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Abstract— Thermal imaging has played a dynamic role in the 
diversified field of consumer technology applications. To build 
artificially intelligent thermal imaging systems, large scale 
thermal datasets are required for successful convergence of 
complex deep learning models. In this study,  we have highlighted 
various techniques for generating large scale synthetic facial 
thermal data using both public and locally gathered datasets. It 
includes data augmentation, synthetic data generation using 
StyleGAN network, and 2D to 3D image reconstruction using deep 
learning architectures.  Training and validation accuracy of Wide 
ResNet CNN for binary gender recognition task is improved by 
4.6% and 4.4% using original and newly generated synthetic data 
with an overall test accuracy of 83.33%. 

Keywords—Infrared Imaging, LWIR, Synthetic Data, GAN, 
Augmentation,  Deep Neural Networks, Wide ResNet 

I. INTRODUCTION  

 The emerging potential of thermal imaging for consumer 
applications and the building of low-cost LWIR thermal 
cameras based on un-cooled sensor technologies is an emerging 
area of research. As compared to the RGB camera, the thermal 
camera has its own advantages which includes invariance to 
illumination changes, an ability to operate even in complete 
darkness, and provides robust results in the event of shadows 
and some occlusions. Thermal imaging is used in various 
Consumer Technology (CT) applications [35] including human 
thermography for disease diagnosis [1, 2], thermal gender 
classification [3], human-computer interface systems [4], in-
cabin driver and occupant monitoring systems [34].  

 Modern thermal cameras come with Shutter-less calibration 
and associated image correction methods such as Non-
Uniformity Correction (NUC) and bid pixel replacement are 
usually applied for real-time processing to produce high-quality 
thermal sensor data. The resulting thermal images can be 
employed in a variety of computer vision applications including 
pedestrian detection, facial recognition [6], object classification 
[7], and segmentation tasks. However, one drawback of thermal 
imaging is that there are not many publically available datasets 

and thus it is challenging to build the large training datasets 
essentially required to train and fine-tune state-of-art (SoA) 
Convolution Neural Networks (CNN). In this study, this is 
addressed by proposing a combination of data augmentation, 
data generation using Generative Adversarial Networks 
(GANs), and 2D-3D image reconstruction to enable building 
substantial numbers of additional synthetic data samples using 
existing thermal datasets as the seed data. 

II. Background 

 Deep learning models are generally considered as data-
hungry models [17]. It requires a vast amount of training data 
[8] along with proper optimization and regularization techniques 
to avoid network overfitting and underfitting thus achieving 
robust results [9]. This problem can be overcome by using data 
augmentation [12], smart augmentation [14], and synthetically 
[13] generated datasets. To generate extensive thermal data 
artificially, from existing datasets, different methods can be used 
which includes applying various image transformations to the 
original dataset. These transformations include image rotation, 
random translations, image cropping, image flipping which 
additionally includes horizontal and vertical flipping,  image 
shifting, and padding. This method seems to be dynamic and 
beneficial, not only for the low-data cases but for the imbalance 
datasets, and also for models trained on large datasets such as 
Imagenet [15, 16]. Fully synthetic datasets that are generated 
using computer vision and machine learning tools can be used 
for diversified computer vision applications such as pose 
estimation, optical flow, real-time object detection for 
autonomous driving systems, and text detection [19]. Hu et al. 
[18] produce novel face images by blending parts of different 
donor face images. It was done by compositing real facial 
images thus generating a new set of synthesized data images. In 
one of the recent studies by Adam, et al [19] authors have used 
synthetic data for the face recognition task. They have used a 3D 
morphable facial model for generating images with random 
amounts of facial identities. In another study, the authors 
presented Virtual KITTI [20],  by using synthetically generated 
data to train an end-to-end convolutional neural network for 
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object detection, tracking, and scene segmentation tasks for self-
driving systems. Similarly, Abbasnejad et al. [21] trained a 
convolutional neural network using synthetic data for expression 
analysis tasks. The authors achieved exceptional results in action 
unit classification on real data. Further, GAN networks are 
widely used as an image to image translation models such that 
converting thermal data to synthesized visible data that can be 
effectively used for training deep learning networks. 

III. IMPLEMENTATION METHODOLOGY  

In this section, we have described the proposed methodology 
used in this study. Fig. 1 explains the comprehensive block 
diagram representation for generating large-scale thermal data 
using existing thermal datasets that can be effectively used for 
smart thermal imaging systems. 

 

 

 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Block diagram representation of generating large scale thermal data 
using three different methods. 

 As shown in Fig. 1 the first step includes data collection and 
data acquiring using a thermal camera. In this study, we have 
used three publically available thermal face datasets which 
include tufts [22-24], carl [27-28], and laval facial thermal 
dataset [29]. Tufts dataset [22-24] has been published recently 
with data samples from 6 different image modalities which 
include visible, near-infrared, thermal, computerized sketch, a 
recorded video, and 3D images. Moreover, we have gathered our 
thermal dataset using the LWIR thermal camera which is 
discussed in the next section of this paper. The recorded thermal 

data is processed using the non-uniformity correction (NUC) 
method to adjust the gain and offset for each pixel thus 
producing a more accurate image. Thermal images have a 
relatively low signal-to-noise ratio (SNR) [2]. Keeping this in 
view, sometimes digital image processing techniques are 
utilized to improve the nature of inferior quality pre-recorded 
LWIR thermal data. In the second step, we have proposed three 
different methods for generating thermal synthetic data as 
shown in Fig. 1. The methods employed in this work are various 
data augmentation operations, synthetic fake data generation 
using StyleGAN, and single 2D to 3D thermal image 
reconstruction using PRNet.  

      Finally, in the third step, the effectiveness of generated 
synthetic data has been validated by training state of art Wide 
ResNet CNN for binary gender classification task using both 
original and newly generated synthetic data samples.  

IV. APPLIED METHODS AND EXPERIMENTAL RESULTS FOR 

GENERATING LARGE SCALE THERMAL DATA 

In this section, we have explained various methods used in 
this study along with their experimental results for generating 
new thermal data samples using the tufts [22-24], carl [27-28], 
and laval motion face thermal dataset [29]. 

A. Data Augmentation  

       Supervised learning methods require sufficiently large 
datasets for accurate model training. Image augmentation is 
considered a beneficial technique in increasing the size of the 
training set without acquiring new images. It works by bringing 
supplementary variations in existing data. The generated data 
samples can be used for robust training of deep convolutional 
neural networks thus to avoid overfitting, underfitting and 
better generalize the model for the customized task. There are 
many different types of image augmentation methods that can 
be used in accordance with the type of dataset and respective 
application. Table 1 shows the different types of image 
augmentation operations available and applied in the Keras 
framework for performing thermal image augmentation. 

TABLE I.  DIFFERENT TYPES OF IMAGE AUGMENTATIONS 

Image  Augmentations/ Transformations 

Rotation Perform image rotation by 30-degree angle. 

Flipping  Perform image flipping operations. It includes horizontal 
flipping and verticle flipping. 

Cropping  Perform image cropping at a random location.  

Padding  Performs image padding operation with the provided 
padding value. 

Zooming  Performs image zooming with the specified zoom range 
of 0.15. 

Shifting  Image shift is used to add shift-invariance to the images 

Affine  Perform affine transformation to the image by provided 
parameters keeping center invariant. 

Large scale data generation 
using  thermal datasets 

Data Augumentation 

Synthetic Data Generation  
using StyleGAN 

Synthetic 2D-3D Data Generation using  
PRNet  

Feature Extraction   

Deep learning pipeline for thermel gender classification   

Wide Resnet Training   output
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Fig. 2 shows 9 new training samples generated from a single 
image of a male and female subject from tufts datasets [22-24] 
using Table 1 image transformation methods. 
 

 
 

 

 

 

 

 

Fig. 2. Image augmentation results: (a) male subject image, (b) female subject 
image, (c) newly generated male data samples using six different image 
augmentation methods, and (d) newly generated female data samples using 
image augmentation. 

B. Synthetic Fake Data Genenration using GANs   

Generative Adversarial Networks (GANs) are the types of 
deep neural networks having the capability to generate fake 
data samples from scratch. The networks work by feeding 
random noise as the input and once these networks are trained 
by the selection of proper hyperparameters we can generate 
realistic data samples. The newly generated fake data samples 
in the data-limited situation along with original data can be used 
for optimal training of Convolution Neural Networks (CNN). 
In this study, we have used StyleGAN [33] for generating 
synthesized thermal facial samples. StyleGAN [33] is a state of 
art GAN network introduced by NVIDIA researchers having 
the ability to generate seemingly infinite numbers of high-
resolution data samples. For network training, we have used 
tufts [22-24], carl [27-28], and laval face motion thermal 
datasets [29]. Training data comprises varying facial angles, 
different facial expressions, and subjects with and without 
glasses. Fig. 3 shows some of the input training samples. 

  

 

 

 

 

 

 

 

Fig. 3. GAN training data samples (a) varying facial angles of a male subject, 
(b) four different male subjects with and without glasses, (c)  male subjects with 
different facial expressions (surprise, neutral and happy). 

Fig. 4 shows the training structure along with network 
hyperparameters of StyleGAN architecture. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. StyleGAN training pipeline with a selected set of network 
hyperparameters. 

Fig. 3 and Fig. 4 shows the comprehensive representation of 
input data and network parameters for generating synthesized 
thermal outputs. During the training phase, the network was 
trained for 150,000 epoch with a learning rate of 1e-4. For 
optimal training of the GAN network, the gradient 
accumulative mechanism is configured for six steps.  It works 
by splitting the batch of samples into several mini-batches of 
samples that will run sequentially. The training process is 
completed in 122 hours with a final generative loss of  0.37 and 
discriminator loss of 0.24. Fig. 5 shows the intermediate results 
at different epochs in the form of generated synthetic thermal 
male facial samples. 

 

 

 

Fig. 5. Synthetic fake thermal facial samples generated using StyleGAN. 

Fig. 6 shows some of the generated facial outputs using the 
trained model in the PyTorch deep learning framework. 
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Fig. 6. StyleGAN trained model outputs by generating synthetic thermal face 
samples. 

        It can be observed from Fig. 6 that the GAN network 
generated thermal facial outputs in different variety which 
includes different facial angles, subjects with and without 
glasses, different temperature patterns, and different hairstyles.  
However, results are yet not very robust since facial features are 
blurred as compared to real thermal facial images. This can be 
overcome by increasing the training data and last but not least 
more robust fine-tuning of the GAN networks. 

C. 2D to 3D Synthetic Data Genenration using PRNet 

This section will present another state of art method from 
our published paper at Qomex 2020 conference [31]. This 
method works by generating three-dimensional (3D) synthetic 
facial geometry structures by employing PRNet [32] on a new 
set of 2D thermal facial thermal images that are acquired 
locally. It is an end to end deep learning architecture referred to 
as Position Map Regression Network (PRN). The system is 
trained to reconstruct and produce 3D facial images by using a 
single RGB frontal image of a person [32]. The network works 
by transferring the input image into a position map. In the next 
stage, the encoder-decoder structure is used for learning the 
transfer structure. In this work, we have used the 
aforementioned network for generating 3D facial geometry 
structures by using the frontal thermal facial image. The trained 
network uses Rectified linear Unit (ReLU) activation functions 
and finally outputs an obj file. The obj file is then imported into 
blender software for generating 3D thermal facial images 
covering different facial angles and poses. The same approach 
is validated on our gathered thermal facial dataset. The data is 
acquired using an LWIR uncooled 640x480 thermal camera 
developed under the Heliaus project [5]. The focal length of the 
camera is 7.5 mm and it has F-number of f/1.2. The prototype 
thermal camera is shown in Fig. 7 whereas Fig. 8 shows the 
locally acquired thermal faces of four different subjects in an 
indoor lab environment. 

 
 

 
 
 
 
 

Fig. 7. Prototype thermal VGA camera (a) side view, (b) front view and, (c) 
back view of the camera. 

 
 

 

 

Fig. 8. Thermal image of four different male subjects acquired in an indoor 
lab environment using uncooled thermal cameras. 

Fig. 9 shows the facial depth map along with 3D geometry 
structures of the male subject generated through PRNet and 
extracted through blender software using a single frontal frame 
from Fig. 8. 

 

 

 

 

  

 

Fig. 9. 3D synthetic facial thermal structures outputs (a) male subject image 
acquired in an indoor lab environment, (b) Haar cascade face detector, (c) 
extracted face, (d)  3D facial mesh, (e) 3D depth map generated through PRNet 
and, (f) different face yaw angles extracted through blender software. 

V. PERFORMANCE ANALYSIS OF DEEP LEARNING MODEL ON 

ORIGINAL AND SYNTHETICALLY GENERATED DATASETS 

         In this section, we have analyzed the performance of 
state-of-the-art deep learning architecture for thermal gender 
recognition task using transfer learning. For the proposed study 
we have used Wide ResNet [30] convolution neural network. 
The wide ResNet architecture is a modified version of 
originally designed ResNet architecture having an extended 
number of channels with a total of 68.9 million parameters. 
Complete experimental techniques for the training of Wide  
ResNet 50-2 are shown in Table II. The overall training data is 
divided into a ratio of 80% and 20% for training and validation 
sets respectively. The model is trained in pytorch deep learning 
framework on a server-grade machine equipped with 32 GB of 
Ram and 12 GB TITIAN X graphic card. The model is fine-
tuned via transfer learning by adding a few additional layers 
such that the last FC layer is connected to a linear layer having 
256 outputs. It is further fed into the rectified linear unit (ReLU) 
and dropout layers with the dropout ratio of 0.4 followed by a 
final FC layer, which has binary output corresponding to the 
number of classes in tufts dataset. 

      Fig. 10 shows the training results in the form of accuracy and 
loss graph of all the Table II experiments. It can be observed 
from Fig. 10 that experiment 3 got the highest training and 
validation results as compared to experiment 1 and experiment 
2. By taking a close look, we can analyze that the training and 
validation accuracy of experiment 3 is improved by nearly 4.6% 
and 4.4% with lower loss values as compared to experiment 1. 
Thus, we can establish that original thermal images along with 
processed data, and generated synthetic data, improves the fine-
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Training Loss  = 0.22 
Validation Loss  = 0.33 

Training Accuracy  = 92.01% 

Validation Accuracy  = 89.01% 

Training Loss  = 0.21 

Validation Loss  = 0.30 

Training Accuracy  = 95.89% 

Validation Accuracy  = 89.76% 

Training Loss  = 0.17 
Validation Loss = 0.296 

tuning process of the deep learning model. The performance of 
the best-trained model i.e experiment 3 is cross-validated using 
the carl thermal facial data along with a locally gathered 
dataset. The models achieve an overall accuracy of  83.33% on 
unseen test data. 

TABLE II.  TRAINING EXPERIMENTS 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 10. Wide ResNet training results (a) Table II experiment 1: training 
accuracy of 91.28% and validation accuracy of 85.34%,  (b) Table II 
experiment 2: training accuracy of 92.01% and validation accuracy of 89.01%, 
(c) Table II experiment 3: training accuracy and loss of 95.89 and 0.17 and 
validation accuracy and loss of 89.76% and 0.29. 

VI. CONCLUSION  

       In this study, we have presented various methodologies for 
generating synthetic thermal facial samples. The methods 
employed in this study includes various data transformations, 
which include rotation, flipping, zooming, cropping, padding, 
and affine transformation. Secondly, state of art StyleGan 
architecture is used for generating synthetic fake thermal facial 
samples. The generated face outputs demonstrate different face 
angle variations, different hairstyles, image perspective, and 
with and without glasses. Lastly, we have shown 2D-3D 
synthetic image reconstruction using a deep learning method by 
employing state-of-the-art PRNet. The effectiveness of these 
methods has been evidenced by analyzing improved training 
results of Wide ResNet Convolution Neural Network (CNN) 
architecture for the binary gender recognition task. For future 
work, we can work on other advanced transformation methods 
such as thermal to visible image translation/ neural style 
transfer. This can be performed by training advanced GAN 
architectures which include cycleGAN and pix-to-pix networks 
thus producing synthetic visible data extracting features from 
thermal data. Moreover, the efficacy of these methods can be 
validated on other classification tasks such as thermal facial 
expression analysis.  
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