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Abstract 

Thyroid cancer is a prevalent endocrine neoplasm requiring early and precise diagnosis. Standard 
procedures, such as fine-needle aspiration biopsy, can be invasive and inconclusive. Infrared thermography (IRT) 
is a non-invasive imaging method that detects thermal anomalies linked to neoplastic processes. Combined with 
deep learning (DL) and transfer learning, it can achieve high classification accuracy even on small datasets. This 
work presents a binary classifier (adenoma vs. carcinoma) trained on IRT images using VGG-16 in a transfer 
learning framework, reaching 95.0% accuracy, 94.1% precision and 92.3% recall. Results demonstrate strong 
clinical potential for non-invasive thyroid tumour screening. 

 

1. Introduction  

 
Thyroid cancer is among the most common malignancies of the endocrine system, and its clinical story is 

shaped by the gland from which it arises. The thyroid is a bilobate endocrine organ seated on the first tracheal rings 
and its parenchyma is composed of follicular cells (thyrocytes), which produce the hormones T3 and T4, and of 
parafollicular C cells, which secrete calcitonin [1]. From this tissue spreads several pathologies, such as benign 
conditions (goitre, Hashimoto thyroiditis, follicular adenoma) to malignant neoplasms: papillary carcinoma (PTC), 
follicular carcinoma, and the highly aggressive anaplastic carcinoma [2]. PTC dominates that spectrum, accounting 
for 85.3% of thyroid malignancies in Caucasian populations, and it sets the tone for the disease as a whole: an 
indolent course and an excellent prognosis, with five-year survival reaching 94% in women and 90% in men [3,4]. 
Its principal risk factors are well characterized: ionising radiation exposure (raising risk 5–9 times per absorbed Gy), 
a high-iodine diet, pre-existing benign thyroid disease, hormonal factors, and hereditary predisposition [5]. 

Yet this reassuring prognosis coexists with a striking epidemiological trend. Over the past three decades, 
thyroid cancer has shown one of the fastest-rising incidence rates among all solid tumors, with reported annual 
figures ranging from roughly 0.5 to 10 cases per 100,000 inhabitants worldwide [2,6,7]. The variation is largely 
geographical, reflecting both genuine differences in risk factors, iodine intake, radiation exposure, and the 
expanding role of incidental detection through high-resolution imaging [8]. Much of the rise is attributable to small, 
sub-clinical papillary lesions that would once have gone unnoticed, which has in turn fueled an ongoing debate over 
overdiagnosis and overtreatment. Women are affected roughly three times as often as men; and while differentiated 
carcinomas carry a favorable prognosis, the clinical management problem is anything but trivial [9]. 

Importantly, the sheer prevalence of thyroid nodules in the general population. Depending on the detection 
method, nodules are found in some 2–6% of subjects by palpation, 19–35% by ultrasound, and up to 8–65% in 
autopsy series [10]. Notably, only 5–15% of them are malignant, but in order to exclude cancer, clinical procedures 
weighs heavily on healthcare systems. The central challenge, then, is not detection but discrimination: separating 
the small malignant fraction from the large benign majority accurately, early, and with the least possible harm to the 
patient. 

Today this discrimination is commonly carried out through high-resolution ultrasound and fine-needle 
aspiration cytology (FNAC). Specifically, ultrasound is the mandatory first-line modality, characterizing a nodule's 
size, shape, margins, echogenicity and vascularization and stratifying risk through standardized schemes such as 
the American College of Radiology Thyroid Imaging Reporting and Data System (ACR-TIRADS) classification [11]. 
When the sonographic picture is suspicious, FNAC necessarily follows, with results reported on the Bethesda scale 
[12]. Effective as it is, this pathway has well-known weaknesses: ultrasound is strongly operator-dependent and 
limited in specificity, while FNAC, the diagnostic reference standard, is invasive, occasionally inconclusive (a non-
negligible share of samples fall into the indeterminate Bethesda III–IV categories), and demands considerable 
expertise at both sampling and interpretation. Such constraints have driven the search for complementary, non-
invasive techniques able to sharpen risk stratification before, or alongside, cytology. 

Infrared thermography (IRT) is among the most promising of these. IRT is a non-invasive technique that 
measures the natural infrared radiation emitted by all objects with a temperature above absolute zero. A thermal 
camera captures this radiation and reconstructs a surface-temperature map without any physical contact, ionizing 
radiation or contrast agent [13]. For biological applications, this is particularly effective because human skin is an 
excellent emitter of far-infrared radiation, allowing for accurate, real-time temperature monitoring without the need 
for ambient light or physical contact [14]. 

Its relevance to thyroid oncology rests on a clear pathophysiological rationale: malignant nodules generate 
localized hyperthermia through elevated metabolic activity from accelerated cellular proliferation, and tumor-
induced angiogenesis that establishes an anomalous, high-flow vascular network [15]. Because these processes 

https://creativecommons.org/licenses/by/4.0/deed.en


 
 
 
 
 
 

                  18th Quantitative InfraRed Thermography Conference, 29 June – 3 July 2026, Naples, Italy 
 

 

2 
 

warm the overlying skin in a way that benign adenomas typically do not, the resulting thermal signatures offer a 
physical basis for differential diagnosis. Non-invasive, radiation-free, contact-free, inexpensive and easily 
repeatable, IRT is an attractive screening or triage adjunct to conventional imaging. 

Two acquisition paradigms are usually employed within IRT: static and dynamic paradigms. Specifically, 
static thermography captures a single image under steady-state conditions, yielding a direct map of the resting 
surface temperature. This modality is fast and operationally simple, but its contrast fades when a lesion's thermal 
signature is weak. Conversely, dynamic thermography regards the evolution of the temperature time-series 
generally after the application of controlled thermal stress, typically mild cooling. This approach allows for the 
recording of the re-warming over time, so that the differential recovery kinetics of hyper-vascularised malignant 
tissue become observable, at the price of a longer and more elaborate protocol. Whichever paradigm is used, the 
automated analysis of thyroid thermograms poses recurring difficulties: the images are low-contrast and lack sharp 
anatomical boundaries, the region of interest must be delineated reproducibly, acquisition conditions (ambient 
temperature, acclimatization time, camera calibration) strongly influence the recorded values, and the publicly 
available datasets remain small and heterogeneous in protocol [16,17].  

Interest in IRT for the thyroid has grown steadily, and the field now rests on both physical and clinical 
evidence. On the modelling side, bio-heat transfer simulations of regional metabolic heat propagation have shown 
that the subcutaneous fat layer strongly shapes how a nodule's heat reaches the surface, so that detectability falls 
for deeper or smaller lesions and for patients with a thick subcutaneous fat layer [18]. In fact, a previous study 
regarding the employment of IRT for thyroid cancer identification conducted by Bahramian and Mojra observed that, 
after a controlled cooling of the neck, the local temperature rose by 1–1.5 °C in the presence of a tumor [19]. 

The strength of employing IRT for thyroid tumor detection has been improved by the employment of 
artificial intelligence (AI) algorithms, particularly data-driven approaches based on machine learning (ML) and deep 
learning (DL) algorithms. For instance, Bahramian and Mojra developed an AI method that infers the gland's thermo-
physical parameters from neck-surface temperature [20]. On the clinical side, a classifier built on a pre-trained 
ResNet50V2 network distinguished malignant from benign nodules with roughly 75% accuracy and 78% sensitivity, 
approaching models based on preoperative ultrasound and cytology [21]. Together, these studies confirm that 
thyroid thermograms carry exploitable diagnostic information, while exposing the field's principal limitation: the 
available datasets are small, heterogeneous in acquisition protocol, and not yet standardized. 

This data scarcity could be properly handled using transfer learning (TL), since it exploits pre-trained 
models whose parameters are fine-tuned for a specific classification task [22]. Classical pipelines depend on hand-
crafted thermal features, region-of-interest temperature statistics, thermal gradients, left–right asymmetry indices, 
that are laborious to design and rarely capture the full complexity of the underlying temperature field. Conversely, 
DL frameworks dispense with manual engineering, learning hierarchical representations directly from the raw 
thermal images and capturing subtle spatial patterns. Employing pre-trained networks in a TL framework allows for 
obtaining reliable classification results also with a reduced sample numerosity. Among the variety of pre-trained 
network, VGG-16 has been pre-trained on millions of natural images (ImageNet), already encodes general-purpose 
low- and mid-level features (e.g., edges, textures, gradients) that can transfer effectively to medical-imaging tasks 
[23]. By freezing these early layers and fine-tuning only the deeper, task-specific ones on the available thermal 
dataset, the model can be adapted from far fewer examples, converges faster, and overfits far less than an 
equivalent network trained from scratch. This represents an important advantage when dealing with small-sample 
datasets, typical of thermographic studies, where pre-training on large external corpora markedly outperforms 
random initialization. 

Building on this rationale, the present work applies VGG-16 TL to the binary classification of thyroid 
thermographic images, discriminating benign adenoma from malignant carcinoma. 

 
 
2. Materials and Methods 
 
2.1 Dataset 

The study used the publicly available Nodule Classification dataset [24] (Visual Lab – Thyroid Project), 
consisting of infrared thermographic images of the thyroid region from 97 patients (61 with benign adenoma and 36 
with malignant carcinoma) collected between 2016 and 2020. The images were acquired with a FLIR SC620 thermal 
camera at a resolution of 640 × 480 pixels in a controlled clinical environment, from participants aged between 25 
and 75 years. 

Because the two diagnostic classes were unequally represented, a class-balancing step was applied 
before training to prevent the classifier from being biased towards the majority class and to avoid the accuracy and 
AUC being inflated by the prevalence of adenomas. Balancing was performed by random undersampling of the 
majority class: the adenoma samples were randomly reduced from 61 to 36, discarding 25 images, so as to match 
the 36 carcinoma cases. This yielded a balanced dataset of 72 images, with 36 samples per class. Undersampling 
was preferred over oversampling or synthetic data generation in order not to introduce duplicated or artificially 
generated thermal patterns into a small and noise-sensitive dataset. To compensate for the reduced number of 
training samples, on-the-fly data augmentation (rotation, width and height shifts, shearing, zoom, brightness 
variation and horizontal flipping, as detailed in Section 2.2) was applied to the training images, increasing the 
variability seen by the network without altering the class balance. The balanced set was then resized to 224 × 224 
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pixels, normalised to the [0, 1] range, and partitioned into 70% for training, with stratified 5-fold cross-validation 
preserving the class proportions across folds, and 30% for held-out testing. 

 
 

2.2 Classification Model 

  VGG16 transfer learning: ImageNet pre-trained VGG16 convolutional base (frozen), followed by 
GlobalAveragePooling2D, Dense (128, ReLU), Dropout (0.5), sigmoid output. Trained for up to 50 epochs (Adam, 
binary cross-entropy, early stopping patience = 10). The characteristic of the VGG-16-based model is described in 
Table 1. 

 

Table 1. VGG-16-based model architecture. 

Component Type Details 

Input - 224 × 224 × 3 
Conv. base VGG16 Pre-trained on ImageNet, all layers 

frozen 
Pooling GlobalAveragePooling2D Reduces feature-map 

dimensionality 

FC layer Dense 128 units, ReLU activation 
Regularisation Dropout Rate = 0.5 

Output Dense 1 unit, Sigmoid activation 
 
Data augmentation during training included: rotation (±20°), width/height shift (10%), shearing (10%), 

zoom (20%), brightness variation (0.9-1.1), and horizontal flipping. Performance was evaluated using accuracy, 
precision, recall, and area under the ROC curve (AUC). The data analysis pipeline is reported in Figure 1. 

 
 

 

Figure 1. Data analysis pipeline 

 
3. Results 
 
The VGG-16 TL model achieved strong performance across all metrics on the held-out test set, as 

summarised in Table 2. It reached an accuracy of 95.0%, a precision of 94.1%, a recall of 92.3% and an F1-score 
of 93.2%, with an ROC-AUC of 95.8%. Leveraging feature representations pre-learned on ImageNet allowed the 
model to generalise effectively despite the limited dataset size. The balanced precision and recall indicate that the 
classifier does not trade sensitivity for specificity, while the high AUC confirms a good separability between the 
adenoma and carcinoma classes across decision thresholds. 
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Table 2. Classification performance of the VGG-16 transfer-learning model on the held-out test set. 

Metric Value 
Accuracy 95.0% 

Precision 94.1% 
Recall (sensitivity) 92.3% 

F1-score 93.2% 
AUC (ROC) 95.8% 

 

 

 Figure 2. (A) Confusion matrix and (B) ROC curve delivered by the VGG-16 model on the test set 

 
 
4. Discussion 
 
The results confirm that a TL strategy is well suited to the binary classification of thyroid thermograms, 

even when the available data is scarce. The VGG-16-based model reached 95.0% accuracy, 95.8% AUC, 94.1% 
precision and 92.3% recall on the held-out test set. The fact that a network whose convolutional base was frozen 
after pre-training on natural images generalises so effectively to infrared data indicates that the low- and mid-level 
visual features learned on ImageNet remain informative for pseudo-colour thermal images, despite the substantial 
domain gap between natural photographs and thermograms. The frozen base thus acts as a generic feature 
extractor, while the small trainable head is sufficient to specialise the network to the adenoma-versus-carcinoma 
decision. 

Beyond raw classification accuracy, the credibility of such a model in a clinical setting depends on 
understanding what drives its decisions. Because the convolutional base is frozen and only a compact head is 
trained, the features that separate the two classes are inherited from generic natural-image representations rather 
than learned de novo from thermal physiology; this is computationally efficient, but it also means that the network 
may rely on global intensity and texture cues that happen to correlate with malignancy in this particular dataset, 
without necessarily corresponding to the localised hyperthermia that motivates the technique. Post-hoc 
explainability tools, such as class-activation or saliency mapping, would help to verify that the regions most 
influential for the prediction coincide with the thyroid bed rather than with peripheral or background structures, and 
would expose any residual reliance on acquisition artefacts. Establishing this spatial correspondence is an important 
step towards clinical trust and a natural complement to the quantitative metrics reported above. 

Studies combining IRT with AI for thyroid assessment have reported encouraging diagnostic performance. 
Damião et al. applied a pretrained ResNet convolutional neural network to classify nodular versus non-nodular 
thermal regions and reported an accuracy of 92%, with 100% precision and 80% recall [18]. In a more recent pilot 
study, Chantasartrassamee et al. evaluated machine-learning models based on dynamic infrared thermography for 
malignancy discrimination and found, before skin cooling, a mean accuracy of 0.75, sensitivity of 0.78, precision of 
0.78, and F1 score of 0.76; the Matthews correlation coefficient and Cohen’s kappa were 0.49 and 0.46, 
respectively, indicating only moderate predictive association and agreement [21]. Earlier experimental work 
combining artificial neural networks with bioheat modelling also supported the technical feasibility of thermographic 
tumour detection, although the very small number of cancer cases prevented robust estimation of sensitivity and 
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specificity [20]. Likewise, dynamic thermography studies have shown statistically significant differences in thermal 
recovery patterns between benign and malignant nodules, but have not consistently reported externally validated 
classification metrics [25].  

From a clinical standpoint, recall is the most consequential metric for a screening or triage application, 
since the cost of a false negative far exceeds that of a false positive. The 92.3% recall obtained by the present 
model is encouraging in this respect, suggesting that IRT combined with deep learning could act as a non-invasive 
first-line filter, flagging the nodules that warrant further investigation and potentially reducing the number of 
unnecessary fine-needle aspirations in low-risk cases. This potential must, however, be weighed against precision 
and specificity: in any large-scale deployment, even a modest false-positive rate translates into a substantial 
absolute number of unnecessary referrals, with the attendant costs and patient anxiety. 

Several limitations temper these findings. The dataset is small and originates from a single source, which 
constrains generalisability and exposes the performance estimates to optimistic bias in the absence of external, 
multi-centre validation. Balancing the classes through undersampling, while effective against the original 61:36 
imbalance, discards part of the majority-class data and further reduces the effective training size. Static 
thermography is also inherently sensitive to environmental and physiological confounders, and bio-heat modelling 
indicates that deep or small lesions, especially in patients with a thick subcutaneous fat layer, may produce weak 
or absent surface signatures [18]. Most importantly from a screening perspective, the present formulation 
distinguishes only adenoma from carcinoma and contains no healthy controls. A tool intended for large-scale, low-
cost screening must instead be able to separate healthy thyroids from pathological ones in the first place, which 
requires a model trained on a three-class (healthy, benign, malignant) or healthy-versus-pathological design and 
validated on a population that reflects the very low prevalence of malignancy in the general public. Building and 
validating such a model is a prerequisite before any screening claim can legitimately be made. 

A further methodological caveat concerns the evaluation itself. With a balanced set of only seventy-two 
images, the held-out test partition is necessarily small, so the reported metrics carry wide confidence intervals and 
a handful of misclassified cases can shift the figures appreciably; the stratified five-fold cross-validation mitigates 
but does not eliminate this fragility. Equally, performance obtained on images drawn from a single acquisition 
protocol and a single thermal camera cannot be assumed to transfer to thermograms captured under different 
ambient conditions, acclimatisation times or device calibrations. Robust adoption will therefore require not only 
larger and multi-centre datasets, but also a standardised acquisition protocol, explicit reporting of calibration and 
partitioning choices, and prospective testing against the histopathological reference standard. These are the 
conditions under which the present, encouraging results could be confirmed as genuinely generalisable rather than 
specific to this dataset. 

These considerations lead naturally to a brief Health Technology Assessment (HTA) of IRT-based 
screening [26]. The clinical backdrop is cautionary: no professional society currently recommends population-based 
screening for thyroid cancer, and the U.S. Preventive Services Task Force assigns it a grade D recommendation, 
concluding that in asymptomatic adults the harms outweigh the benefits [12]. The reason is overdiagnosis, that is 
the detection of small, indolent papillary carcinomas (found in more than 10% of thyroid glands at autopsy) that 
would never have become clinically relevant, which, once detected, typically leads to surgery and lifelong hormone 
replacement without a corresponding reduction in mortality. The South Korean experience, where opportunistic 
ultrasound screening produced a steep rise in incidence with no change in the death rate, is the textbook example. 
Any new screening modality, including IRT plus AI, therefore inherits the burden of proving that it improves 
outcomes net of overdiagnosis, not merely that it classifies images accurately. 

Within this frame, IRT scores very favourably on several HTA dimensions and poorly on others. On safety 
it is excellent: contact-free, radiation-free and repeatable, with essentially no procedural risk. On the economic and 
organisational dimensions it is equally attractive. In fact, a thermal camera is comparatively inexpensive, the 
examination takes seconds, requires no consumables or contrast agents, is portable and can be operated by non-
specialist staff, and the AI inference cost is negligible. IRT makes the per-test cost far lower than ultrasound plus 
cytology and well suited to high-throughput or resource-limited settings. The decisive weakness lies on the 
efficacy/effectiveness axis: the modest specificity observed under prospective conditions [8] implies that, at the very 
low malignancy prevalence of a general population, the positive predictive value would be low and the technology 
would generate many false positives, each cascading into confirmatory ultrasound, FNAC and possibly surgery. 
This overdiagnosis pathway is highly not recommended by HTA principles.  

These results suggest that IRT plus DL is best positioned not as an indiscriminate population-screening 
test, but as a low-cost triage adjunct within the existing nodule work-up (for example, to prioritise or de-escalate 
FNAC) and, potentially, as a targeted screening tool for defined high-risk groups, where the higher pre-test 
probability improves the cost-benefit balance. Demonstrating an actual effect on patient-relevant outcomes, 
together with a formal cost-effectiveness analysis, remains the key evidence gap before broader adoption could be 
justified. 

 
 
 
5. Conclusion 
 
This study demonstrates that the combination of IRT and DL applied in a TL framework provides a highly 

accurate, entirely non-invasive method for the differential classification of thyroid tumours. The VGG-16-based 
model achieved 95.0% accuracy, 95.8% AUC, 94.1% precision and 92.3% recall, confirming that features pre-
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learned on ImageNet transfer effectively to thyroid thermograms and offer a robust, interpretable basis for non-
invasive tumour classification. 

Future work will focus on three-class classification (benign, malignant, healthy) using a dynamic 
thermography protocol, multimodal integration with ultrasound and clinical data, larger multi-centre validation, and 
deployment on lightweight architectures (EfficientNet, MobileNet) for point-of-care settings. These advances are 
expected to consolidate IRT-based AI as a practical screening tool for thyroid oncology. 
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