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Abstract 

Alzheimer's disease (AD) induces peripheral microcirculatory alterations linked to autonomic dysregulation. 
Functional Infrared Thermography (IRT) allows for the non-invasive monitoring of these variations. This study proposes 
an automated Deep Learning classification pipeline based on the EfficientNet-B0 architecture to distinguish moderate 
AD patients (n=12) from age-matched healthy controls (n=15). By applying Transfer Learning to time-frequency 
spectrograms extracted from resting-state nose tip temperature oscillations, the model achieved an accuracy of 78.7%, 
with 86.7% sensitivity and 70.6% specificity. These findings demonstrate the viability of combining IRT and Deep 
Learning as a contactless, cost-effective screening tool for AD-related autonomic impairment. 

1. Introduction  

Alzheimer's Disease (AD) represents a major global health challenge, traditionally defined by progressive memory 
loss, followed by deficits in language, executive functions, attention, and visuospatial abilities [1,2]. With the 
progressive ageing of the population, its prevalence is expected to increase substantially over the coming decades, 
placing a growing burden on healthcare systems and caregivers [3]. To date, no disease-modifying treatment is able 
to halt or reverse its progression, which makes the early and accurate identification of affected individuals a clinical 
priority. As the disease progresses, cognitive decline is often associated with behavioral manifestations and psychiatric 
disorders, such as apathy, anxiety, depression, irritability, and sleep disturbances [4,5].  

However, current clinical perspectives have expanded beyond the central nervous system to reveal that 
Alzheimer's disease also presents significant systemic physiological changes. In particular, changes in the peripheral 
microcirculatory system, including endothelial dysfunction and abnormal vascular reactions, have emerged as key 
markers of the disease [6]. 

Specifically, abnormalities in heart rate variability (HRV), blood pressure modulation, and sympathovagal 
balance have been investigated both in AD patients and in subjects with mild cognitive impairment (MCI) [7–9]. 
Furthermore, impaired peripheral endothelial microvascular responses have been observed in patients with early 
clinically confirmed AD by employing laser Doppler flowmetry  [10]. Moreover, cerebral and systemic circulatory 
alterations have been increasingly investigated in relation to AD pathophysiology. Particularly, neurovascular 
dysfunction, reduced cerebral blood flow, blood–brain barrier disruption, and impaired vascular clearance of amyloid-
β have been suggested to contribute to neuronal damage and disease progression [11–13]. Together with these 
vascular abnormalities, subtle autonomic changes may therefore represent an additional peripheral manifestation of 
AD, possibly linking central neurodegeneration with altered cardiovascular regulation and impaired microvascular 
homeostasis.  

Notably, peripheral vascular tone is strictly regulated by the autonomic nervous system (ANS), whose 
alterations in AD patients have been investigated. For instance, altered core body temperature [14,15] and disrupted 
circadian rhythmicity [16] have been reported in the literature. Moreover, alterations in facial skin temperature have 
been studied through infrared thermography (IRT) both during the performance of cognitive tasks commonly adopted 
in the diagnostic assessment of AD [17,18] and during resting state [19].  

IRT is a non-contact imaging technique that enables the assessment of cutaneous temperature distribution 
[20]. Temporal changes in the temperature of facial regions that are particularly responsive to autonomic modulation, 
such as the nose tip, have been shown to be responsive to ANS modulations [21]. In fact, the nose tip’s cutaneous 
microcirculation is densely innervated by sympathetic adrenergic fibres and rich in arteriovenous anastomoses, making 
its temperature highly sensitive to changes in autonomic vasomotor activity. 

Importantly, Machine Learning (ML) techniques applied to functional thermal data have demonstrated the 
ability to detect altered microcirculation in this clinical population [19].  

Despite the promising outcomes of traditional signal processing and classical ML, these approaches often 
rely on manual feature extraction and may fail to capture the most complex, non-linear dynamics hidden within 
physiological signals. Deep Learning (DL) methodologies offer a robust solution for automatic pattern recognition 
without the need for manual feature engineering [22]. By transforming the continuous temperature time series into 
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time-frequency representations (spectrograms), it is possible to highlight intricate microcirculatory features that are 
otherwise imperceptible. In fact, unlike purely time-domain analyses, time-frequency representations preserve both 
the temporal evolution and the spectral content of the signal, allowing transient and frequency-specific microcirculatory 
oscillations to be jointly represented and exploited by convolutional architectures. Notably, DL approaches require a 
large amount of data for the training, validation, and test of the algorithms, but the sample size of the available dataset 
of thermal videos of AD and healthy controls (HC), especially during resting state, is scarce. Hence, to overcome this 
limitation, it could be advantageous to apply transfer learning (TL) frameworks, by fine-tuning parameters of pre-
trained models for a specific ì task [23]. Among the DL architecture that can be employed for TL purposes, 
EfficientNet-B0 is a convolutional neural network architecture (CNN) introduced as the baseline model of the 
EfficientNet family. Unlike conventional CNN scaling strategies, EfficientNet adopts a compound scaling approach 
that jointly balances network depth, width, and input resolution. 
This design allows the model to achieve high classification performance while maintaining a relatively low 
computational cost. For these reasons, EfficientNet-B0 has been widely adopted as an efficient backbone for 
computer vision and biomedical image-analysis tasks [24]. 

At present, the diagnostic workup of AD relies on a combination of neuropsychological assessment, 
structural and functional neuroimaging (e.g., MRI and amyloid PET) [25,26], and the quantification of cerebrospinal 
fluid biomarkers [27]. Although highly informative, these procedures are often costly, partially invasive, time-
consuming, and not widely accessible, particularly in primary-care or large-scale screening contexts. This highlights 
the need for complementary tools able to capture peripheral physiological signatures of the disease in a simple and 
non-invasive manner. 

This study aims to develop an advanced, automated classification pipeline using the EfficientNet-B0 
architecture to differentiate patients with moderate AD from age-matched HCs. By exploiting TL on IRT spectrograms 
derived from resting-state nose tip temperature oscillations, this work proposes a novel, non-invasive, and cost-
effective screening framework that could significantly support early clinical investigations of AD. The main contributions 
of this work can be summarized as follows: (i) the use of resting-state nose tip temperature oscillations as a non-
invasive autonomic marker of AD; (ii) the transformation of these signals into time-frequency representations to 
enhance discriminative microcirculatory features; and (iii) the application of a transfer-learning EfficientNet-B0 pipeline 
to overcome the limited sample size typical of thermal datasets in this clinical population. 

2. Materials and Methods 

2.1.  Participants 

The study was conducted on a total of 27 participants, categorized into two distinct groups: 12 patients 
diagnosed with AD and 15 age-matched healthy controls HC. The AD group (average age: 71.6 ± 4.6 years; 7 males 
and 5 females) consisted of individuals with a clinical diagnosis of moderate AD. Individuals with vascular dementia, 
brain injuries, moderate cognitive impairment (Mini-Mental State Examination, MMSE < 20/30), and affected by 
circulatory diseases have been excluded from the study. The HC group (average age: 69.3 ± 5.8 years; 10 males and 
5 females) was recruited from healthy volunteers with no history of cognitive decline or other neurological and 
psychiatric conditions. Importantly, individuals with circulatory diseases that could affect the cutaneous temperature 
were excluded from the study. The study was conducted in accordance with the Declaration of Helsinki and approved 
by the Research Ethics Board of the University of Chieti-Pescara (approval number: 1479, date of approval: 3 May 
2017). 

 
2.2. Experimental Setup and Protocol 

To prevent any thermo-regulatory artifacts induced by external environmental factors, the thermal imaging 
sessions were conducted in a highly controlled laboratory setting [28,29]. The ambient temperature was strictly 
maintained between 22°C and 24°C, with a relative humidity of 45% to 50%. Before starting data collection, each 
participant underwent a mandatory 15-minute acclimatization period to allow their skin temperature to stabilize to the 
ambient conditions. Facial temperature distribution was measured using a high-resolution FLIR SC660 thermal 
imaging camera. The device was placed at a fixed distance of 60 cm from the subject's face. The experimental protocol 
required participants to sit in a relaxed position with their eyes closed for a continuous 5-minute period while the heat 
was recorded. 
 

2.3. Data Processing 

 
After the acquisition process, the thermal footage was analyzed to isolate significant physiological signals. 

The tip of the nose was chosen as the area of interest because it is known to exhibit high reactivity to changes in the 
autonomic nervous system [30]. This specific area of interest was automatically mapped throughout the thermal image 
sequence, generating a continuous temperature time series for each participant [31]. 

To capture the complex, non-linear dynamics of the microcirculatory responses, these spontaneous thermal 
oscillations were transformed into time-frequency representations, thereby generating spectrograms of the nose tip 
temperature for each subject.  
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2.4. Deep Learning Classification 

The resulting spectrograms were used as input data for a Deep Learning (DL) classification pipeline based 
on the EfficientNet-B0 architecture. To capitalize on the feature extraction capabilities of a pre-trained network, a Train-
Level (TL) approach was adopted. Specifically, the convolutional layers of the EfficientNet-B0 model were kept fixed 
to preserve the general features already learned, while the final classification layer was modified and improved to 
function as a binary classifier (AD vs. HC). To reduce the risk of overfitting and artificially augment the training dataset, 
data augmentation techniques were implemented. These techniques included random horizontal flips, random 
rotations up to 15°, and color variations. The model was evaluated using a 5-fold stratified cross-validation strategy, 
which ensured that the class distribution remained balanced across all data partitions. The network training was 
optimized with the Adam optimizer, using a learning rate fixed at 10⁻⁴ and a cross-entropy loss function. The training 
process was conducted for 10 epochs per fold, utilizing a batch size of 8. 

The overall architecture of the EfficientNet-B0-based classification model is summarized in Table 1. 

Table 1. EfficientNet-B0-based model architecture. 

Component Type Details 

Input – 224 × 224 × 3 

Conv. base EfficientNet-B0 Pre-trained on ImageNet, all convolutional 
layers frozen 

Pooling GlobalAveragePooling2D Reduces feature-map dimensionality 

Output Dense (modified 
classification layer) 

2 units (AD vs. HC), Softmax activation 

 
 
The experimental protocol and the processing pipeline are represented in figure 1. 
 
 
 
 

 

Figure 1. Experimental protocol and processing pipeline. 

 

3. Results 

The performance of the proposed Deep Learning classification pipeline was evaluated to determine its 
efficacy in distinguishing between patients with AD and HC. The assessment was strictly based on the results obtained 
from the 5-fold stratified cross-validation process, which ensured a robust and unbiased evaluation across the entire 
dataset. 

The EfficientNet-B0 Transfer Learning model demonstrated promising discriminative capabilities. Across all 
folds, the architecture achieved an overall classification accuracy of 78.7%. 
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To further comprehend the clinical reliability of the model, sensitivity and specificity metrics were thoroughly 
examined. The model reached a sensitivity (true positive rate) of 86.7%, indicating a strong capability of the network 
to correctly identify patients suffering from AD. Conversely, the specificity (true negative rate) was recorded at 70.6%, 
reflecting the model's ability to accurately recognize the age-matched healthy subjects and avoid false positive 
classifications. 

The summary of the classification performance metrics is reported in Table 2, whereas in figure 2 is reported 
the confusion matrix associated with the classification results. 

 

Table 2. Classification performance metrics of the EfficientNet-B0 model across the 5-fold cross-validation. 

Metric Value 

Accuracy 78.7% 

Sensitivity 86.7% 

Specificity 70.6% 

 
 
 
 
 
 
 

 
Figure 2. Confusion matrix of the classification results 

 
 
 

4. Discussion 

The primary objective of the study was to evaluate the feasibility of employing a DL framework, specifically 
based on the EfficientNet-B0 architecture, to automatically identify AD using functional IRT. AD is not only 
characterized by central nervous system deterioration, such as progressive memory loss and cognitive decline, but 
also by significant systemic physiological changes, including peripheral microcirculatory alterations. The results 
obtained from 5-fold stratified cross-validation process highlight the strong potential of TL applied to thermal time-
frequency representations, or spectrograms, as a novel and non-invasive screening tool. The developed classification 
pipeline achieved 78.7% accuracy in separating patients with moderate AD from healthy subjects in the same age 
group. The EfficientNet-B0 model showed a high sensitivity of 86.7%. This indicator is crucial for any initial medical 
screening tool, as it helps reduce the risk of false negatives, decreasing the likelihood of missing patients with the 
disease. Specificity was calculated at 70.6%, suggesting a good ability to correctly identify healthy subjects. While this 
indicates the model's general ability to avoid false positives, there are still opportunities for future optimization to further 
increase specificity in larger groups. From a screening perspective, the favorable balance between high sensitivity 
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(86.7%) and moderate specificity (70.6%) is consistent with the pipeline's intended use as an initial tool to rule out the 
disease: this test is expected to prioritize the identification of true cases, with positive results to be subsequently 
confirmed through more established and resource-intensive diagnostic procedures. Notably, the accuracy far exceeds 
both chance and the majority-class reference value, supporting the idea that useful disease-related information lies 
within resting temperature dynamics, rather than simple random variations. 

Physiologically, these results support the hypothesis that AD causes systemic microcirculatory changes due 
to dysregulation of the autonomic nervous system (ANS). Previous studies have indicated that the pathophysiology of 
AD is associated with neurovascular dysfunction, alterations in cardiovascular regulation, and compromised 
endothelial cell responses in peripheral microvessels.The peripheral vascular tone is strictly regulated by the ANS, 
and specific facial regions like the nose tip are highly responsive to these autonomic modulations. By extracting the 
temperature time series from the nose tip and transforming these 1D signals into 2D spectrograms, the developed DL 
model successfully captured complex, non-linear thermal fluctuations that classical signal processing might overlook. 
Notably, the nose tip is among the facial regions most responsive to sympathetic activity, owing to its dense innervation 
by adrenergic vasoconstrictor fibres and its high density of arteriovenous anastomoses. Alterations in the resting 
thermal oscillations of this region may therefore reflect a disruption of the central autonomic network, which involves 
structures, such as the insular and cingulate cortices and the amygdala, that are progressively affected by AD-related 
neurodegeneration [32,33]. This is consistent with the broader view of AD as a systemic disorder in which central 
neuropathology and peripheral microvascular dysregulation are closely intertwined. 

Technologically, the approach represents a significant advancement over previous methodologies. 
Traditional signal processing and classical ML approaches often rely on manual, operator-dependent feature 
extraction, who may fail to capture intricate physiological dynamics. The application of TL via the EfficientNet-B0 
architecture allows the network to autonomously extract highly discriminative features without manual engineering. 
EfficientNet-B0 is particularly suited for this biomedical image-analysis task because its compound scaling approach 
optimally balances network depth, width, and input resolution, achieving high performance with a relatively low 
computational cost. Furthermore, by freezing the pre-trained convolutional layers and fine-tuning the classification 
layer, the model effectively overcame the limitation of scarce thermal video datasets while preventing overfitting 
through data augmentation techniques. The choice of a time-frequency domain is central to this performance: unlike 
raw temporal sequences, spectrograms jointly encode the magnitude and the temporal localization of oscillatory 
components, allowing the convolutional backbone to exploit textural and morphological patterns for which it was 
originally optimized on natural images. The compact design of EfficientNet-B0 is especially advantageous in low-data 
biomedical regimes, as its limited number of parameters reduces the risk of overfitting compared with deeper 
architectures, while its ImageNet priors provide transferable low-level features. 

A clinical advantage of the proposed protocol is its entirely passive and contactless nature. While previous 
functional thermal imaging studies often required patients to perform stressful cognitive tasks to elicit an autonomic 
response, our framework successfully differentiates AD patients from HCs during a simple 5-minute resting state with 
closed eyes. By conducting the acquisition in a highly controlled laboratory setting, maintaining room temperature 
strictly between 22°C and 24°C, thermo-regulatory artifacts were successfully prevented. This passive, resting-state 
approach dramatically improves patient compliance, making the procedure highly suitable and cost-effective even for 
individuals with advanced cognitive decline who might struggle to complete complex tasks.  Beyond patient comfort, 
the contactless and low-cost nature of IRT lends itself to deployment in settings where conventional diagnostic 
infrastructure is unavailable and could in principle be integrated into point-of-care or telemedicine workflows for 
opportunistic, large-scale screening. 

Despite the outcomes of this screening framework, this study presents some limitations that must be 
addressed in future research. The primary constraint is the relatively small sample size, which consisted of only 27 
participants (12 AD patients and 15 HCs). Consequently, testing the model on a larger, multi-center cohort is necessary 
to confirm its generalizability and robust clinical applicability. Additionally, future investigations should expand the 
clinical population to include patients diagnosed with Mild Cognitive Impairment (MCI). Evaluating this demographic 
will be crucial to assess the algorithm's capability to detect microcirculatory anomalies in the prodromal stages of the 
disease, potentially opening new avenues for the early detection and management of AD-related autonomic 
impairment.  Furthermore, potential confounders, including cardiovascular comorbidities and the use of medications 
acting on vascular tone or autonomic function (e.g., antihypertensive, beta-blocking, or anticholinergic agents), were 
not explicitly modelled and may influence peripheral thermal responses independently of AD pathology. Additionally, 
the present pipeline does not yet incorporate explainability methods. Specifically, integrating saliency-based 
techniques such as Grad-CAM would help verify that the network's decisions rely on physiologically meaningful 
spectral regions, thereby increasing clinical trust. Finally, future work should explore the multimodal fusion of thermal 
data with complementary autonomic markers, such as heart rate variability, to achieve a more comprehensive 
characterization of autonomic impairment in AD. 

5. Conclusion 

This study demonstrated the feasibility of a passive, contactless screening framework for AD that combines 
functional IRT with DL. By converting resting-state nose tip temperature oscillations into spectrograms and applying 
TL through an EfficientNet-B0 architecture, the pipeline distinguished moderate AD patients from healthy controls 
with 78.7% accuracy, 86.7% sensitivity, and 70.6% specificity. These results support the role of autonomic-driven 
microcirculatory alterations as a peripheral signature of AD and confirm the potential of a non-invasive, low-cost, 



 
 
 
 
 
 

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

 

6 
 

resting-state approach as a first-line screening tool. Larger multi-center cohorts, the inclusion of MCI patients, and 
multimodal autonomic data will be needed to confirm its clinical value. 
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