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ABSTRACT 
Infrared thermography (IRT) is a non-contact imaging technology that enables the assessment of surface 
temperature patterns and has potential applications in healthcare, including temperature monitoring and 
physiological assessment. However, the relationship between facial skin temperature and oral 
temperature is influenced by multiple physiological, environmental, and measurement-related factors, 
making accurate prediction a challenging regression problem. This study presents a comparative 
evaluation of four machine learning regression algorithms—Random Forest, K-Nearest Neighbors 
(KNN), Light Gradient Boosting Machine (LightGBM), and Extreme Gradient Boosting (XGboost) for 
predicting oral temperature from infrared thermography data. The study utilized a dataset containing 
816 observations and 33 predictive features representing demographic characteristics, environmental 
conditions, and thermographic measurements obtained from facial regions. Model performance was 
assessed using the Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error 
(RMSE), and coefficient of determination (R²). Among the evaluated approaches, the Random Forest 
Regressor achieved the strongest overall performance, obtaining an R² of 0.5608, an RMSE of 0.2299, 
and an MAE of 0.1722. LightGBM produced a comparable MAE of 0.1721 and an R² of 0.5476, 
whereas KNN and XGBoost achieved lower predictive performance. Feature importance analysis 
indicated that thermographic measurements associated with the periocular and facial regions were 
among the most influential predictors of oral temperature. The findings demonstrate the potential of 
machine learning-assisted infrared thermography for non-contact temperature estimation while also 
indicating that substantial unexplained variability remains. Future research should investigate 
systematic hyperparameter optimization, robust feature selection, external validation, larger and more 
diverse datasets, and clinically relevant validation protocols before deployment in real-world healthcare 
environments. 

Keywords: Infrared thermography; machine learning; oral temperature prediction; Random Forest; 
KNN; LightGBM; XGBoost; medical thermography; non-contact temperature measurement. 

1. Introduction 

1.1 Background 
Infrared thermography (IRT) is a non-invasive and non-contact imaging modality that 

measures infrared radiation emitted from an object's surface and converts this radiation into 
temperature-related information. In healthcare, infrared thermography has attracted 
considerable interest because it can provide rapid thermal measurements without requiring 
direct physical contact with the subject. This characteristic makes the technology potentially 
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useful for applications involving temperature monitoring, physiological assessment, and 
medical screening. 

Human skin temperature is influenced by several physiological and environmental 
factors, including blood circulation, metabolic activity, ambient temperature, humidity, and 
measurement distance. Consequently, surface temperature measurements obtained through 
infrared thermography cannot always be directly interpreted as equivalent to core body 
temperature. The development of computational models capable of learning the complex 
relationship between thermographic measurements and reference body temperature may 
therefore improve the utility of IRT for non-contact temperature estimation. 

Machine learning provides a promising framework for this problem because 
thermographic datasets typically contain multiple interacting variables and potentially non-
linear relationships. Unlike conventional linear regression approaches, tree-based ensemble 
algorithms and non-parametric methods can model complex relationships without requiring the 
explicit specification of interaction terms or a predetermined functional form. 

The present study investigates the performance of four machine learning regression 
algorithms—Random Forest, K-Nearest Neighbors (KNN), LightGBM, and XGBoost—for 
oral temperature prediction using infrared thermography data. The analysis focuses on 
comparing predictive performance and identifying the thermographic characteristics that 
contribute most strongly to model predictions. 
 

1.2 Problem Statement 
Estimating oral or core temperature from facial surface temperature measurements is a 

complex regression problem. Although infrared thermography offers a rapid and contactless 
measurement mechanism, the observed thermal patterns are affected by environmental 
conditions, individual characteristics, anatomical location, and acquisition procedures. 

The challenge is therefore not simply to measure temperature but to establish a reliable 
predictive relationship between multiple thermographic and contextual variables and a 
reference oral temperature measurement. Traditional statistical models may have limited ability 
to capture non-linear interactions among these variables. Machine learning models may 
provide a more flexible alternative; however, their performance can vary substantially 
depending on the characteristics of the dataset and the underlying relationships between 
predictors and the target variable. 

A systematic comparison of different regression algorithms is consequently necessary 
to determine which modelling approaches are most appropriate for this prediction task. 
 

1.3 Research Objectives 
The primary objectives of this study are: 

1. To develop machine learning regression models for predicting oral temperature using 
infrared thermography data. 

2. To compare the predictive performance of Random Forest, KNN, LightGBM, and 
XGBoost. 

3. To evaluate model performance using MAE, MSE, RMSE, and R². 
4. To identify the most influential thermographic and contextual predictors using feature 

importance analysis. 
5. To investigate relationships and potential redundancy among the predictor variables. 
6. To assess the potential and limitations of machine learning-based infrared 

thermography for non-contact temperature estimation. 
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1.4 Research Contributions 
This study makes several contributions to the field of machine learning-assisted 

medical thermography. First, it provides a comparative evaluation of four widely used 
regression approaches under a common experimental setting. Second, it investigates the 
relative contribution of thermographic features to oral temperature prediction. Third, it 
demonstrates the potential of ensemble learning methods for modelling non-linear relationships 
in infrared thermography data. Finally, the study identifies methodological limitations and 
future research requirements that should be addressed before such systems can be considered 
for practical healthcare applications. 

2. Related Work 

Machine learning has become an important component of modern healthcare research 
because of its ability to identify complex relationships within high-dimensional clinical and 
physiological datasets. Previous studies have demonstrated the effectiveness of machine 
learning techniques for disease prediction, medical diagnosis, and physiological parameter 
estimation [1–4]. In particular, ensemble learning algorithms such as Random Forest have been 
widely adopted for structured medical datasets because of their ability to model non-linear 
relationships, capture interactions among predictors, and provide estimates of feature 
importance [5]. Gradient boosting methods have also demonstrated strong predictive 
capabilities in healthcare applications, with XGBoost providing an efficient regularised 
framework for structured data analysis [6]. Similarly, LightGBM was introduced as an efficient 
gradient boosting decision-tree framework capable of handling large-scale datasets while 
maintaining competitive predictive performance [7]. K-Nearest Neighbors (KNN) has also 
been used in biomedical prediction and classification because of its non-parametric nature and 
ability to model local patterns in feature space [8]. Alongside conventional machine learning, 
infrared thermography (IRT) has emerged as a promising non-invasive and non-contact 
technology for medical and physiological assessment. Ring and Ammer [9] provided a 
comprehensive overview of infrared thermal imaging in medicine, highlighting its potential 
applications across different clinical domains. Lahiri et al. [10] similarly reviewed medical 
applications of infrared thermography and discussed its use for detecting physiological changes 
associated with disease. Research has investigated thermography for conditions including 
diabetes and vascular abnormalities [11,12], while other studies have explored its application 
in breast cancer screening and diagnosis [13,14]. The use of thermography for fever and 
temperature-related assessment has also received considerable attention. During infectious 
disease outbreaks, infrared thermal imaging was increasingly investigated as a non-contact 
approach for fever screening and temperature monitoring [15,16]. However, the reliability of 
thermographic temperature measurement can be affected by environmental temperature, 
measurement distance, camera characteristics, emissivity, and calibration conditions [17]. 
Recent studies have therefore investigated computational and machine learning methods to 
improve the robustness of thermal imaging systems. For example, machine learning combined 
with infrared thermography and computer vision has been used to predict human thermal states 
from facial and hand temperature measurements, with Random Forest models demonstrating 
strong predictive performance [18]. More recent research has proposed deep learning-based 
approaches for robust remote fever screening by explicitly addressing variations in 
measurement distance and environmental temperature [19]. In addition, recent reviews have 
highlighted the growing integration of artificial intelligence and infrared thermal imaging for 
medical diagnostics and physiological analysis [20]. These developments demonstrate that the 
combination of infrared thermography and machine learning represents a promising research 
direction for non-contact physiological assessment. Nevertheless, the prediction of oral 
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temperature from facial thermographic measurements remains challenging because surface 
temperature is influenced by multiple physiological, environmental, and measurement-related 
factors. Therefore, comparative evaluation of different machine learning regression algorithms 
is necessary to identify suitable predictive approaches and to determine which thermographic 
measurements provide the greatest predictive value. The present study addresses this research 
gap by comparing Random Forest, K-Nearest Neighbors, LightGBM, and XGboost for oral 
temperature prediction using infrared thermography data. 

Although machine learning has been widely applied to medical thermography, the 
comparative performance of different regression algorithms for predicting oral temperature 
from facial thermographic measurements requires further investigation. In particular, it is 
important to determine whether complex boosting algorithms consistently outperform simpler 
ensemble approaches and which thermographic regions provide the greatest predictive value. 
This study addresses this gap by comparing four regression algorithms using the same dataset, 
preprocessing strategy, and evaluation metrics. 

3. Materials and Methods 
 

3.1 Dataset 
The study utilized the Infrared Thermography Temperature dataset obtained from the 

UCI Machine Learning Repository. The dataset contains 816 observations and includes 
demographic characteristics, environmental variables, thermographic measurements, and oral 
temperature measurements. 
The predictive variables consist of three broad categories: 

 Demographic characteristics; 
 Environmental and acquisition-related measurements; and 
 Thermographic measurements obtained from multiple facial regions. 

The target variable represents oral temperature measurements used as the reference for 
model training and evaluation. 

The dataset contains no missing values according to the variable information available 
in the analysed dataset. The combination of multiple thermographic measurements with 
environmental and demographic information provides a multidimensional representation of the 
factors potentially associated with oral temperature. 

3.2 Data Preprocessing 
3.2.1 Categorical Data Encoding 

Categorical variables were converted into numerical representations using one-hot 
encoding. This transformation allows machine learning algorithms that require numerical input 
to process categorical information while avoiding the assumption of an artificial ordinal 
relationship between categories. 
3.2.2 Feature Scaling 

Numerical variables were standardized using the standard scaler approach. The scaling 
transformation was fitted using the training data and subsequently applied to the test data. This 
procedure ensures that information from the test set does not influence the preprocessing 
parameters used during model development. 

Feature scaling is particularly important for distance-based algorithms such as KNN, 
where variables with larger numerical magnitudes can disproportionately influence the distance 
calculation. 
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3.2.3 Training and Testing Strategy 
The dataset was divided into training and testing subsets using an 80:20 split, with a 

random state of 42 to improve reproducibility. The training subset was used for model 
development, while the independent test subset was used to assess predictive performance. 

Because the task involves continuous temperature prediction, evaluation should be 
interpreted as a regression problem rather than a classification problem. Therefore, 
performance was assessed using continuous regression metrics. 

4. Machine Learning Models 
4.1 Random Forest Regressor 

Random Forest is an ensemble learning algorithm that constructs multiple decision 
trees using bootstrap samples of the training data. At each tree node, a random subset of features 
is considered for splitting. The final prediction is obtained by aggregating predictions from the 
individual trees. The method is well suited to structured datasets because it can capture non-
linear relationships and interactions while generally being less sensitive to individual noisy 
observations than a single decision tree. Random Forest also provides an impurity-based 
measure of feature importance, which was used in this study to investigate the relative 
contribution of predictors. 
4.2 K-Nearest Neighbors Regressor 

KNN regression predicts the target value of an observation based on the target values 
of its nearest neighbors in feature space. In this study, an initial neighborhood size of five was 
used, with Euclidean distance and uniform weighting. The method provides a useful non-
parametric baseline because it does not explicitly learn a global functional relationship. 
However, its performance may decline when the feature space becomes high-dimensional or 
when irrelevant and redundant variables affect the distance calculations. 
4.3 LightGBM 

LightGBM is a gradient boosting framework designed for efficient learning from 
structured data. It employs histogram-based learning and leaf-wise tree growth, enabling 
efficient model training while maintaining strong predictive performance. 
Its performance on structured datasets has made it a widely used algorithm in machine learning 
competitions and practical applications. However, the effectiveness of LightGBM depends on 
appropriate hyperparameter configuration, including tree complexity, learning rate, and 
regularization. 
4.4 XGBoost 

XGboost is an optimized gradient boosting framework that sequentially constructs 
decision trees to minimize a specified loss function. The algorithm incorporates regularization 
mechanisms designed to reduce overfitting and provides efficient computational 
implementations. 

Despite its strong reputation for tabular prediction tasks, its performance depends on 
appropriate hyperparameter selection. In the present analysis, the reported results were 
obtained under the experimental configuration used in the original analysis. 
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5. Evaluation Metrics 

Four standard regression metrics were used to evaluate model performance. 
I. Mean Absolute Error 

Mean Absolute error is define as  

𝑀𝐴𝐸 =
1

𝑛
෍ |𝑦௜ − 𝑦ො௜|

௡

௜ୀଵ

                                                                    (1) 

MAE measures the average absolute difference between observed and predicted 
values. Lower values indicate better predictive performance. 
II. Mean Squared Error 

Mean squared error is define as  

𝑀𝑆𝐸 =
1

𝑛
෍(𝑦௜ − 𝑦ො௜)

ଶ

௡

௜ୀଵ

                                                                        (2) 

MSE assigns greater penalties to larger prediction errors because the differences are 
squared. 
III. Root Mean Squared Error 

Root mean squared error is define as  

𝑅𝑀𝑆𝐸 = ඩ
1

𝑛
෍(𝑦௜ − 𝑦ො௜)

ଶ

௡

௜ୀଵ

                                                                             (3) 

RMSE represents the typical magnitude of prediction error in the same unit as the target 
variable. Lower RMSE values indicate better performance. 
IV. Coefficient of Determination 

Coefficient of determination is denoted by R².  
 

𝑅ଶ = 1 −
∑ (𝑦௜ − 𝑦ො௜)௡

௜ୀଵ

∑ (𝑦௜ − 𝑦ത)௡
௜ୀଵ

                                                                          (4) 

R² represents the proportion of variance in the target variable explained by the 
predictive model. Higher values indicate greater explanatory performance. 

6. Results 
 

6.1 Comparative Model Performance 
The performance of the four evaluated models is presented in Table 1. 

Table 1. Comparative Performance of Machine Learning Regression Models 
Model MAE MSE RMSE R² 
Random Forest 0.1722 0.0529 0.2299 0.5608 
LightGBM 0.1721 0.0544 0.2333 0.5476 
KNN 0.1816 0.0592 0.2432 0.5085 
XGboost 0.1802 0.0596 0.2442 0.5047 

The Random Forest model achieved the highest R² value of 0.5608, indicating that it 
explained approximately 56.08% of the variance in the test-set target values under the 
experimental conditions used in this study. It also achieved the lowest RMSE at 0.2299. 
LightGBM demonstrated closely comparable performance, obtaining an R² of 0.5476 and an 
RMSE of 0.2333. Interestingly, LightGBM achieved the lowest MAE at 0.1721, marginally 
outperforming Random Forest at 0.1722. KNN achieved an R² of 0.5085, while XGBoost 
obtained an R² of 0.5047. Both models demonstrated higher RMSE values than the two leading 
ensemble approaches. Overall, the results indicate that Random Forest provided the strongest 
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aggregate performance according to R² and RMSE, while LightGBM produced a marginally 
lower average absolute error. 
6.2 Actual Versus Predicted Values 

The actual-versus-predicted analyses indicated that Random Forest and LightGBM 
produced predictions that were more closely aligned with the ideal identity relationship than 
KNN and XGboost. The greater concentration of observations around the ideal prediction line 
for Random Forest suggests comparatively better agreement between predicted and observed 
temperatures. However, the dispersion of predictions also indicates that the models do not fully 
capture the variability present in the target variable. This observation is consistent with the 
moderate R² values obtained by all four algorithms. Although machine learning models 
captured a meaningful proportion of the predictive signal, approximately 44% of the variance 
remained unexplained by the best-performing model in the evaluated test set. 
6.3 Feature Importance 

Feature importance analysis based on the Random Forest model identified 
thermographic measurements from the periocular and facial regions as the most influential 
predictors. The most important predictors were primarily associated with average and 
maximum temperature characteristics of facial regions, particularly measurements obtained 
around the eye area. Additional important variables included temperature measurements from 
the canthi, forehead, and cheek regions. These results suggest that localized facial thermal 
patterns may provide valuable information for estimating oral temperature. However, feature 
importance should not be interpreted as evidence of causality. Rather, it indicates the relative 
contribution of predictors to the fitted Random Forest model. 
6.4 Correlation Analysis 

The correlation analysis revealed strong relationships among several thermographic 
variables obtained from similar anatomical regions. Some predictor pairs exhibited correlation 
coefficients greater than 0.80, suggesting substantial redundancy. Such correlations are 
expected because measurements obtained from neighboring regions may reflect similar 
underlying thermal processes. Although tree-based models can generally tolerate correlated 
variables, redundant predictors may influence feature importance estimates and can complicate 
the interpretation of individual variables. Environmental factors also demonstrated 
relationships with selected thermographic measurements, supporting the importance of 
controlling environmental conditions during infrared temperature acquisition. 

 

Figure 1. Shows Actual Vs Predicted plots for adopted machine learning models   
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Figure 2. Shows important features from Random Forest  

 

 

Figure 3. Shows Models predictive performance  

7. Discussion 
7.1 Interpretation of Model Performance 

The results demonstrate that Random Forest achieved the strongest overall predictive 
performance among the four evaluated algorithms. Its superior R² and RMSE values suggest 
that the ensemble of decision trees was effective in modelling the non-linear relationships 
between thermographic measurements and oral temperature. The performance of Random 
Forest may be explained by its ability to capture complex interactions without requiring the 
researcher to explicitly define these relationships. Thermographic data often contain 
interdependent variables originating from different anatomical regions, and the relationship 
between these measurements and oral temperature may not be adequately represented by a 
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simple linear function. LightGBM also demonstrated strong predictive performance, achieving 
a slightly lower R² but the lowest MAE. This indicates that its typical absolute prediction error 
was marginally lower, although its larger squared-error contribution resulted in a slightly higher 
RMSE. KNN performed less effectively than the two leading ensemble approaches. One 
possible explanation is that the relationship between thermographic observations and oral 
temperature is not sufficiently local in the scaled feature space. In addition, redundant variables 
and high-dimensional feature representations can reduce the effectiveness of distance-based 
approaches. XGboost produced the lowest R² among the four models. This result does not 
necessarily imply that XGBoost is inherently unsuitable for thermographic temperature 
prediction. Rather, its performance may be influenced by the selected hyperparameters and 
experimental configuration. More systematic optimisation may produce different results. 
7.2 Importance of Thermographic Features 

The feature importance analysis suggests that facial temperature measurements, 
particularly those associated with the periocular region, contain substantial predictive 
information regarding oral temperature. This finding is physiologically plausible because the 
regions surrounding the eyes are relatively vascularized and may exhibit thermal characteristics 
associated with systemic temperature regulation. Nevertheless, the results should be interpreted 
cautiously because thermal measurements are also influenced by ambient conditions, sensor 
characteristics, distance, and individual variability. The identification of multiple important 
features across different facial regions also suggests that oral temperature prediction may 
benefit from integrating information from several anatomical locations rather than relying on 
a single measurement. 
7.3 Clinical Relevance 

The findings demonstrate the potential of machine learning-assisted infrared 
thermography for non-contact temperature estimation. Such systems could be relevant in 
environments where rapid and contactless temperature assessment is desirable. However, the 
current predictive performance is not sufficient to establish clinical equivalence with 
conventional temperature measurement methods. The R² of 0.5608 indicates that the best-
performing model explains only a moderate proportion of the observed variation in the test set. 
Therefore, the proposed approach should currently be considered a research-oriented predictive 
framework rather than a clinically validated replacement for established temperature 
measurement techniques. 
7.4 Practical Implications 

The results have several practical implications. First, the superior performance of 
Random Forest suggests that ensemble tree-based approaches may provide a useful baseline 
for structured infrared thermography datasets. Second, the feature importance results indicate 
that future data collection protocols may benefit from prioritizing informative facial regions. 
However, reducing the number of measurements should only be considered after systematic 
feature selection and independent validation. Third, environmental conditions should be 
carefully controlled or explicitly incorporated into predictive models. Variations in ambient 
temperature, humidity, and measurement distance may introduce systematic sources of error. 
Finally, future machine learning systems should prioritize both predictive accuracy and 
interpretability. In medical applications, a model's ability to explain its predictions is often as 
important as its raw predictive performance. 
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8. Conclusion 

This study presented a comparative evaluation of four machine learning regression 
algorithms for predicting oral temperature from infrared thermography data. Among the 
evaluated models, Random Forest demonstrated the strongest overall performance, achieving 
an R² of 0.5608 and an RMSE of 0.2299. LightGBM produced comparable performance and 
achieved the lowest MAE, while KNN and XGBoost demonstrated relatively lower predictive 
accuracy under the evaluated experimental conditions. Feature importance analysis indicated 
that thermographic measurements from the periocular and broader facial regions were among 
the most informative predictors. This finding supports the potential value of facial thermal 
patterns for estimating oral temperature and highlights the importance of selecting informative 
thermographic measurements. Nevertheless, the moderate predictive performance indicates 
that substantial variability remains unexplained. Consequently, machine learning-based 
infrared thermography should not yet be considered a direct replacement for clinically 
validated temperature measurement techniques. Instead, the results provide evidence 
supporting further investigation into non-contact temperature prediction. 

Data Availability 

The study utilized the Infrared Thermography Temperature dataset available through 
the UCI Machine Learning Repository. The experimental analysis was conducted using the 
dataset configuration and modelling procedures described in this manuscript. 
https://archive.ics.uci.edu/dataset/925/infrared+thermography+temperature+dataset  
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