60] for segmenting the lesion region. The DeepLabV3+
architecture uses the MobileNetV2 model [61] to detect the lesion. This approach can simultaneously classify, and
detect the lesions. Saeed et al. used DeepLabV3+ along with VGG-19, and VGG-16 architectures to develop
generative Al-based architecture [62]. This architecture when evaluated using the ISIC-2018 dataset results in 97%
segmentation accuracy. The actual classification was done by a vision transformer [63] that has 8 blocks, where
each block has 8 multi-head attention. This hybrid architecture results in an accuracy of 97.73%, and 96.97% when
evaluated using the ISIC-20, and ISIC-19 dataset.

4.3 Performance analysis

The performance of the deep learning-based lesion detection algorithms was evaluated using measures such as
recall, precision, and F1-score using the datasets namely PH2, ISIC-2016, and ISIC-2017 datasets.

Table III: Comparison of recall, precision, and F1i-score in segmenting the lesion region

Method PH2 ISIC-2016 ISIC-2017
Recall | Precision | F1 Recall | Precision | F1 Recall | Precision | F1

U-Net [64] 88.51 | 84.43 86.43 | 91.17 90.48 88.66 | 70.18 | 89.66 78.73
Attention U-Net++ | 93.05 | 91.66 092.35 | 90.68 | 92.94 88.34 | 74.34 | 92.54 80.66
[65]
U-Net++ [66] 93.74 | 93.40 93.57 | 87.32 | 93.77 90.20 | 70.70 | 88.15 80.16
DCSAU-Net [67] 93.23 | 95.00 04.11 | 91.42 | 91.32 92.72 | 88.01 | 83.93 85.93
CASF-Net [68] 93.78 | 95.44 04.60 | 92.26 | 92.12 01.46 | 84.51 | 85.14 84.20
MS-Net [69] 94.18 | 94.93 94.55 | 91.54 | 91.36 89.40 | 76.79 | 91.07 83.31
I[VIu%ti—attention 94.11 | 95.97 95.03 | 93.97 | 93.94 93.73 | 91.22 | 93.92 87.15

70

Table III illustrates the performance comparison of different deep learning architectures in detecting the lesion
region. The comparison was made between the architectures U-Net [64], attention U-Net++ [65], U-Net++ [66],
DCSAU-Net [67], CASF-Net [68], MS-Net [69] and multi-attention [70]. The recall, precision, and Fi-score are
higher for the multi-attention approach than other deep learning architectures. The recall, precision, and Fi-score
were estimated as 94.11%, 95.97%, 95.03% for the multi approach when evaluated using the PH2 dataset. The
precision and recall estimated using Mult-attention architecture is 0.53% and 0.43% higher than the CASF-Net
[68] approach. But the recall of multi-attention approach is 0.07% less than the MS-Net [69] approach. In case of
ISIC-2016 dataset the recall, precision and F1-score was estimated as 93.97% 93.94% and 93.73% respectively using
the Multi-attention approach. The same approach results in recall, precision and Fi-score of 91.22%, 93.92% and
87.15% when evaluated using the ISIC-2017 dataset. Fig.10 illustrates the graphical comparison chart for the
performance between the deep learning-based lesion detection approaches. In case of ISIC-2016 dataset the recall
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and precision estimated using the multi-attention is 1.71% and 0.17% greater than the CASF-Net [80] and U-Net++
[66] approach respectively, while the F1-score is 1.01% higher than the DCSAU-Net architecture [67]. In case of
ISIC-2017 dataset, the recall and Fi-score estimated using the multi-attention is 3.21% and 1.22% greater than the
DCSAU-Net [67] approach, while the precision is 1.38% higher than the attention-U-Net++ architecture [66].
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Fig.10: Comparison of performance by different architectures in segmenting the lesion region
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Fig.11: Segmentation result obtained by different deep learning architectures on datasets

5.Lesion descriptor and machine learning approaches: Few of the handcrafted and deep features are
provided in Table IV.

Table IV: Accuracy comparison of machine learning classifiers utilizing different descriptors

Type Descriptor | # ISIC-2017 ISIC-2016
Descriptor "oy I TMLP [ KNN | RF | SVM | MLP | KNN | RF

Texture LBP 256 25.96 | 19.47 | 43.67 | 46.95 | 44.41 | 38.47 | 44.73 | 48.25
Texture Moments 4 24.62 | 22.15 | 28.84 | 33.64 | 24.73 | 21.28 | 34.92 | 41.68
Color LCH 264 41.38 | 28.63 | 48.07 | 67.04 | 46.84 | 38.17 | 63.66 | 69.60
Color CEDD 144 49.98 | 44.74 | 64.38 | 64.63 | 50.38 | 45.11 | 75.09 | 75.62
Color GCH 66 40.53 | 20.32 | 76.95 | 84.13 | 46.31 | 37.25 | 78.52 | 87.44
Color Haralickeolor | 15 34.62 | 31.51 | 45.62 | 69.00 | 24.40 | 20.32 | 40.89 | 75.53
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Texture, color | FCTH 192 45.99 | 41.42 | 64.53 | 67.34 | 41.46 | 37.84 | 71.21 | 75.09
Texture, color | JCD 168 50.66 | 44.26 | 60.56 | 71.34 | 50.84 | 44.72 | 78.8 79.59
Generic Xception 2048 61.81 | 48.77 | 62.75 | 55.02 | 70.90 | 59.35 | 76.81 | 64.93
Generic InceptionV3s 2048 59.95 | 48.20 | 63.59 | 54.04 | 70.08 | 58.51 | 79.83 | 64.78
Generic DenseNet121 | 1024 67.10 | 56.87 | 75.85 | 66.72 | 72.82 | 61.72 | 85.65 | 75.77
Generic VGG19 512 62.51 | 52.23 | 67.85 | 59.72 | 71.33 | 61.44 | 84.02 | 71.46
Generic VGG16 512 62.98 | 52.77 | 69.28 | 60.80 | 71.50 | 60.79 | 85.34 | 72.16
Generic MobileNet 1024 64.67 | 53.44 | 73.15 58.43 | 74.78 | 63.22 | 89.03 | 71.68
Generic ResNet50 2048 67.06 | 53.16 | 74.25 | 64.68 | 77.51 | 64.72 | 88.80 | 76.40

Table IV illustrates the accuracy comparison of different machine learning classifiers namely SVM [71], MLP [72],
KNN [73], and RF. Texture features such as local binary pattern (LBP) [74] and moments and Color descriptors
such as local color histogram (LCH) [75], Color and edge directivity descriptors (CEDD) [76], Global color
histogram (GCH) [77], and Haralickcolor features [78] are used for analysis. Also, the hybrid color and texture
descriptors such as fuzzy color and texture histogram (FCTH) [79] and joint composite descriptors are used in the
analysis. Deep learning-based feature-extracting models [80] are also considered for analysis.
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Fig.12: Comparison of classification accuracy for the different machine learning classifiers

Fig.12 shows the graphical illustration of classification accuracy and Among the four classifiers, the SVM classifier
provides moderate results when utilizing Generic features extracted by deep learning architectures.

6.Deep learning-based lesion classification approaches: Deep learning approaches that are commonly
used in classification of lesion types.

6.1 ResNet based approaches

The ResNet-based architecture [81] minimizes problems like vanishing gradients. The ResNet utilizes the residual

blocks that can bypass layers with the use of skip connections as depicted in Fig. 13.
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The ResNet architecture was modified to derive multi-channel ResNet [82] that attains 91.7% accuracy in
classifying the lesion types such as ResNet18 [83], VGG-16, and AlexNet are used to extract the deep features which
are classified using SVM to differentiate the lesion type Seborrheic keratosis, and melanoma. Support vector
machine [84] is utilized to train the multiple descriptors collected by inter, and intra architecture. Pre-trained
models are used to classify the features from the segmented lesion region which was detected by full-resolution
CNN [85]. When comparing EfficientNet-Bo, and ResNet-50, models the EfficientNet-Bo [86] shows better
performance in classifying the skin lesion. To minimize a residual learning CNN was proposed by Zhang et al. [87].

6.2 EfficientNet based approaches
The EfficientNet [88] architecture provides a higher classification performance. The EfficientNet performs uniform
width, depth, and resolution represented as,

(Sa> Swrsr) = (af - s, ai 5P, ak- Sr(o)) (3)

Here, a4, a,, and a; resembles the constant to control the scaling. T resembles the parameter used to control the
network size. séo), s&,o), and sr(o) resembles the initial, depth, width, and resolution. These MBConv blocks are
represented as the block in EfficientNet architecture provided in Fig. 14. The architecture uses switch activation
that scales the input v using the transform to generate the output as.

S(w) = sigmoid(v) X v = e 4)

1+e7V

The feature vector is passed through a dense network to estimate the final score.
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Fig.14: Structure of EfficientNet in the classification of skin lesions

Multi-resolution EfficientNet [89] is derived from the EfficientNet architecture by Alexandar et al. Different
EfficientNet models namely EfficientNet Bo-B7 [90] are used to fine tune the weights using HAM10000 datasets.
The EfficienNetV2-M model is proposed by Stephen et al. [91]. A wide variety of skin lesions are classified by the
EfficientNet model [92] by Abdual et al. The architecture EfficientNet results in higher accuracy than ResNet, and
VGG networks. Vipin et al. [93] used the regression layer in the EfficientNet instead of using the classification layer.
EfficientNet architecture is derived [94] that attains an AUC (area under the ROC curve) of 98.65%

6.3 Vision transformer-based approach

The vision transformer structure [95] initially subdivides an image into non-overlapping patches. The positional
encodings along with patches embedding are applied to a transformer encoder that has multi-head attention, feed-
forward network, and residual connections as illustrated in Fig. 15. To minimize the class imbalance problem GAN-
based vision transformers [96] consist of four major steps Synthetic image generation, augmentation, pattern
identification, followed by classification. A deep bottleneck transformer was proposed by Han et al. [97] that
extracts deep features and uses these features for global correlation. The dual encoder was further modified to a
bidirectional encoder [98] that minimizes the intra-class variation problems caused by inconsistent lesion shapes.
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Fig.15: Structure of Vision transformer approach in the classification of skin lesions

The vision transformer in combination with attention-based U-Net termed hybrid TransUNet results in a 92.11%
accuracy which is higher than other transformer models. A full transformer network [99] was utilized to extract the
contextual features in classifying the skin lesion. An improved transformer was proposed [100] that uses a three-
phase process. The traditional loss function in the CNN model is replaced by the focal loss function and the
resultant architecture is combined with a vision transformer [101] to extract high-level descriptors.

6.4 Performance analysis

This section shows the performance comparison between different schemes that show better results that are used in
the classification of skin lesion types. The evaluation measures such as Fi-score, precision, recall, and accuracy are
used for analysis. The schemes such as Ensemble DNN [102], multi-crop [103], Ensemble CNN [104], GAN [105],
Synthetic GAN [106], MobileNetV2 with LSTM [107], Soft attention [108], EfficientNet [88], Lightweight network
[109], Modified LSTM [110], Multi-scale attention [111], CNN with DenseNet [112], Transformer model [97], CNN
with machine learning [113], U-Net with CNN [53], DenseNet with ConvNeXt [114], Diverse CNN [115], and
TResNet [116] are used for analysis. When comparing these schemes, the diverse CNN results in an Fi-score,
precision, recall, and accuracy of 93.86%, 94.63%, 93.11%, and 96.12% respectively as illustrated in Table V. This
evaluation was done using the HAM-10000 dataset.

Table V: Comparison of performance for different skin lesion classification schemes

Method F1-Score Precision | Recall Accuracy
Ensemble DNN (2018) [102] 83.0 86.1 80.4 96.8
Multi-crop (2018) [103] 84.1 88.8 80.9 97.2
Ensemble CNN (2018) [104] 82.3 82.6 83.3 95.8
GAN (2019) [105] 83.44 84.43 82.86 -
Synthetic GAN (2020) [106] 73.2 76.9 74.3 95.2
MobileNetV2+LSTM (2021) [107] - - 92.24 90.21
Soft attention (2021) [108] - 93.7 - 93.4
EfficientNet (2022) [90] 87.9 88 88 87.9
Lightweight network (2022) [109] 72.61 75.15 70.71 95.66
Modified LSTM (2022) [110] 90.48 90.38 90.58 91.03
Multi-scale Attention (2022) [111] - - 73.5 91.6
CNN+DenseNet (2022) [112] 93.27 - - 92.25
Transformer model (2022) [97] - 96.1 - 95.84
CNN+ML (2022) [113] 86 88 85 95.19
U-Net+CNN (2023) [53] - 88.47 84.86 97.96
DenseNet+ConvNeXt (2023) [114] 83.45 83.75 83.81 -
TResNet (2024) [116] 89.48 90.23 88.85 98.23
Diverse CNN (2024) [115] 93.86 94.63 93.11 96.12

The Diverse CNN [115] results in an increase in Fi-score and recall of 0.59% and 0.87% than the CNN with
DenseNet architecture [112] and MobileNetV2 with LSTM architecture [107] respectively. The transformer model
[97] results in a maximum precision of 96.1% and the TResNet [116] architecture results in a maximum accuracy of
08.23%.
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~.Discussion and future perspectives

Skin lesion classification achieves high performance with Diverse CNN (F1: 93.86%, Acc: 96.12%), TResNet (Acc:
98.23%), and transformers (Precision: 96.1%, Acc: 95.84%). For segmentation, attention-based models like multi-
attention (F1: 93.73%) outperform others. CNN-derived architectures with attention mechanisms, Vision
Transformers, and EfficientNet excel, especially on large datasets, while data augmentation aids small
datasets.Fine-tuning pretrained models enhances generalization across different demographics. Hyperparameter
tuning via Bayesian optimization, grid search, and random search improves performance. U-Net-based models
enhance lesion detection accuracy, crucial for effective treatment. Hardware deployment using ASIC, FPGA, or DSP
enables real-time diagnosis with dermoscopic images.

8.Conclusion

The paper provides a systematic review related to the detection and classification of skin lesions. In the case of
machine learning classifier, the use of an SVM classifier with generic deep features that are extracted by ResNet or
DenseNet architecture provides a moderate result in the classification of lesions. In detecting the lesion region, the
attention-based deep learning models and U-Net++ models provide better performance. Recently the approach
multi-attention [70] resulted in recall, precision, and Fi-score of 93.97%, 93.94%, and 93.72% respectively when
evaluated utilizing the ISIC-2016 dataset. In the classification of lesion types, the usage of hybrid architectures and
transformer models provides a better performance. Recently the Diverse CNN [115] results in an Fi-score,
precision, recall, and accuracy of 93.86%, 94.63%, 93.11%, and 96.12% respectively.
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