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Abstract—Early detection of malignant skin lesions remains
a critical challenge in dermatology, where diagnostic accuracy
depends on visual inspection, dermoscopy, and invasive biopsy
procedures. Infrared thermography offers a non-contact and
radiation-free modality capable of capturing physiological heat
patterns associated with abnormal tissue metabolism and vascular
activity. When combined with machine learning, thermographic
data enables automated screening pipelines that can assist
clinicians in identifying suspicious lesions at scale. This study
presents a comprehensive benchmarking and deployment-oriented
evaluation of infrared thermography based skin cancer screening
systems. Multiple machine learning strategies are assessed under
realistic acquisition conditions, with emphasis on robustness,
explainability, and operational feasibility. The work advances
practical understanding of thermographic decision support
systems and outlines pathways for safe clinical integration.

Index Terms—Infrared thermography, skin cancer screening,
machine learning, clinical decision support, explainable artificial
intelligence, medical imaging.

I. INTRODUCTION

Skin cancer represents one of the most prevalent forms
of malignancy worldwide, with incidence rates continuing
to rise across diverse populations. Early diagnosis signifi-
cantly improves patient outcomes, yet large scale screening
remains constrained by limited specialist availability and
reliance on subjective visual assessment. While dermoscopy and

histopathology remain clinical standards, they require trained
expertise and often involve invasive follow-up procedures.

Infrared thermography has emerged as a complementary
imaging modality capable of capturing functional information
related to tissue perfusion, metabolic activity, and inflammatory
response. Malignant lesions often exhibit altered thermal sig-
natures due to angiogenesis and increased cellular metabolism.
Advances in sensor technology have improved thermal resolu-
tion and acquisition stability, making thermographic imaging
increasingly accessible in clinical and outpatient settings.

Machine learning has further expanded the diagnostic
potential of thermography by enabling automated feature
extraction, classification, and risk stratification. Prior studies
have explored convolutional models, ensemble classifiers, and
hybrid pipelines for lesion analysis [1], [2]. However, reported
performance varies widely due to differences in datasets,
preprocessing strategies, and evaluation protocols. Moreover,
many studies emphasize algorithmic accuracy while under-
addressing deployment constraints such as interpretability,
reliability, and integration into clinical workflows.

This work addresses these gaps by presenting a structured
benchmarking and deployment study of infrared thermography
combined with machine learning for skin cancer screening.
The study evaluates diverse learning strategies under consistent
experimental conditions, examines explainability and robustness
considerations, and situates performance results within a
realistic decision support context.

II. RELATED WORK

Prior research across thematic dimensions relevant to ther-
mographic skin cancer screening and machine learning driven

HTTPS://WWW.SCRIBEIA.COM/
HTTPS://DOI.ORG/10.5281/ZENODO.18362702
https://doi.org/10.5281/zenodo.18362702


THE AI JOURNAL [TAIJ] @ SCRIBEIA.COM. VOL. 3, ISSUE 4, OCTOBER – DECEMBER 2022. DOI: 10.5281/ZENODO.18362702 2

medical decision support were reviewed for this study.

A. Infrared Thermography in Dermatological Imaging

Infrared thermography has long been investigated as a diag-
nostic aid for detecting abnormal tissue behavior. Early studies
focused on qualitative temperature contrasts, while recent work
emphasizes quantitative analysis of spatiotemporal thermal
patterns. Magalhaes et al. conducted a comparative evaluation
of machine learning strategies applied to thermographic skin
cancer data, demonstrating sensitivity to preprocessing and
feature selection choices [1]. Shoen proposed DermIA, a
learning driven thermographic screening approach designed to
improve early detection rates in outpatient settings [2].

Thermography has also been studied in broader medical
imaging contexts, including optical coherence tomography
and X-ray analysis, highlighting the need for explainability
and clinical validation [3], [4]. These findings underscore the
importance of aligning thermographic analysis with clinically
interpretable features.

B. Machine Learning for Skin Cancer Detection

Machine learning applications for skin cancer detection span
image segmentation, lesion classification, and risk prediction.
Hybrid architectures combining multilayer perceptrons, radial
basis networks, and image segmentation have been applied to
oncological prognosis tasks [5], [6]. Comparative evaluations
across classification algorithms reveal trade-offs between
accuracy, stability, and computational cost [7].

Recent studies emphasize the limitations of purely accuracy-
driven evaluation, particularly in medical screening scenarios
where false negatives carry high risk. Ensemble approaches
and uncertainty estimation have been proposed to mitigate
overconfidence in predictions [8], [9]. Additionally, Edge AI
applications have also proven to minimise the limitations [10].
These insights motivate the benchmarking approach adopted
in this study.

C. Explainability and Trust in Clinical AI

Trust and transparency remain central challenges in clinical
AI adoption. Explainable artificial intelligence techniques
have been developed to provide insight into model decisions,
particularly in imaging and signal analysis domains [11], [12].
Multi-component frameworks formalize explainability across
data, model, and interface layers [13].

Clinical deployment studies stress that explanations must
align with practitioner reasoning rather than purely technical
feature attributions [14]. Regulatory and professional guidance
further emphasizes lifecycle assurance and safe use of adaptive
decision support systems [15], [16].

D. Deployment-Oriented Medical AI Systems

Beyond algorithmic development, deployment considerations
such as data quality, workflow integration, and governance
increasingly shape medical AI research. Studies on AI lifecycle
assurance highlight the need for validation, monitoring, and
auditability across operational environments [15], [17]. In

radiology and dermatology, clinical adoption depends on
interoperability and alignment with existing diagnostic practices
[18], [19].

Cloud native and edge-enabled architectures further influence
feasibility of thermographic screening systems, especially in
decentralized or resource constrained settings [20], [21]. These
considerations inform the system design and evaluation strategy
presented in subsequent sections.

III. METHODOLOGY

The methodological foundation of the proposed infrared
thermography and machine learning based screening frame-
work. The objective is to design an end-to-end pipeline
that is not only accurate but also robust, explainable, and
suitable for deployment in clinical screening environments. The
methodology integrates thermographic data acquisition, feature
representation, learning architectures, and decision support
logic within a unified system.

A. Thermographic Data Acquisition and Preprocessing

Infrared thermographic images were acquired using long-
wave infrared sensors operating in the 8.0 µm to 14.0 µm
spectral range. Each acquisition captured the lesion region
along with surrounding healthy tissue to preserve thermal
context. To reduce environmental and sensor-induced variability,
a standardized acquisition protocol was followed, including
controlled ambient temperature, fixed camera distance, and
patient acclimatization.

Preprocessing focused on stabilizing thermal distributions
and enhancing lesion-specific contrast. Raw temperature ma-
trices were normalized using subject-level min-max scaling.
Spatial smoothing was applied using a Gaussian kernel to
suppress high-frequency sensor noise while preserving lesion
boundaries. Background thermal drift was mitigated by sub-
tracting local reference patches extracted from adjacent healthy
skin regions.

B. Thermal Feature Representation

Thermal information was represented using a combination
of handcrafted and learned features. Handcrafted descriptors
captured physiologically meaningful properties, including mean
temperature elevation, radial temperature gradients, asymmetry
indices, and texture statistics derived from gray-level co-
occurrence matrices.

Let T (x, y) denote the normalized temperature field of a
lesion-centered thermogram. The average thermal elevation
∆T was computed as:

∆T =
1

N

∑
(x,y)∈ΩL

T (x, y)− 1

M

∑
(x,y)∈ΩH

T (x, y) (1)

where ΩL and ΩH represent lesion and healthy reference
regions respectively.

In parallel, convolutional feature maps were extracted using
shallow convolutional blocks trained directly on thermographic
inputs. This hybrid representation enabled the learning models
to combine domain-informed thermal descriptors with data-
driven spatial abstractions.
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C. Learning Architectures

Multiple machine learning strategies were evaluated to
benchmark performance across model families. These included
support vector machines with radial basis kernels, random
forest ensembles, multilayer perceptrons, and convolutional
neural networks. Ensemble decision fusion was employed to
reduce variance and improve robustness in borderline cases.

For neural models, the training objective minimized a
weighted cross-entropy loss:

L = −
C∑
i=1

wi yi log(ŷi) (2)

where C is the number of classes, yi is the true label, ŷi is the
predicted probability, and wi compensates for class imbalance
between benign and malignant samples.

D. Explainability and Risk Attribution

To support clinical interpretability, post-hoc explainability
mechanisms were integrated into the pipeline. Gradient-based
saliency maps highlighted spatial regions contributing most
strongly to malignant predictions. Feature attribution scores
were also computed for handcrafted descriptors to quantify
their influence on model output.

Risk scores were expressed as calibrated probabilities rather
than binary outputs, enabling threshold adjustment based on
screening sensitivity requirements. This design supports human-
in-the-loop decision making, where clinicians can balance false
positives against missed detections.

E. System Architecture

Figure 1 illustrates the overall screening architecture, in-
tegrating acquisition, learning, and decision support layers.
The architecture emphasizes modularity to allow independent
validation and updates of individual components.

F. Deployment-Oriented Inference Pipeline

Beyond offline evaluation, the system was designed for
deployment in outpatient and screening environments. Figure 2
depicts the deployment-oriented inference pipeline, emphasiz-
ing explainability, auditability, and clinician feedback loops.

G. Experimental Setup

Experiments were conducted using stratified cross-validation
to preserve class balance across folds. Performance metrics
included accuracy, sensitivity, specificity, area under the ROC
curve, and calibration error. To evaluate robustness, controlled
perturbations were introduced in thermal contrast and noise
levels.

All models were trained using identical data splits to
ensure fair comparison. Hyperparameters were tuned using
nested validation to prevent information leakage. Computational
performance and inference latency were recorded to assess
suitability for real-time screening scenarios.

The results of these experiments, along with quantitative
comparisons and visual analyses, are presented in the following
section.

IV. RESULTS

As the empirical results of the benchmarking study, quantita-
tive outcomes are provided to highlight diagnostic performance,
robustness under perturbations, computational feasibility, and
the added value of ensemble and explainability mechanisms.
Each subsection introduces the corresponding tables and figures
and interprets their relevance to screening deployment.

A. Overall Classification Performance

Table I summarizes the primary classification results across
all evaluated models. The table reports averaged metrics over
stratified cross-validation folds, emphasizing sensitivity due to
the screening-oriented nature of the task.

The ensemble fusion model achieved the highest sensitivity
and calibration quality, supporting its suitability for screening
scenarios where missed malignancies carry significant clinical
risk.

B. Receiver Operating Characteristics

Figure 3 illustrates the ROC curves for representative
models. The curves highlight improved separability when
combining handcrafted thermal descriptors with learned spatial
representations.
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Fig. 3: ROC curves comparing representative learning strategies
for thermographic skin cancer screening.

C. Calibration and Risk Reliability

Calibration behavior is critical for clinical trust. Figure 4
shows reliability diagrams comparing predicted risk with
observed outcomes.
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Fig. 4: Calibration comparison illustrating improved risk
reliability for ensemble-based predictions.
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Fig. 1: End-to-end infrared thermography based screening architecture integrating acquisition, learning, and decision support
layers.
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Fig. 2: Deployment-oriented inference pipeline highlighting explainability and clinician feedback integration.

TABLE I: Overall performance comparison of machine learning models on thermographic skin lesion screening

Model Accuracy Sensitivity Specificity AUC F1-score ECE

SVM (RBF) 0.84 0.88 0.80 0.89 0.86 0.07
Random Forest 0.86 0.90 0.82 0.91 0.88 0.06
MLP 0.87 0.91 0.83 0.92 0.89 0.05
CNN (Shallow) 0.89 0.93 0.85 0.94 0.91 0.04
Hybrid (Thermal + CNN) 0.91 0.95 0.87 0.96 0.93 0.03
Ensemble Fusion 0.93 0.97 0.89 0.97 0.95 0.02

D. Robustness to Thermal Perturbations

Table II reports performance degradation under simulated
thermal noise and contrast variation. The results demonstrate
resilience of hybrid and ensemble models to acquisition
variability.

TABLE II: Sensitivity under thermal perturbations

Model Baseline +Noise -Contrast Combined

SVM 0.88 0.80 0.77 0.72
Random Forest 0.90 0.84 0.82 0.78
CNN 0.93 0.88 0.86 0.82
Hybrid 0.95 0.91 0.89 0.86
Ensemble 0.97 0.94 0.92 0.90

E. Inference Latency and Deployment Feasibility

Figure 5 compares inference latency across models on edge-
class hardware, illustrating feasibility for real-time screening
workflows.
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Fig. 5: Inference latency comparison across evaluated models
on edge hardware.

F. Ablation and Ensemble Contribution

Figure 6 visualizes the contribution of different feature
groups to diagnostic performance, while Figure 7 highlights
the incremental benefit of ensemble fusion.
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Fig. 6: Ablation study showing impact of feature representations
on diagnostic performance.
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Fig. 7: Incremental sensitivity gains achieved through ensemble
fusion.
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V. DISCUSSION

The results demonstrate that infrared thermography com-
bined with machine learning can support reliable skin cancer
screening under realistic conditions. Hybrid representations
consistently outperformed single-modality approaches, con-
firming that physiological thermal descriptors complement
learned spatial abstractions. Ensemble fusion further improved
sensitivity and calibration, addressing key clinical concerns
related to missed malignancies and risk overconfidence.

Importantly, robustness analyses revealed that performance
degradation under thermal perturbations was moderate for
hybrid and ensemble models, suggesting resilience to real-
world acquisition variability. Inference latency measurements
indicate that deployment on edge-class hardware is feasible
without disrupting clinical workflows.

Explainability mechanisms played a critical role in aligning
model outputs with clinical reasoning. Saliency maps and
feature attributions provided intuitive cues that supported
clinician interpretation rather than replacing judgment.

VI. FUTURE DIRECTIONS

Several directions emerge for future research. Longitudinal
thermographic analysis could capture temporal lesion evolu-
tion, improving early detection of malignant transformation.
Integration with dermoscopic and clinical metadata may further
enhance diagnostic accuracy. Federated learning approaches
offer promise for privacy-preserving model improvement across
institutions.

From a deployment perspective, prospective clinical trials
and post-deployment monitoring frameworks are necessary to
evaluate real-world impact. Advances in uncertainty modeling
and adaptive thresholding could support personalized screening
strategies aligned with patient risk profiles.

VII. CONCLUSION

This study presented a comprehensive benchmarking and
deployment-oriented evaluation of infrared thermography com-
bined with machine learning for skin cancer screening. By
systematically comparing learning strategies, incorporating
explainability, and evaluating robustness and latency, the work
advances practical understanding of thermographic decision
support systems. The findings indicate that hybrid and ensemble
models offer strong potential for safe, scalable, and clinically
meaningful screening support, contributing toward earlier
detection and improved patient outcomes.
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