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Abstract

Accurate and non-invasive diagnosis of dermatological diseases remains a significant clin-
ical challenge due to visual similarity among different skin diseases and variability due to
imaging environment. Thermal imaging has emerged as a promising diagnostic technique
as it captures physiological variations related to inflammation and vascular abnormalities,
independent of illumination conditions. In this study, a deep learning—based framework
is proposed for dermatological disease identification using thermal images. The proposed
framework employs two strategies, one DenseNet-169 based and another VGG19 for feature
extraction, both followed by a classifier consisting of either convolutional neural network
(CNN) or bidirectional long short-term memory (Bi-LSTM). The system has pre-processing
unit, transfer learning-based deep feature extraction, and classification with CNN for inves-
tigating the importance of spatial learning and Bi-LSTM for the sequential learning. Six
general categories of dermatological diseases, namely Acne, Allergy, Melasma, Milia, Pso-
riasis and Vitiligo, were used in the evaluations of experiments. The system performance is
measured by common measures like accuracy, precision, recall, F1-score, confusion matrix,
and ROC-AUC plots. We can see that CNN classifier outperforming Bi-LSTM classifier

in both feature extractors. With DenseNet-169 features, the CNN classifier reaches almost
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perfect performance with an accuracy of 99.68%, which indicates a stable training behaviour,
fast convergence, and good discriminative capacity. In comparison, the DenseNet-169 and
Bi-LSTM model show significantly worse performance overall, reaching an accuracy of only
73.05% with a low generalization capability. In the case of VGG19 as feature extractor, CNN
based classifier achieves a good accuracy of 99.35% while having robust ROC characteris-
tics, while VGG19 and Bi-LSTM configuration achieved a relatively lower performance as
89.61% since they confound the data between classes. In general, the results provide evidence
that convolutional classifiers perform better in using the spatially diverse representations that
DenseNet-169 and VGG19 generated. The proposed framework could be a scalable and
reliable solution for automated thermal image based dermatological diagnosis, with a strong
promise for facilitating real world clinical decision support.

Keywords: Dermatological image classification, Deep learning, Thermal imaging, DenseNet-
169, VGG19, CNN vs Bi-LSTM, Automated skin disease diagnosis.

1. INTRODUCTION

Precise diagnosis of skin disorders is a major challenge because manual interpretation of large
number of skin conditions is cumbersome if not impossible. Many diseases share similar char-
acteristics and hence hamper exact prediction even by experienced dermatologists. The traditional
methods of diagnosis like visual inspection paired with dermatoscopy, typically lack objectivity due
to inter-observer variability. Biopsy-based methods may provide better prediction, being invasive;
restrict their mass testing and early detection. The constraint has resulted in the use of Al (Artificial
Intelligence) to automate the diagnostic process where an objective, accurate, early diagnosis may be
provided through image-based diagnostic devices [1, 2]. Recently, advanced medical imaging and
Al including deep learning technologies have enhanced diagnostic performance capabilities across
the whole healthcare spectrum [3, 4]. However, most existing studies rely primarily on visible-
spectrum imaging, which may fail to capture underlying physiological and pathological changes
that are not apparent to the naked eye. Thermal imaging is thus emerging as a new alternative
of dermatological analysis and is a promising technique for overcoming some of the limitations.
Thermal imaging records infrared rays radiating from the skin, and thermal patterns correlate with
physiologically relevant conditions like skin inflammation, perfusion abnormalities, and hyper-
active metabolism, implicating some underlying dermatological disorders. Thermal imaging is
contactless and radiation-free and is thus appropriate to patients of all ages. Furthermore, it does
not cause discomfort, making it a good choice for frequent monitoring and prompt diagnosis [5, 6].
And thermal imaging has recently been taking up in a lot of medical fields such as breast cancer
screening, obesity detection and other applications that demand constant physiological status [7, 8].
Thermal dermatological analysis, however, faces unique challenges. Thermal images often show
low dynamic range and mild inter-class temperature variations, so discriminative feature extraction
methods capable of modelling mild thermal gradients are required. Earlier studies in this area have
been few. For example, a simple CNN combined with handcrafted features was compared with a
pretrained model in [9], but the system was extremely sensitive to noise and heterogeneity of the
dataset, and was restricted to a limited number of dermatological conditions. Likewise, handcrafted
texture-based methods, including entropy and GLCM based frameworks, have shown discriminative
ability in colour dermatological images, but are not scalable and robust for complex multi-class
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scenarios [10]. These limitations highlight the need for modality-aware deep learning strategies
tailored to thermal dermatological data.

Deep neural networks have no manual feature design input for learning rich representations with
both low-level patterns and high-level semantic information. The shift to deep learning has achieved
immense performance advances in numerous medical imaging applications for skin disease classifi-
cation [1, 11]. Convolutional neural networks (CNNs) are among the most frequently applied deep
learning architectures and have demonstrated potential for image-based disease classification tasks
due to their ability to preserve spatial hierarchies and exploit local correlations. CNNs, as a class
of deep learning algorithms, have been key drivers in the field of machine learning. They are well
established, being of practical use in agriculture, aerial image classification, biometric applications,
large-scale geospatial segmentation, and satellite-based photovoltaic power plant detection through
DeepLabV3, ResNet and hybrid CNN SVM frameworks [12—19].

CNN based approach has already become popular for the skin disease and skin cancer diagnosis
system and it has achieved good discriminative and robustness in various datasets [3, 20]. This
robustness in dermatological imaging is the intrinsic ability to obtain the spatial and textural patterns,
which lie at the base of predicting skin diseases. A few methods related to transfer learning have
been recently introduced to enhance the performance in instances with limited annotated medical
data. Because of the large datasets trained on pre-trained deep systems, transfer learning is suitable
for adaptation as feature extractors for a range of domains. Since then, dermatological image
processing has moved from manually trained feature extraction to CNN-based transfer learning
architectures [21]. Major architectures are architectures such as original versions of AlexNet and
Inception [22], further architectures as VGG and ResNet [22], and lightweight architectures like
MobileNet and ShuffleNet for resource-poor applications [23]. These are often pretrained with
ImageNet, and then fine-tuned to the target tasks for hierarchical features for better classification
with much higher classification performance [24].

The role of pretrained machine learning models for classification of skin diseases and cancer has
recently been effective. Furthermore, InceptionV3, ResNet50, and DenseNet201 substitute the
initial classification layers with task-specific fully connected layers to enable multi-class predic-
tion [25]. Other approaches utilize adversarial training based on the fast gradient sign method
(FGSM) framework to improve model robustness such as VGG16, VGG19, DenseNet101, and
ResNet101 [26]. Existing comparative studies have been implemented on EfficientNet, SENet,
and ResNet against various training and data augmentation strategies, indicating that optimization
of pre-processing and sampling techniques has a clear impact on diagnostic performance [27, 28].
Custom CNN architectures to classify skin diseases have also been investigated, but not frequently
[29-31].

VGG19 has been shown as an effective feature extractor for dermatological image analysis, and
other deep architectures have provided satisfactory results (DenseNet-based feature extraction sys-
tems) [1, 2, 32]. The regular 3x3 convolutional grid of VGG models allows for precise spatial
details to be modeled and serves as a strong baseline. Residual learning models, such as those
introduced by ResNet architecture, have shown good results for skin disease classification, due to
improving gradient flow and being more suitable for deeper network training [33]. In contrast,
dense connectivity mechanisms create direct inter-layer connections which make feature reuse eas-
ier, gradient propagation stronger, and representation learning more efficient [34]. DenseNet-169
has been reported for parameter efficiency and reduced overfitting with application in medical
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image classification problems [35]. As thermal dermatological images exhibit subtle inter-class
temperature differences and low-contrast physiological variations, dense connectivity is proposed
as advantageous for sustaining and propagating weak thermal signals. Moreover, recent efforts
underline the need for explainable and tuned Al structures for medical diagnostics [12, 36, 37],
with interpretation and generalization posing important challenges to clinical Al [38, 39].

The present study proposes a thermal image based multi class dermatological disease classification
framework that systematically investigates architecture suitability and representation of learning
strategies for thermal images. DenseNet-169 is employed as the primary deep feature extractor
due to its dense connectivity mechanism, which facilitates enhanced feature representation and
preservation of subtle thermal gradients as reported in [40]. For comparison, VGG19 is also inves-
tigated as a uniform convolutional baseline to evaluate whether dense feature connectivity provides
measurable advantages in thermal dermatology. Beyond conventional fully connected classification
layers, the proposed research introduces a hybrid spatial sequential learning paradigm by feeding
extracted deep features into both CNN and Bidirectional Long Short-Term Memory (Bi-LSTM)
classifiers. While CNN-based classifiers inherently align with spatial representations, Bi-LSTM
networks enable modelling of contextual dependencies across structured feature embeddings. The
comparative evaluation will help in assessing the discriminative capabilities of sequential modelling
in thermal feature representations. Clinically, the framework will provide a complementary, non-
invasive decision-support tool rather than a replacement for dermoscopy or histopathology. Ther-
mal Al-based analysis may support early-stage screening, inflammation monitoring, and scalable
deployment due to its non-invasive and radiation-free characteristics. Thus, this work contributes
both methodological insight into representation learning for low-contrast physiological imaging and
translational value for scalable dermatological diagnostics. The detailed methodology is presented
in Section 2, followed by results and discussion in Section 3. Section 4 focuses on conclusions
drawn from the investigation.

2. METHODOLOGY

The proposed framework shown in FIGURE 1 explores the effectiveness of deep feature-based
identification of dermatological disease using thermal images. First, the input images are pre-
processed to minimize heterogeneity and better identify diagnostic patterns. To extract high-level,
discriminative feature representations, pretrained DenseNet-169 and VGG19 models have been
used. The extracted features from the pretrained models are classified at a later stage using two
different methods, a one-dimensional CNN to capture local spatial relationships within the vector of
features and a Bi-LSTM to model the sequential dependencies between different feature dimensions.
The proposed framework is evaluated on six dermatological classes using standard performance
metrics for reasonable comparison of CNN and Bi-LSTM based classification performance.

A self-collected dataset comprising 3,079 thermal images was used in this study, covering six
dermatological diseases: Acne, Allergy, Melasma, Milia, Psoriasis, and Vitiligo. The dataset was
split into training, validation, and testing subsets using a 70:20:10 ratio. During splitting it was
assured that every class has enough (several hundred) images for training, validation, and testing.
The thermal images represent independent diagnostic acquisitions rather than sequential frames
from a single imaging session. Because thermal imaging presents only physiological temperature
distributions, not identification-linked structural cues, subject memorization bias is inherently min-
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Figure 1: Proposed deep learning—based methodology for multi-class dermatological image
classification using DenseNet-169 and VGG19 as feature extractors and CNN, Bi-LSTM
as classifiers.

imized. All the thermal images were obtained using a Fluke Ti480 PRO infrared thermal camera
with thermal sensitivity, radiometric accuracy, and suitability for clinical-grade surface temperature
assessment. They were taken in a controlled indoor space to minimize the effects of ambient
temperature fluctuations, airflow disturbances, humidity variations, and external heat sources. For
all samples, a uniform imaging distance of about 1 meter was held in the photography to ensure
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that the spatial resolution was consistent and thermal measurement would be consistent. To further
minimize the effect of environmental variation and background thermal influence, the imaging was
implemented under relatively constant room environment at about 71°F (22°C), where radiometric
metadata was checked using Fluke SmartView software. This temperature falls within the rec-
ommended range (22-25°C) for dermatological thermal imaging, ensuring physiological stability
without inducing artificial vasoconstriction or vasodilation effects. Camera conditions, including
emissivity parameters of the camera, were kept consistent throughout the acquisition procedure to
guarantee uniform temperature calibration.

The thermal images were analysed and exported by SmartView software to allow thermal visual-
ization with increased precision, radiometric data management, and standardized image extraction
for computing purposes. The designed controlled acquisition protocol was introduced to overcome
the frequent problems related to thermal imaging sensitivity to environmental temperature vari-
ations, low spatial contrast. With standardization of capture conditions and uniform SmartView
software processing, the dataset makes the thermal patterns extracted in this work mainly represent
physiologically relevant dermatological properties; and environmental noise is avoided. Following
acquisition, all images were resized to meet the input requirements of the pretrained deep learning
models employed in the framework. Intensity normalization and basic noise suppression are applied
to reduce sensor-related variations and enhance diagnostically relevant thermal patterns. This en-
sures a consistent input representation for effective deep feature extraction and classification. After
pre-processing, deep feature extraction is carried out using DenseNet-169 and VGG19. From the
last dense block of DenseNet-169, features are extracted and global average pooling is applied to
obtain a compact 1664-dimensional feature representation for each image. VGG19 is also used to
complement feature extraction with its deep convolutional structure that follows a sequence. The
final convolutional block features are refined by global pooling to a fixed-length 512-dimensional
feature vector per image. The high-level, discriminative and compact features flattened and are fed
to classifier.

In CNN, the N-dimensional feature vector is first reshaped to make it compatible with one-dimensional
convolution operations. A 1D convolutional layer with 64 filters and a kernel of size 3 x 3 to capture
local correlations and interactions between neighbouring feature elements. This is followed by a
Max Pooling layer with a pool size of 2 which reduced dimensionality, retaining prominent dis-
criminative features. The resulting feature maps are flattened and passed through dense layers with
dropout regularization to learn high-level discriminative patterns while minimizing overfitting. This
CNN branch focuses on learning spatial correlations present in the deep feature vectors. Finally, in
the output layer, a softmax activation function is used to generate normalized class probabilities for
multi-class dermatological disease classification.

Alongside the CNN classifier, a Bi-LSTM classifier is applied to study the sequential learning of
the extracted features, the deep feature vectors are characterized as ordered sequences, enabling the
Bi-LSTM network to capture contextual dependencies across feature dimensions. The bidirectional
framework is designed to model not only the forward and backward paths for the feature sequence,
thereby capturing long range dependencies that spatial models may not capture sufficiently. Dense
layers are applied after bidirectional encoding to enhance the learned temporal representations.
The Bi-LSTM output is then subjected to fully connected layers with dropout regularization to
improve model stability and alleviate overfitting. In the last layer, a softmax activation function
is used to implement dermatological disease identification. This architecture allows to contrast the
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performance of spatial vs sequential convolutional learning in relation to deep features obtained
using VGG19 and DenseNet-169. The last output layer generates a model to predict one of the six
dermatological diseases Acne, Allergy, Melasma, Milia, Psoriasis, and Vitiligo. Performance of
a feature extractor-classifier combination is assessed by a set of basic classification based metrics
including accuracy, precision, recall, and F1-score. Confusion matrices are used to examine class
wise prediction behaviour as well as inter-class confusion, and Receiver Operating Characteris-
tic (ROC) curves and Area Under the Curve (AUC) metrics are employed to examine threshold-
independent discriminative performance. This assessment method helps compare CNN and Bi-
LSTM models based on features extracted from VGG19 and DenseNet-169. This enables us to
understand how well spatial learning using CNN and sequential learning using Bi-LSTM work for
automatic dermatological disease detection and provides useful insights into their effectiveness for
medical diagnosis. The DenseNet-169 architecture used in this study is shown in FIGURE 2.
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Figure 2: DenseNet-169 deep feature extraction architecture for dermatological disease analysis.

3. RESULTS AND DISCUSSION

This section presents the results of evaluation of the proposed deep learning framework for der-
matological disease identification using thermal images. The performance of DenseNet-169 and
VGG19 employed as feature extractors is investigated under CNN and Bi-LSTM based models used
as classifiers. The investigations focused on training performance, classification accuracy, class-
wise performance metrics, confusion matrix, and ROC characteristic. The investigations present not
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only overall accuracy but also class-level behaviour, robustness, and model interpretability, under
the following sub sections.

3.1 DENSENET169 Feature Extractor-Based Classification

The training and validation curves of Densenetl 69 feature extractor-based classification are shown
in FIGURE 3. FIGURE 3a and FIGURE 3b correspond to the model employing DenseNet-
169 as a feature extractor followed by CNN-based classification. The steep decline in loss curves
(FIGURE 3a) during the initial training phase (epochs less than 10) for both training and validation
show fast training. The rapidly converging to very low values and remaining stable throughout
the 100 training epochs. The close alignment of the training and validation loss curves indicates
effective learning with minimal overfitting. This behaviour is further reflected in the accuracy
curves FIGURE 3b, where both training and validation accuracies increase sharply and reach near-
saturation levels (approximately 99—-100%) within the early epochs, maintaining consistent perfor-
mance thereafter. The trends indicate that the CNN classifier is highly effective in exploiting the
densely connected feature representations produced by DenseNet-169, leading to fast convergence
and strong generalization.
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Figure 3: Training and validation loss and accuracy curves for the CNN-based classifier (a—b) and
the Bi-LSTM-based classifier (c—d).
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In contrast, FIGURE 3¢ and FIGURE 3d illustrate the performance of DenseNet-169 features clas-
sified using Bi-LSTM. The training loss decreases steadily across epochs (c), whereas the validation
loss remains relatively high and exhibits noticeable fluctuations, particularly in later epochs. This
divergence between training and validation loss suggests overfitting and reduced generalization ca-
pability. The corresponding accuracy curves (d) show that, although training accuracy continues to
improve and approaches high values, validation accuracy plateaus at lower level (around 70-75%),
resulting in a pronounced gap between the two curves. This indicates that sequential modelling via
Bi-LSTM is less suited for the predominantly spatial features extracted by DenseNet-169. Overall,
the comparative analysis highlights that, when DenseNet-169 is used as the feature extractor, CNN-
based classification achieves superior convergence behaviour, higher accuracy, and more stable
generalization compared to Bi-LSTM-based classification.
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Figure 4: Confusion matrices and ROC curve analysis for DenseNet169-based classification: (a—b)
CNN classifier and (c—d) Bi-LSTM classifier.

The results presented in FIGURE 4 correspond to the performance of the CNN classifier using
DenseNet-169 as the feature extractor (FIGURE 4a, FIGURE 4b), while the performance of the
Bi-LSTM classifier operating on DenseNet-169 extracted features is shown in FIGURE 4¢ and
FIGURE 4d. The confusion matrix in FIGURE 4a indicates that the CNN classifier achieves
near-perfect class-wise discrimination when DenseNet-169 features are used, attaining an overall
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accuracy of 99.68%. Most samples are correctly classified along the main diagonal, with minimal
misclassification across dermatological classes such as Acne, Allergy, Melasma, Milia, Psoriasis,
and Vitiligo. This highlights the strong discriminative power of DenseNet-169 densely connected
feature representations in combination with convolutional classification. The corresponding ROC
curves in FIGURE 4b further support this observation, with all classes achieving an AUC of 1.00,
indicating an ideal balance of sensitivity and specificity and demonstrating high robustness and
reliability.

In contrast, the confusion matrix in FIGURE 4c¢ shows increased off-diagonal entries, reflecting
higher inter-class confusion, particularly between visually similar conditions such as Acne, Allergy,
and Melasma, as well as between Milia and Psoriasis. The Bi-LSTM configuration yields an
overall accuracy of 73.05%. In FIGURE S, samples (a-c) for Acne and Allergy were wrongly
assigned as well, because of both the overlap in inflammatory thermal signatures and the diffuse
heat distribution. The similarity in the surface temperature rise and irregular gradient spread of these
two conditions led to an impaired separation between classes resulting in prediction errors despite
the robustness of the models. Sequential modelling was initially proposed to capture contextual
dependencies among deep feature embeddings because dermatological diseases frequently display
distinctive spatial texture variations influenced by inflammatory or microbial processes, however,
the experimental performance did not support this assumption. In this respect, the deep features
extracted from DenseNet-169 are given global average pooling prior to classification, resulting in
flattened feature vectors that do not have inherent spatial or directional ordering. Though these
vectors encode hierarchical spatial information internally, their one-dimensional representation does
not correspond to a meaningful sequential structure. As Bi-LSTM networks fundamentally cap-
ture dependencies with sequence or time order, a lack of ordering induces a representation—model
mismatch. Consequently, the inductive bias of Bi-LSTM does not match the statistical structure
of the pooled feature vectors well thus its ability to exploit spatial correlations is limited and the
generalization becomes reduced class overlap increases.

(b)

Figure 5: Misclassified cases between Acne and Allergy based on thermal imaging.

(a)

The obtained ROC curves in FIGURE 4d confirm the findings, suggesting that AUC values, al-
though still high (ranging approximately from 0.91 to 0.98), are consistently lower than those
produced by the CNN classifier, demonstrating comparatively reduced discriminative capability.
Taken together, the findings clearly show that CNN-based classification achieves better class-wise

10
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accuracy and ROC characteristics than Bi-LSTM-based classification under the feature extractor
DenseNet-169. This underlines that convolutional classifier is in accordance with the spatially
rich representations learned under DenseNet-169 while sequential modelling through Bi-LSTM
introduces limitations that adversely affect class separability and overall diagnostic performance.
The observation is also corroborated by class-wise assessment in FIGURE 6, which includes pre-
cision, recall, and F1-score comparisons between CNN- and Bi-LSTM-based classifiers employing
DenseNet-169 features. In all dermatological diseases, the CNN model consistently achieves near-
saturated precision and recall, leading to F1-scores that approach unity for most classes. Overall, the
results support that DenseNet-169 produces highly discriminative and reusable feature representa-
tions that are efficiently leveraged by the CNN to achieve balanced, stable, and robust classification
performance.

I Recall (BiLSTM) B Precision (BiLSTM) | Fl-score (BiLSTM)
I Recall (CNN) I Precision (CNN) % Fl-score (CNN)

Class

Figure 6: Class-wise comparison of precision, recall, and Fl-score for CNN and Bi-LSTM
classifiers using DenseNet-169 feature extraction.

On the other hand, the Bi-LSTM classifier shows relatively low recall and Fl-score, especially
for visually complex classes such as Acne, Melasma, and Psoriasis, where intra-class variability
and inter-class similarity are more pronounced. Despite achieving fairly high precision for some
classes, the recall value is lower and the model likely fails to identify detections when operating
on DenseNet-169 feature maps. These findings support that the densely connected, spatially rich
features produced by DenseNet-169 are more naturally compatible with convolutional classification,
whereas sequential modelling through Bi-LSTM does not fully leverage the spatial dependencies
inherent in such representations. Overall, the histogram clearly shows that when DenseNet-169
serves as the feature extractor, CNN-based classification shows a more consistent and balanced
performance across all evaluation metrics, validating its suitability for dermatological image anal-
ysis within the proposed framework.

11
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3.2 VGGI19 Feature Extractor-Based Classification

The training and validation curves are shown in FIGURE 7 correspond to the model employ-
ing VGG19 as a feature extractor followed by CNN-based classification (FIGURE 7a and FIG-
URE 7b), trained for a total of 100 epochs. In this configuration, both training and validation
losses decrease sharply within the initial epochs and stabilize at near-zero values well before the
end of training. The intense overlap of the loss curves during the rest of the epochs indicates steady
convergence and no obvious overfitting. The accuracy curves have a similar trend, indicating
that the levels of training and validation accuracies are increasing at an all-time high rate and
saturating (approximately 99—100%) until well beyond the initial stages of training, with similar
general consistency up to the 100th epoch. This behaviour evidences that the CNN classifier is able
to effectively exploit the spatial features extracted by VGG19 and converge efficiently within the
given number of epochs. We demonstrate the training and validation curves in FIGURE 7¢ and
FIGURE 7d is the VGG19 feature extractor with Bi-LSTM-based classifier trained for 100 epochs.
Unlike CNN-based methods, loss curves show a gradual descent through each epoch, thus showing
a slower process of convergence.
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Figure 7: Training and validation loss and accuracy curves for the CNN-based classifier (a—b) and
the Bi-LSTM-based classifier (c—d)
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The validation loss FIGURE 7a is higher than that of the training one consistently and the distri-
bution varies throughout training, which indicates increasing sensitivity to data variability and mild
overfitting. The accuracy curves FIGURE 7b show a consistent gain over epochs, reaching a level
of around 90-95% at the end of the training. The small difference between training and validation
accuracies indicates reduced generalization potential comparatively.

Overall, despite both models being trained for the same number of epochs, the CNN-based classifier
achieves faster convergence and higher accuracy than the Bi-LSTM-based classifier, indicating its
greater suitability for classification using VGG19-extracted spatial features in the present study.

The results shown in FIGURE 8, correspond to the performance of the CNN classifier using VGG19
as the feature extractor (FIGURE 8a and FIGURE 8b), wherecas FIGURE 8¢ and FIGURE 8d
represent the performance of the Bi-LSTM classifier operating on VGG19 extracted features. The
confusion matrix in FIGURE 8a demonstrates that the CNN classifier achieves high class wise
accuracy of 99.35%, with most samples correctly classified along the diagonal and only negligible
off diagonal entries. All classes, including features extracted by VGG19 are effectively exploited
by the CNN classifier.
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Figure 8: Confusion matrices and ROC curve analysis for VGG19-based classification: (a—b) CNN
classifier and (c—d) Bi-LSTM classifier.

The ROC curves in FIGURE 8b corroborate its discriminative performance, showing that all classes
reach an AUC of 1.00 (optimal compromise trade-off between sensitivity and specificity confirming
robustness of CNN based model. FIGURE 8¢ shows a relative decrease in the performance of
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the Bi-LSTM classifier with VGG19 features, with an overall accuracy of 89.61%. The high off
diagonal values suggest a higher level of inter-class confusion, especially among visually similar
conditions such as Acne, Allergy, and Melasma, and also confusion between Milia and Psoriasis.
This indicates that the sequential model used by the Bi-LSTM does not exploit well the spatial
and hierarchical representation based on VGG19. The ROC curves in FIGURE 8d presents AUC
values ranging approximately from 0.98 to 1.00, a feature that is indicative of strong discriminative
capability. Hence, the comparative study indicates that CNN classification surpasses Bi-LSTM
classification when employing VGG19 as a feature extractor in terms of achieved class-wise accu-
racy and ROC characteristics. These results show that convolutional classifiers fit better with the
spatial representation of the features that VGG19 learns, rather than sequential modelling through
Bi-LSTM that introduces limitations, increases class confusion, and causes a decrease in diagnostic
performance. The histogram of class-wise precision, recall, and F1-score for all classes, as presented
in FIGURE 9, illustrates that the CNN classifier consistently achieves higher values for these
metrics when applied across features extracted from VGG19. For Melasma, Milia, and Psoriasis,
CNN achieves almost saturated precision, recall, and F1-score as shown in the histogram, showing
highly reliable discrimination. Conversely, the Bi-LSTM classifier exhibits lower recall and F1-
score than the CNN, predominantly for Acne and Allergy, indicating an elevated miss rate and
reduced robustness for visually overlapping patterns. The performance difference observed seems
to be due to the fact that our VGG19 features (predominantly spatial and hierarchical) are largely
derived from VGG19. The CNN classifier is more consistent with such a model and can better
capture local and global visual cues, but the Bi-LSTM introduces the sequential model which does
not directly represent the spatial structure of the VGG19 feature maps. In general, when the VGG19
is used as the feature extractor, it shows better and more consistent performance in precision, recall,
and F1 score in the CNN approach and therefore it proves to be a better choice for the proposed
dermatological image classification framework. The comparative study of dermatological classifi-
cation models employing various feature extraction routines and classifier models is presented in
TABLE 1 with a description of such methodologies and performance.

I Recall (BiLSTM) M Precision (BiLSTM) Fl-score (BiLSTM)
= Recall (CNN) W Precision (CNN) [ Fl-score (CNN)
1.0 m -
[ V I I
0.8
906
0
0
Vg
0.2
0.0 —
© ° W ) ad
v P\\e‘g e"r’“‘ W ?gog\'o" \i\x\\‘q

Class

Figure 9: Histogram-based class-wise evaluation of precision, recall, and F1-score achieved by
CNN and Bi- LSTM classifiers employing VGG19-extracted deep features.
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Table 1: Overall performance comparison of dermatological classification models using different
feature extractors and classifier architectures.

Feature Extractor Classifier Accuracy Precision Recall F1-score

DenseNet169 CNN 0.9968 0.9980 09896  0.9936
DenseNet169 Bi-LSTM 0.7305 0.7158  0.7466  0.7264
VGG19 CNN 0.9935 0.9924 09954 0.9938
VGG19 Bi-LSTM 0.8961 0.9066 09102  0.9063

Overall, the experimental results show that thermal imaging based deep learning has proven to
be able to exhibit good discrimination reliability-based classification for various dermatological
disorders. Thermal modalities, in contrast to conventional visible-spectrum imaging, can capture
underlying biological events such as inflammatory heat patterns, vascular alterations and metabolic
activity while also revealing an underlying disease pattern in a physiological sense and may serve
as complement to texture signals other than simply the physical appearance of the skin. The high
performance of the DenseNet-169 based framework shows its excellent behaviour and its strong
ability to simulate minute temperature gradients in low dynamic range medical images of static
dimensions. The design of the proposed system is not as a replacement for dermoscopic evaluation
but as an adjunctive decision support platform, which could be used for early diagnosis, triage
and longitudinal monitoring across non-invasive clinical processes. Due to steady convergence,
computational acceptability, and constant generalization over classes, the framework shows practi-
cal scalability and possible feasibility for the deployment in tele dermatology and resource limited
healthcare environments.

Table 2: Detailed Architecture and Parameter Analysis of the proposed DenseNetl 69—CNN
Framework Identification of Dermatological Disease using thermal images.

Layer Type Output Shape  Parameters
Input Image [3 x 224 x 224] -
DenseNetl 69 (Feature Extractor) [1664] 14,149,480
Global Avg Pool + Flatten [1664] -
Reshape [1664 x 1] -
ConvlD (64, K = 3) [1662 x 64] 256
MaxPoolinglD (2) [831 x 64] -
Flatten [53184] -
Fully Connected (fcl) [128] 6,808,704
Dropout (0.3) [128] —
Output (Softmax, 6) [6] 774
Total (Classifier Only) - 6,809,734
Total (With Dense-Net) - 2096 M

Recent studies were also studied, they found the accuracy on infrared thermal images for the human-
augmented Dense-Net framework was 96.35% [40]. In addition, the optimized CNN model from
Villa-Pulgarin et al. reported a 98% accuracy on the HAM 10000 dataset, demonstrating its excellent
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classification ability [41]. The hybrid EViT-Dens169 model integrating vision transformer and CNN
features exhibited 97.1% accuracy on the ISIC 2018 dataset [42]. Additionally, the Dense-Net-
based model with fused metadata presented a lower accuracy of 81.4% on the PAD/ISIC dataset
[43]. Finally, the proposed thermal imaging-based DenseNet-169 model outperforms the state-of-
the-art with an accuracy of 99.68%, proving its robustness, reliability, and effectiveness for thermal
image-based skin disease detection, as supported by the parametric analysis presented in TABLE 2.

4. CONCLUSION

The present research proposed and investigated a deep learning-based framework for dermato-
logical diseases identification using thermal skin images. The DenseNet-169 and VGG19 were
employed as deep feature extractors, followed by CNN and Bi-LSTM classifiers. The experimental
evaluation showed that both pretrained networks are capable of extracting highly discriminative
thermal features; however, their effectiveness is influenced by the following classifier. The CNN
classifier consistently outperformed Bi-LSTM classifier in terms of accuracy, precision, recall, F1-
score, and ROC-AUC, irrespective of the feature extractor. When DenseNet-169 was combined
with CNN classifier, the system was able to extract distinctive features and thereby, resulting in
near-perfect classification performance with an accuracy of 99.68%. It also showed stable conver-
gence and strong generalization capability. In contrast, the DenseNet-169, followed by Bi-LSTM
configuration exhibited substantially reduced identification accuracy of 73.05%, accompanied by
higher misclassification rates and limited generalization capability. The combination of VGG19
and the CNN provided slightly less performance, giving an accuracy of 99.35%. The combination
of VGG19 with Bi-LSTM could reach only to an accuracy of 89.61%. It also lacks in convergence
and inter-class differentiation capabilities.

Despite the strong performance, certain limitations should be acknowledged. In the present study,
deep features were extracted from pretrained convolutional networks and subsequently used for
classification via a structured CSV-based feature representation. While this approach improves
computational efficiency and experimental reproducibility, it does not inherently provide spatial
localization of discriminative regions, thereby limiting interpretability at the lesion level. The
current work primarily focused on representation learning and classifier compatibility analysis.
Future research may integrate attention mechanisms and heatmap-based visualization techniques
(e.g., Grad-CAM) to enhance spatial explainability and clinical transparency. Additionally, the
incorporation of multimodal clinical data will be explored, and the evaluation of EfficientNet, Mo-
bileNet, and Vision Transformer (ViT) architectures will be considered to further improve scalability
and real-world clinical deployment.
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