
Signal & Image Processing: An International Journal (SIPIJ) Vol.11, No.4, August 2020 

DOI: 10.5121/sipij.2020.11402                                                                                                                      13 

 
GENDER DISCRIMINATION BASED  

ON THE THERMAL SIGNATURE OF THE  
FACE AND THE EXTERNAL EAR 

 

Georgia Koukiou and Vassilis Anastassopoulos 
 

Electronics Laboratory Physics Department, University of Patras, Greece 

 

ABSTRACT 
 
Simple features extracted from the thermal infrared images of the persons' face are proposed for gender 
discrimination. Two different types of thermal features are used. The first type is actually based on the 

mean value of the pixels of specific locations on the face. All cases of persons from the used database, 

males and females, are correctly distinguished based on this feature. Classification results are verified 

using two conventional approaches, namely: a. the simplest possible neural network so that generalization 

is achieved along with successful discrimination between all persons and b. the leave-one-out approach to 

demonstrate the classification performance on unknown persons using the simplest classifiers possible. The 

second type takes advantage of the temperature distribution on the ear of the persons. It is found that for 

the men the cooler region on the ear is larger as percentage compared to that of the women.  
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1. INTRODUCTION 
 

The approach used in this correspondence for feature extraction was based on a thorough 

comparison between the available images in the thermal infrared region. The thermal infrared 
region of the electromagnetic spectrum which lies between 7 and 13 microns, is the region in 

which radiate all bodies with typical temperature that of the environment. Infrared signatures of 

the face describe face temperature distribution which depends on physiological and psychological 

condition of the person.  
 

Infrared images acquired from the face of males and females differ significantly in specific 

locations. Accordingly, the used features should incorporate this type of information. Thus, the 
mean value of the pixels in four different locations of the face is used to form the feature vector. 

This feature vector is fed into Neural Network structures to perform gender identification. In this 

work, we seek for the simplest neural structure to perform successful gender identification and 
simultaneously we examine the suitability of the derived features to support correct identification 

even in the case of unknown persons present. For this purpose the leave-one-out method is 

employed. The classification performance of the neural structures is very efficient giving very 

good gender separability in the feature space, which is proved by the distinct locations of the 
clusters of males and females in the feature space.  

 

Furthermore, morphometry of the external ear as it is seen in the thermal infrared region of the 
electromagnetic spectrum is also taken into consideration in order to derive a second feature for 

gender discrimination. It is found that the percentage of the area of the external ear (ear lobe) 
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which is cool i.e. appears dark in the thermal mage, is larger for the males compared to that of the 
females. This feature is employed for gender discriminations separately from the previous one 

which was based on the mean values of the face pixels and constitutes a very powerful criterion 

for gender discrimination. It is for first time in the literature that the presented feature concerns 

the ratio of the cold to the warm part of the external ear.   
 

The work is organized as follows. Work related to the presented method is extensively exposed in 

section 2. In section 3 the infrared data employed for gender identification are described. In the 
next section the first feature extraction approach is outlined and the feature space is 

demonstrated. Gender identification performance using this feature is carried out in section 5. In 

section 6, the second feature extraction procedure, regarding the thermal distribution on the ear, is 
described and its gender discrimination capabilities are analyzed. The conclusions are drawn in 

section 7.  

 

2. RELATED WORK  
 
Various techniques have been presented in the past regarding gender discrimination. In [1] 

features are combined using fusion techniques from visible and infrared images for gender 

recognition. The presented technique is very complicated and the features used from specific 
locations on the face in case of infrared images are not conceptual prominent, while a similar 

approach for feature extraction has been proposed in the past [2] for drunk person discrimination. 

Furthermore, thermal features using eye signatures were used with successful results in 

intoxication identification [3]. Gender recognition using body-based images from visible and 
thermal cameras was carried out in [4]. The approach is basically employing movement detection 

and classification algorithms. The possibility of deducing gender from face images obtained in 

the near-infrared (NIR) and thermal (THM) spectra is elaborated in [5] by means of local binary 
pattern histogram (LBPH) features. In [6-7] methods for gender and ethnicity identification are 

described with small emphasis on thermal signatures. In [8] a combination of visible and infrared 

cameras is employed based on body images and neural networks for gender identification.  
 

Other approaches have also been developed for gender discrimination based on handwriting, 

voice, walking movements and fingerprints. Specifically, in [9] a system is presented to predict 

gender of individuals from offline handwriting samples. The technique relies on extracting a set 
of textural features from handwriting samples of male and female writers and training multiple 

classifiers to learn to discriminate between the two gender classes. The features include local 

binary patterns, histogram of oriented gradients, statistics computed from gray-level co-
occurrence matrices and features extracted through segmentation-based fractal texture analysis. 

The work in [10] presents a study to predict gender of individuals from scanned images of their 

handwritings. The proposed methodology is based on extracting a set of features from writing 

samples of male and female writers and training classifiers to learn to discriminate between the 
two. Writing attributes like slant, curvature, texture and legibility are estimated by computing 

local and global features. The study in [11] investigates the relative importance of temporal and 

spectral cues in voice gender discrimination and vowel recognition by normal-hearing subjects 
listening to an acoustic simulation of cochlear implant speech processing and by cochlear implant 

users. The results suggest that both spectral and temporal cues contribute to voice gender 

discrimination and that temporal cues are especially important for cochlear implant users to 
identify the voice gender when there is reduced spectral resolution.  

 

An adaptive three-mode PCA framework was presented in [12] for recognizing gender from 

walking movements. Prototype female and male walkers are initially decomposed into a sub-
space of their three-mode components (posture, time, gender). Then is assigned an importance 

weight to each motion trajectory in the sub-space and have the model automatically learn the 
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weight values (key features) from labeled training data. In [13] it is revealed that an information-
rich latent fingerprint has not been used to its full potential. The content present in the sweat left 

behind—namely the amino acids—can be used to determine physical such as gender of the 

originator. As a result, it is possible to focus on the biochemical content in the fingerprint using a 

biocatalytic assay, coupled with a specially designed extraction protocol, for determining gender 
rather than focusing solely on the physical image. 

 

Gender discrimination can be carried out by employing information from the external ear (ear 
lobe) [14-16]. In [14] an extensive study is presented regarding the human ear as a defining 

feature of the face since its subtle structures convey signs of age and sex that are unmistakable 

yet not easily defined. The study, with analysis of normative cross-sectional data, explores 
anatomic and aesthetic differences in the ear between men and women, as well as changes in ear 

morphology with age. As expected based on head size, significant sex-related differences were 

noted in the distance from the lateral palpebral commissure to both the helical root and insertion 

of the lobule. Measured distances in both vectors were approximately 4.6 percent longer in men 
than in women. Similarly, the height of the pinna was significantly larger in men than in women 

by approximately 6.5 percent. The average height and width of the lobule, however, were nearly 

identical in men and women. The work in [15] aimed to determine the mean values of the 
different morphometric measurements from right and left ears. Finally, the objective of the study 

in [16] was to supply information about: (1) normal sex-related dimensions of ears (linear 

distances and ratios, area); (2) left–right symmetry; and (3) growth changes between childhood 
and old age. All ear dimensions were significantly larger in men than in women.   

 

3. INFRARED DATABASE USED 
 

The thermal infrared images required to assess the proposed gender identification method have 
been obtained by our research team during a systematic and well organized experimental 

procedure (http://www.physics.upatras.gr/sober/). Researchers from our university were asked to 

participate in the experiment. The Thermal Vision Micron/A10 infrared camera was employed 
for image acquisition. The resolution of the camera is 160x128 pixels and is sensitive in the 

thermal infrared region of the electromagnetic spectrum i.e. from 7.5 to 13.0 μm. At the middle 

of this region of wavelengths i.e. at 10 μm, a perfect black body with mean temperature around 

300 degrees Kelvin, radiates its maximum according to the Wien Law [17]. The human body as 
being in the same temperature with the environment i.e. 300 degrees Kelvin, radiates in this exact 

region of wavelengths.  

 
The participants in the experiment were healthy, calm and in normal physical and psychological 

condition. No illness or fever, no psychological stress, other pathological reason or any kind of 

body exercises were recorded for any one of the participants. Thus, the thermal images of the 

face were suitable for comparisons between males and females without having been affected by 
other factors. 

 

The thermal infrared images were recorded in a well organized database. The database contains 
information regarding the age, the weight and the sex of the participant. In each acquisition, a 

sequence of 50 frames was acquired from each person with a sampling period of 100 msec 

between the frames.  
 

In order to secure smooth experimental procedure that would lead to reliable data acquisition the 

participants were asked to be present in the room of the experiment half an hour earlier and to 

keep calm during the experimental procedure. Simultaneously, the temperature of the room 
where measurements took place was kept between 23 and 25 degrees Celsius (almost 300 

Kelvin). No physical light was used in the room of the experiment. The distance of each face 
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from the camera was kept almost 30 cm for all persons so that the acquired images could be 
compared. The images of eight females and 8 males from the database were employed in this 

present gender discrimination procedure. In Figure 1 are shown the thermal images from the face 

of four males (upper row enface and lower row profile). In Figure 2 are shown the thermal 

images of four females (upper row enface and lower row profile).  
 

    
 

    
 

Figure 1. Four males from our database. Upper row enface, lower row profile. 

 

    
 

    
 

Figure 2. Four females from our database. Upper row enface, lower row profile. 

 

4. FEATURE EXTRACTION AND GENDER DISCRIMINATION 
 

In the thermal infrared region of the electromagnetic spectrum (7-13 microns) the face transmits 

electromagnetic radiation as an almost perfect black body and the amount of transmitted energy 

depends on the physiological condition of the person and is irrelevant of the external artificial 
lighting. The features to be selected for gender discrimination have to describe the temperature 

distribution on the face of the persons and obviously this temperature distribution map has to be 

different between males and females. In order to check this temperature distribution on the face 
of the persons the values of the pixels in four specific regions of the face are recorded.  

 

In Figure 3 are shown the faces of a man and a woman obtained from our database. The four 
inspected regions on each face are: the forehead, the left cheek, the right cheek and the region of 
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the mouth. By simple observation it is obvious that the region of the forehead has different 
brightness for the females compared to the corresponding of the males. The same happens for the 

region of mouth as well. Consequently, each person's face is represented in a 4-dimentional space 

by means of these four values. In practice, if in each face the intensity (temperature) of the 

forehead is considered as the value of reference for the other locations, then the feature space is 
of 3 dimensions and the persons can be represented in this space with three values each. This fact 

is graphically depicted in Figure 4 for eight men (cross) and eight women (diamond) of our 

database. In this representation can be easily realized that the two populations form distinct 
clusters in the feature space that can be separated by a relatively simple decision boundary 

(discriminant function) not necessarily linear.  

 

       

      
 

Figure 3: Infrared images of the face of a man (left) and a woman (right). According to the gray level of the 

regions depicted with the black dots the two genders differentiate significantly in their thermal 

representation. 
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Figure 4. The 3-D feature space. Eight men (crosses) and eight women (diamonds) from our database are 

depicted.  Males and females can be easily separated except the female (diamond) on the upper right. 

 

The data available for the eight males and eight females are given in Tables 1 and 2. For each 
person a four-point column is provided. The data are given in order the reader to be able to test 

and verify their capability in gender classification.  
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Table 1. In each column are given the values for each male in the feature space. 

 

1 2 3 4 5 6 7 8 

208 227 195 222 204 198 171 221 

168 197 196 205 204 173 200 224 

168 205 206 208 212 208 193 227 

208 198 205 217 207 212 208 214 

 
Table 2. In each column are given the values for each female in the feature space. 

 

1 2 3 4 5 6 7 8 

234 236 227 230 225 225 227 215 

168 170 183 154 208 202 182 191 

176 174 185 142 232 218 216 183 

214 211 203 212 205 216 221 223 

 

5. GENDER CLASSIFICATION RESULTS 
 

Gender classification results were carried out using two different conventional classification 

approaches. Firstly, a neural network is employed in order to examine the separability of the 
feature space into two subspaces corresponding to the two gender classes and simultaneously to 

study the degree of difficulty in drawing a discriminating hyper plane among the two classes. 

After that the leave-one-out approach is used to demonstrate the classification performance of the 

employed features on unknown persons.  
 

5.1. Classification using neural networks 
 

The classification attempt started by testing feed forward neural networks having a significant 

number of neurons in their 3 layers. The training algorithm was the conventional back 

propagation procedure. All MATLAB available routines were used. 
  

Two different goals we tried to achieve during training. The first one was to select a neural 

structure capable to converge fast to a minimum giving the best gender classification result. For 
this purpose we started with a network having a relatively large number of perceptrons i.e. 21 

neurons in the input layer, 11 neurons in the hidden layer and 1 neuron in the output layer (binary 

output - male or female). This network was found very effective in classifying the 16 persons.  
The second goal was the selected neural structures to meet the property of generalization. This 

means to be capable after training to correctly classify the new incoming vectors representing 

persons of unknown gender. For this purpose a low number of epochs was selected in the training 

procedure.  
 

Lowering gradually the number of neurons in the input and hidden layers we found that even a 

very simple neural structure of 3-2-1 can satisfactorily classify all the 16 samples in the 4-D 
feature space. Even if this simple structure was converging to a minimum after several attempts, 

it was preferred compared to larger ones since it was very effective in classifying unknown 

samples according to the leave-one-out approach given in the next subsection. For the reader to 
be able to test our results, the weights and the biases of this simple structure are given in Tables 3 

to 5. In Table 3 is given the information regarding the 3 neurons of the input layer. In Table 4 the 

relative information for the hidden layer is given, while in Table 5 the weights and the bias for 

the output neuron are provided.  
 

 



Signal & Image Processing: An International Journal (SIPIJ) Vol.11, No.4, August 2020 

19 

Table 3. Weights and biases values for the 3 neurons of the input layer 

 

 Neuron 1 Neuron 2 Neuron 3 

W1 -0.3419 -0.2219 0.0195 

W2 2.8386 -0.2261 0.0045 

W3 -1.3043 0.0305 0.0221 

W4 -1.0688 0.3757 0.0101 

bias 0.3403 1.1603 0.6821 

 
Table 4. Weights and biases values for the 2 neurons of the hidden layer 

 

 Neuron 1 Neuron 2 

W1 -1.3745 -1.7958 

W2 -0.4105 -1.5866 

W3 1.0303 0.0669 

bias 1.7587 -1.5691 

 
Table 5. Weights and bias values for the output neuron 

 

 W1 W2 bias 

Output Neuron 0.3320 -2.9791 0.9287 

 

5.2. Leave-one-out approach 
 

The Leave-one-out method is employed to verify that the used neural structure behave 
appropriately with the available data in the classification procedure. i.e. the classifier is built 

using in the training phase all the data except one, and is expected in the test phase to be able to 

classify correctly the excluded information. This is actually the generalization property which 
requires the classifier not to be over trained on the available data, so that be able to classify 

correctly the new incoming vectors representing persons of unknown gender.  

 
For this purpose a neural structure of size 3-2-1 is trained using 15 of the persons and then is 

tested whether the excluded person is correctly classified. This procedure was repeated 16 times, 

each time excluding one of the persons. In all cases, the devised neural structures classified with 

success the remaining person. The classification goal (classification error) achieved during the 
training procedure by each of the 16 neural structures was very small which reveals that this 

small neural network adapts fast to the needs of the problem. In Table 6 the classification goals 

for all 16 structures are given.  
 

Table 6. Classification goals for all 16 structures devised for the leave-one-out method 

 

Neural 

structure 

Person 

excluded 

Classification 

goal 

1 1st male 0.001 

2 2nd male 0.009 

3 3rd male 0.002 

4 4th male 0.038 

5 5th male 0.009 

6 6th male 0.003 

7 7th male 0.001 

8 8th male 0.001 
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9 1st female 0.001 

10 2nd female 0.008 

11 3rd female 0.030 

12 4th female 0.003 

13 5th female 0.090 

14 6th female 0.130 

15 7th female 0.009 

16 8th female 0.004 

 

We have to mention at this point that only in the 16th case in Table 6, the neural structure of size 
3-2-1 neurons achieved after many attempts a convergence so that it was able to correctly classify 

the excluded 16th person or otherwise the 8th female. However, this behaviour was expected 

since according to the feature space depicted in Figure 2, this person was eventually deviating 

from the distribution of the cluster corresponding to females.  
 

6. THERMAL SIGNATURE OF THE EAR 
 

A new feature for gender discrimination is proposed in this section which is related to the thermal 
signature of the ear of the persons. Its discrimination performance is examined by employing all 

41 available persons of our database. The feature corresponds to the ratio of the cool (dark) over 

the hot (bright) region of the ear. The extraction of the feature involves the isolation of the 

external ear from the rest of the face employing the profile image of the person and after that a 
simple segmentation approach using adaptive histogram thresholding. In Figure 5 two examples 

of the feature extraction procedure are given by employing the males No 2 and 37 from our 

database. For these two cases the ratio of the cool over the hot region of the ear is 3.77 and 5.65 
respectively. In Figure 6 are given two examples by employing the females No 29 and 30 from 

our database. For these two cases the ratio of the cool over the hot region of the ear is 1.86 and 

2.14 respectively.   

 

       
 

Figure 5. Males No 2 (left) and 37 (right) from our database. The ratio of the cool over the hot region of the 

ear is 3.77 and 5.65 respectively. 

 

       
 
Figure 5. Females No 29 (left) and 30 (right) from our database. The ratio of the cool over the hot region of 

the ear is 1.86 and 2.15 respectively. 



Signal & Image Processing: An International Journal (SIPIJ) Vol.11, No.4, August 2020 

21 

Working with the thermal images of the persons face from the available database and given that it 
contains 41 persons of which 31 are men and 10 are women we came to the strong conclusion 

that the proposed feature is particularly suitable for gender segregation. Evaluating the specific 

feature for all persons of our database we found that only three of the males have their feature 

being smaller than the largest of the females. Consequently, a percentage smaller than 10% of the 
men is incorrectly classified as being women based on the ratio of the colder-to-the-hotter region 

of the outer ear.  

 
Commenting on these results we can conclude that while the ear of males is larger than that of 

females [14], the dark part of the ear, the ear flap, which is used to collect sound, is larger for the 

males. One could therefore argue that this important difference has arisen from the evolution of 
the human species where for tens of thousands of years the male has been the hunter for food but 

also the keeper to guard against potential outside intruders. 

 

7. CONCLUSIONS 
 
Gender discrimination is feasible using thermal images from the face of a person. This is possible 

since the thermal map of the face differs from males to females. This fact is evident if the 

temperature of the forehead is compared to that of other locations on the face. In this work 
sixteen persons were employed to carry out the experimental procedure. The feature selected was 

very simple since it consists of the mean value of the pixel in specific locations of the face.  
Examination of the feature space, as it was depicted in Figure 4, shows that there is a significant 

clustering tendency of the two gender populations. Consequently, the used features are 
potentially good candidates for gender classification.  

 

In the experimental procedure it is proved that the clusters corresponding to the male and female 
subjects can be easily separated using a simple neural structure. Experimentally, various neural 

structures were tested starting from complex ones and concluding to the simplest with 3-2-1 

neurons in the corresponding layers. This leads to the conclusion that the classification problem is 
easily manageable.  

 

Furthermore, it was shown using the leave-one-out method that the classification can be 

successful for data for which the classifier has not been trained with. In all 16 cases the person 
excluded each time from the training procedure was correctly recognized by the corresponding 

neural structure.  

 
Working with the thermal signature of the ear we reached to the strong conclusion that the 

proposed feature is particularly suitable for gender discrimination giving a classification success 

over 90%.  Consequently, we can presume that the dark part of the ear is larger for the males in 

order to collect sound effectively, a fact that is coherent to the procedure of human evolution 
which lasted for thousands of years where the male has been the hunter for food but also the 

keeper to guard against potential outside intruders. 

 
The data provided throughout the paper can help the reader to verify the results and compare with 

his approaches. 

 
The proposed gender classification procedures can be combined with other features derived from 

the persons' face, such as geometric and relative distance features in order to further improve 

gender classification procedures.  
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