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Abstract 

Analysing infrared thermal (IRT) images objectively in the fields of biomedicine is always a challenge, 
especially when there is biological bilaterality. It is common for these images to be analysed by regions of interest 
(ROI) and attempts made to compare them to provide an objective interpretation. For several decades, the concept 
of thermal symmetry based on the difference between the average temperatures of the ROI has been used, but 
this has also been the subject of debate. To provide an answer to this discussion it is aim of this research to 
determine from the available mathematical methods, which can be more suitable to add objectivity to the analysis 
of thermal symmetry in IRT images. From this experiment it can be concluded that from the studied ROIs similarity 
assessment methods in the tested sample, the most feasible for discriminating healthy and pathological grades are 
Structural Similarity Index and Kolmogorov-Smirnov Test. However, it is recommended to test the proposed 
approach in a larger sample for better understanding.    

1. Introduction 

When analysing infrared thermal (IRT) images it is common to use regions of interest (ROI). In biomedical 
research involving humans and animals is prevalent to use bilateral ROIs and perform calculations between them, 
normally associating them the terms “thermal symmetry” or “thermal asymmetry” [1]. The first known deep research 
into the documentation of bilateral differences on the human body was run by Uematsu et al. [2], that only 
considered the mean difference between ROIs, more than three decades later Vardasca et al. [3] defined thermal 
symmetry as being “the ‘degree of similarity’ between two ROIs, mirrored across the human body’s longitudinal 
main axes which are identical in shape, identical in size and as near identical in position as possible. The degree 
of similarity is measured in terms of mean and standard deviation of the respective temperatures in the ROIs”. 
These two concepts were used as a reference in numerous studies. At least three publications claimed that these 
indicators lack the required objectivity that was necessary for the claims that were made based in those concepts 
[4, 5, 6].    

Vardasca et al. [6] showed that the concept based in mean temperature differences, skewness and 
kurtosis between ROIs failed to objectively match the severity index of the pathologies.  

Considering that the ROI in a thermal image consists of a matrix with temperature values, a symmetry 
between two of these structures could be obtained from calculating the following methods: Root Mean Square Error 
(RMSE), Wasserstein Distance (WD), Jensen-Shannon Divergence (JSD), Structural Similarity Index (SSIM), 
Mutual Information (MI) and Kolmogorov-Smirnov Test (KS Test). 

RMSE is the square root of the mean of the squared differences between two sets of values, often 
“measurement vs. reference.”, in thermal ROIs, it measures average pixel-wise temperature difference, a higher 
value means larger absolute deviations but ignores distribution shape and spatial structure [7, 8, 9]. 

WD, also called Earth Mover’s Distance, measures how much “effort” is needed to morph one probability 
distribution into another, it uses the temperature histograms, or empirical distributions, of the two ROIs, capturing 
not just differences in means but how mass must shift across the temperature range, which is useful when one side 
is globally warmer or has broader spread [10, 11]. 

JSD is a symmetric, bounded information-theoretic measure of how different two probability distributions 
are, built from Kullback–Leibler divergences to their average distribution [12, 13]. For two thermal ROIs, take 
normalized temperature histograms as distributions and quantifies how different the temperature patterns are 
independent of spatial arrangement, with 0 meaning identical distributions and larger values indicating more 
asymmetry in the thermal statistics. 

SSIM is an image, or part of it, quality metric that compares two images, or parts, based on luminance, 
contrast, and structural, local pattern, similarity, producing a value typically between −1 and 1, often reported 0 – 1 
[14, 15]. For thermal images, a measure between two ROIs, or a ROI and its mirrored counterpart, tells how similar 
their spatial thermal patterns are, not just pixel differences, a lower value indicates structural asymmetry. 

MI measures how much knowing one random variable reduces uncertainty about another, formally it is 
defined via the joint and marginal probability distributions [16, 17]. Viewing corresponding pixels in left/right thermal 
ROIs as paired variables, it quantifies shared information: high value suggests strong dependence (similar patterns), 
while lower value indicates more independent, hence more asymmetric, thermal behaviour. 
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The two-sample K–S test compares the empirical cumulative distribution functions (CDFs) of two samples 
to test whether they come from the same continuous distribution [18, 19]. Applying the two-sample K–S test to the 
temperature samples from the two ROIs: a small statistic and large p-value imply similar temperature distributions, 
whereas a large statistic and small p-value indicate statistically significant asymmetry in their distributions, though 
the test does not specify whether the difference is in mean, variance, or tails. 

Table 1 presents a table comparing the different methods on what it measures, which is the required input 
data, the output range, the perfect score and the best use of the method. 
 

Table 1. Comparison between methods to presumably assess thermal symmetry objectively. 
 

 Characteristics 
Method What it measures? Required 

input data 
Output 
range 

Perfect 
score 

Best used for 

Root Mean 
Square Error 
(RMSE) 

The average 
magnitude of 

predicting errors 

One-to-one 
paired data 

0 to ∞ 0 Point-to point accuracy, 
heavily penalizes 
massive outliers 

Wasserstein 
Distance (WD) 

The "effort" required 
to morph the shape of 

one dataset into 
another. 

Two 1D 
Arrays 

0 to ∞ 0 Comparing the overall 
shape of distributions, 
ignoring exact point-to-

point ordering 

Jensen-
Shannon 
Divergence 
(JSD) 

The amount of 
information shared 

between two 
probability 

distributions. 

Probabilities 0.0 to 1.0 0.0 Comparing if a 
predicted probability 

matches a true 
probability. It is 
symmetric and 

bounded 
Structural 
Similarity Index 
(SSIM) 

Human visual 
perception similarity 

Spatial Data -1.0 to 
1.0 

1.0 Knowing if an image 
looks the same to a 
human after being 

processed 

Mutual 
Information (MI) 

How much knowing 
Variable X reduces 

your uncertainty 
about Variable Y 

One-to-one 
paired data 

0 to ∞ Higher is 
better 

Finding out if two 
variables are related, 

even if the relationship 
is highly non-linear 

Kolmogorov-
Smirnov Test 
(KS Test) 

The maximum 
statistical 

disagreement 
between two CDFs 

Two 1D 
Arrays 

0 to 1 (for 
D-Stat 
and p-
value) 

0.0 (D-
Stat) and 
>0.05 (p-

value) 

Outputs a strict Yes/No 
on whether two 

samples came from the 
same underlying 

population 

 
For assessing asymmetry between two thermal ROIs, these measures play complementary roles, as 

indicated in table 2, according to type of measure, ROI comparison approach and typical use of the obtained value. 
 

Table 2. Roles of each method to presumably assess thermal symmetry objectively. 
 

Method Type What it compares for 
ROIs 

Typical use in asymmetry 

Root Mean Square Error 
(RMSE) 

Pointwise error Average pixel-wise 
temperature difference 

Overall magnitude of 
thermal difference 

Wasserstein Distance (WD) Distribution distance How temperature 
distributions shift along 

scale 

Global shifts and spread 
differences 

Jensen-Shannon Divergence 
(JSD) 

Information 
divergence 

Difference between 
normalized temperature 

histograms 

Shape differences in 
thermal distributions 

Structural Similarity Index 
(SSIM) 

Perceptual / 
Structural 

Luminance, contrast, and 
local pattern similarity 

Spatial pattern 
asymmetry in thermal 

maps 
Mutual Information (MI) Dependence Shared information 

between corresponding 
pixels 

Coupling vs. 
independence of thermal 

patterns 
Kolmogorov-Smirnov Test 
(KS Test) 

Statistical test CDFs of ROI temperature 
samples 

Hypothesis testing for 
distributional asymmetry 
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It is aim of this experiment to determine from the available mathematical methods, which can be more 
suitable to add objectivity to the analysis of thermal symmetry in IRT images. 

2. Methodological approach 

To test the proposed aim, four IRT images of both ankles in frontal view were selected from a database, 
being one healthy and the remaining ones clinically confirmed pathological at different stages of an ankle sprain 
pathology (Fig. 1). Another two other images of a Thyroid examination, a baseline image and 5 minutes after a cold 
challenge image were selected to provide a different application. To each ankle images two rectangular ROIs, with 
a size of 40x30 (Fig. 1) and for the thyroid images, with size of 25x25 (Fig. 2) were drawn using the FLIR tools 
software and the ROIs thermal data was saved into CSV files, which were than loaded into a python script were the 
proposed analysis methods (RMSE, WD, JSD, SSIM, MI and KS) were coded.  

For the RMSE the implementation was based in the formula 1. 
 

        (1) 
 
The implementation of WD required the values to be normalized and using grid coordinates the Euclidean 

distance was calculated and then the optimal transport library was used to calculate the Earth Mover's Distance 
between the two ROI matrices. 

JSD was implemented converting the temperature values into probabilities, flattening the ROI matrices to 
compare their statistical distributions, based in the Jensen Shannon distance value of the Scipy library. 

SSIM needs to know the difference between the max and min possible values per each ROI matrix, 
calculating the image map of differences between the matrices using the structural_similarity method from the 
skimage.metrics library. 

For the MI, the ROIs matrices need to be discretized, through converting the floats into bin indices, 
calculating a joint histogram, from which the entropy-based MI is directly computed. 

The Two-Sample K-S Test on two thermal matrices is obtained from the scipy library and calculates the 
maximum distance between the two CDFs and a probability that the two samples come from the same distribution. 

The methods are evaluated based on the discrimination between healthy and different pathological states 
for the ankle sprain and before and after a cold challenge for the thyroid assessment, verifying if any meets the 
proposed aim. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. The thermal images of the ankle with the Regions of interest. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. The thermal images of the thyroid with the Regions of interest. 
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3. Results 

The values for the different metrics for the image’s ROIs are shown in the table 3. Using the thermal 
symmetry, as defined by Vardasca et al. [3], RMSE, WD in spatial 2D, JSD, MI and KS test D-statistic values it is 
not in line with the expected results from healthy reference to the progress of the pathological state. The only 
indicator that follows the expected pattern of pathology progress is the SSIM. 
 

Table 3. The values for the different methods when assessing the images asymmetry. 
 

 Images 

Method Healthy 
ankle 

Grade I 
ankle 

Grade II 
ankle 

Grade III 
ankle 

Baseline 
thyroid 

Five minutes 
after cold 

challenge thyroid 

Thermal symmetry 0.2 2.6 0.6 7.7 0.4 0.9 
RMSE 1.0728 3.0445 1.0901 7.8692 0.4716 1.1646 

WD 0.3725 0.6464 0.2411 0.6213 0.0533 1.1646 
JSD 0.0002 0.0006 0.0001 0.0006 0.0000 0.0001 

SSIM 0.5054 0.3793 0.3742 0.1807 0.7952 -0.0433 
MI 1.2119 1.3110 0.8625 1.1155 0.2727 0.4348 

K-S Test (D-
statistic) 

0.2138 0.7952 0.4396 1.0000 0.5157 0.6681 

 
The Fig. 3 presents the CDFs charts from the K-S test, with the maximum distances, the higher the maximum 
distances, higher the asymmetries.  

 
 

Fig. 3. The CDFs charts from the K-S test between the two ROIs indicating the maximum distance. 
 
 

4. Discussion 

If the traditional thermal symmetry defined by Vardasca et al. [3] fails to measure the progress of the ankle 
pathology it means a failure in the objectivity or the method or a particular situation occurring with the ankle sprain 
thermal profile of the injury in the different stages. A very low RMSE would be expected to be an indicator of 
symmetry, but in the study sample the grade II presents a lower value than the healthy, which may indicate that 
lack of suitability of this indicator. The calculation of the Wasserstein Distance, spatial geometry, between two ROIs 
would emphasize the existence of hot spots but again it does not provide a result in line with the pathological 
progress of the condition. JSD treats the ROIs as probability distributions, which can represent the vascular pattern 
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complexity (entropy), although it also fails in the objective of showing a progress in the pathology stages. High MI 
would imply strong biological symmetry and a low MI entail that the temperature patterns are independent, 
asymmetry, but again this indicator is not in line with the expected evolution corresponding to the pathological stage 
progress. The K-S test compares the CDFs of the two ROIs, providing the probability that these two sets of 
temperature pixels were drawn from the same biological distribution. The D statistic in this indicator means thar if 
the value is above 0.3 there is a significant difference in thermal distribution, proving asymmetry of a pathological 
state, which is in line with was expected. The Structural Similarity Index (SSIM) between two ROIs indicates that a 
small value can be associated with low structural similarity and potential indication of pathology and a higher value 
to be symmetrical and healthy, which is closest to expected with the results following the pathology grade 
progression pattern. 

 

5. Conclusion 

From this experiment it can be concluded that from the studied ROIs similarity assessment methods in the 
tested sample, the most feasible for discriminating healthy and pathological grades are Structural Similarity Index 
(SSIM) and Kolmogorov-Smirnov Test (K-S Test). In a clinical or industrial thermography setting, the first test would 
be for distributional asymmetry using WD/JSD and a K-S test, to quantify the spatial pattern differences, SSIM and 
MI should be used and finally the RMSE as an intuitive average temperature difference. However, for a better 
understanding this testing approach should be applied in a larger sample    
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