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Abstract
Infrared thermography is an emerging technique in biomedical research, potentially providing diagnostic insights into 
psychological stress, physical strain, muscle fatigue, inflammation, tissue damage, and diseases with thermogenic effects. 
However, manual analysis strategies are frequently applied causing incomparable, non-reproducible results and hampering 
standardization. Moreover, widely applied manual analysis cannot recognize blood vessel-related thermal radiation patterns 
during physical exercise. Therefore, an enhanced processing pipeline, “ThermoNet”, has been developed to automatically 
process thermograms captured during running. For acquisition, an automatic temperature calibration technique has been 
introduced to obtain reliable pixel-temperature mapping. The thermograms are semantically segmented in the processing 
pipeline to extract the anatomical regions of interest (ROIs) by a state-of-the-art deep neural network rather than consider-
ing both legs as a single area. A second neural network further examines the ROIs to identify different venous and arterial 
(perforator) patterns. Within the segments, advanced statistical features are computed to provide time series data. Separate 
analysis of venous and perforator vessel patterns is carried out on individual connected components, resulting in the extrac-
tion of 276 features for each thermogram. The enhanced ROI extraction achieved a high accuracy for the left and right calf 
on the manually annotated test set. Each step of the ThermoNet pipeline represents a significant improvement over previous 
analysis methods. Finally, ThermoNet is a transferable pipeline for automatic, reproducible, and objective analysis of ROIs 
in thermal image sequences of moving test individuals.

Keywords  Artificial neural networks · Image processing pipeline · Pattern recognition · Semantic segmentation · Thermal 
imaging

Introduction

Infrared thermography (IRT) for non-invasive measurement 
of human thermal skin radiation ( T

sr
 ) is an emerging tech-

nology in medicine and sports [1–4]. Applications include 
inflammation detection [5], symmetry in muscle activity [6], 

tumor detection [7], and internal load assessment [8, 9]. The 
variety of applications demonstrates the potential of the IRT 
technology. Further investment in automation, reproduc-
ibility and objectivity is essential for wider adoption of the 
technology [1]. Magalhaes et al. have shown a large num-
ber of research studies that incorporate thermal imaging 
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data [2], but in the reviewed work they focused on gener-
ating insights from processed thermal data with machine 
learning algorithms. However, a description of an automated 
feature extraction is often omitted, and the region of interest 
(ROI) extraction performed manually (Perpetuini et al.  [3]), 
which limits the amount of data to a few examples of a large 
possible data stream. As reported in [3], many studies in 
sport science, which apply IRT, either select ROIs manually 
or do not specify the selection. Few studies automate the 
selection of ROIs and analyze during exercise with moving 
individuals. Hillen et al. describe in [4] the need to analyze 
T
sr

 in different areas of the body, and they have shown the 
appearance of blood vessel-related patterns, such as venous 
or perforator structures. As it comes to a greater applica-
tion of IRT in T

sr
 analysis, it is crucial to have an automatic 

approach to process the images to analyze a complete time 
period and extract all the necessary features from different 
ROIs. The variety of methods for obtaining and analyzing 
ROIs among different research groups is huge, which leads 
to non-comparable and non-reproducible results between 
them.

Previously, we proposed and extended a pipeline for the 
analysis of complete data series of thermograms of human 
posterior legs [8, 9]. The purpose of this paper is to extend 
the processing steps to a complete analysis pipeline called 
ThermoNet. Figure 1 outlines the four main steps. First, 
thermogram acquisition is automated by an external tem-
perature calibration method that maps pixel intensities to 
temperature values. The approach involves a two-point 
calibration body, which eliminates the need to manually 
change the camera’s environmental settings. Improvements 
are demonstrated in both ROI detection steps. The introduc-
tion of new ROI definitions allows the algorithm to focus 
on comparable ROIs, which can be further segmented into 
vascular-related patterns that occur at different stages of 

exercise. The final step of extended statistical evaluation of 
each ROI completes the automatic thermogram processing. 
The proposed improvements address the need for compara-
ble thermogram analysis of moving individuals with body 
part related ROIs and no camera dependent calibration over-
head for accurate T

sr
 extraction. Thus, the applied pipeline 

bridges the gap between the ability to acquire large amounts 
of thermograms with cameras and the limited manual analy-
sis strategy of research groups by introducing a scalable, 
automated analysis pipeline.

Related work

Magalhaes et al.  [2] had shown in the meta-review paper 
that there are many groups working on automatic evaluation 
of insights from thermograms. Several medical applications 
have been mentioned, most of which are related to breast 
cancer detection. Therefore, the applications focus on the 
analysis of a few high quality still images and do not con-
sider moving individuals. In sports medicine, however, the 
participants are often moving during the analysis. Although 
in recent work such as [6, 10, 11] still non-moving persons 
are studied. To obtain high quality images, the participant 
must pause and stand still in predefined poses. Even the 
ROIs are not determined fully automatically. Aylwin et 
al.  [12] reported in a study the main problems in evalu-
ating T

sr
 in motion. They emphasized the importance of 

proper ROI selection as well as the differences between 
high-speed and mid-speed cameras. Another review [13] 
summarized the application of machine learning approaches 
in medical imaging. Despite being based mostly on mag-
netic resonance and X-ray images, the description of the 
segmentation parts also includes thermograms as in [5]. 
Other techniques are also summarized, but without the 

Fig. 1   The ThermoNet process-
ing pipeline consists of four 
main steps: Step 1 involves 
image acquisition of a partici-
pant running on a treadmill and 
includes temperature calibra-
tion. Step 2 extracts regions of 
interest (ROIs) in the legs. Step 
3 identifies vascular-related 
structures within the ROIs and 
step 4 extracts thermal features 
for all thermograms in an 
experiment
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ability to identify different body regions at once. Bhow-
mik et al.  [14] proposed a modified region growth method 
for segmentation of inflammatory areas of a knee in thermo-
grams. Magalhaes et al.  [15] demonstrated a deep learning 
approach with a custom-built neural network architecture 
that outperforms other machine learning approaches for 
skin cancer segmentation. With their Diabetic Foot Ther-
mograms Network, Cruz-Vega et al.  [16] proposed another 
specialized deep neural network to segment thermograms 
of humans, in particular the bottom of the feet. In this sce-
nario the person also has to stand still and single images 
are captured. Unger et al.  [17] have developed a Gaussian 
filter based detection method of the thermal skin surface 
pattern belonging to the perforator arteries. However, this 
algorithm is not suitable to distinguish between perforator 
arteries and other blood vessel structures of the leg, such 
as veins, and it is not able to do a full segmentation of 
the analyzed skin surface structure itself. Besides medical 
applications, He et al.  [18] described in their review differ-
ent applications of IRT and how deep learning methods are 
applied to perform either classification, feature extraction 
or semantic segmentation. Although these techniques show 
potential in the medical field, they lack concrete medical 
datasets and a fully automated thermal analysis pipeline.

In Hillen et al.  [9], a deep learning-based thermogram 
processing pipeline for analyzing the moving posterior legs 
of running humans is described. All thermograms of the 
whole exercise, containing several thousand images, are 
evaluated. The automatic approach was superior to a manual 
approach and overcomes the limited number of images ana-
lyzed in the manual method. The processing steps include 
image acquisition, recognition of uncovered legs as ROI, 
identification of blood vessel patterns within the ROI, con-
ducting a statistical analysis of the results. Based on these 
findings, the method was further improved in [8] by intro-
ducing left and right side differentiation of the body extremi-
ties, as well as focusing on the calf instead of the entire leg. 
However, the paper does not explain these improvements 
in detail. Table 1 provides a comparison of the two previ-
ous methods and the enhancements outlined in this paper. 
For both [8, 9] the ROI and blood vessel pattern detection 
is done by two deep neural networks. As described in the 
paper [9] a modified version of Attention U-Net [19] was 
developed for the semantic segmentation for both tasks. The 
work evaluated the validity of the automated pipeline against 
a manual processing pipeline, showing its superior results 
and the need for further improvement.

This work involves deep learning to find the ROIs, either 
of the body parts or of the vascular patterns. The specific 
task, semantic segmentation, plays an increasingly impor-
tant role in computer vision and is being continuously 
improved. Advances in convolutional neural network (CNN) 
training are most evident in the state-of-the-art architecture Ta
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DeepLabv3+  [20]. Beyond CNNs, vision transformers 
(ViT) have also recently emerged as a notable alternative, 
as Thisanke et al.  [21] show in their survey. The ViT-based 
models Segmenter [22] and the recently published founda-
tional segmentation model Segment Anything [23] demon-
strate their potential for segmentation tasks. Although these 
architectures increase the accuracy of predicted segmenta-
tion masks in general, they have limited value in specialized 
medical applications due to the need for large datasets and 
huge computational load for training and its long inference 
time. Segment Anything provides a full image segmentation 
or focuses on specific parts based on input points, making it 
suitable for interactive applications. The segmentation can 
be applied to new tasks because the model was trained on 
a large dataset, but it lacks specific labels for each class. 
Further modifications are needed to incorporate it into auto-
matic semantic segmentation tasks.

Methods

The ThermoNet pipeline qualitatively improves the previ-
ous processing steps in [8, 9] in each part by adding new 
features or modifying existing ones. Table 1 presents the 
major improvements over the previous work. The experi-
ments were performed in the Department of Sports Medi-
cine, Disease Prevention, and Rehabilitation of the Institute 
of Sports Science in Mainz, Germany. All procedures were 
approved by the Human Ethics Committee Rhineland-Palat-
inate and are conform to the World Medical Association 
Code of Ethics (Declaration of Helsinki). The data underly-
ing this analysis were obtained from participants recruited 
in three different studies (IRB numbers: 837.288.16(10607); 
2018–13355 3; 2019–14305; 2021–15713 1). Written 
informed consent was obtained from all participants. The 
work focuses on the reliability and reproducibility of the 
processing system by improving each step individually and 
increasing the overall performance in terms of accuracy and 
interpretability.

The first section describes the temperature calibration, 
which does not rely on the internal camera calibration, but 
develops an external method related to a blackbody off-
set calibration. The goal is to reduce the dependence on a 
camera-specific calibration routine, which is often not fully 
transparent, by implementing a fully controlled and repro-
ducible system. It automatically determines a mapping from 
pixel intensities to temperatures. The second section cov-
ers the dataset definitions and its extensions over previous 
work in terms of new segmentation classes within the legs 
and a side differentiation. The third section discusses body 
part and vessel segmentation along with its expansions in 
deep learning algorithms. Additionally, a customized filter 
algorithm is utilized to ensure consistency checks in body 

part segmentation; for instance, shoes should not be in the 
same area as pants. The last section introduces new statisti-
cal features in thermogram analysis.

Temperature calibration

The images are captured by the IRT camera VarioCam 
HD 800 head from Jenoptik with a microbolometer (1024 
× 768 IR pixels) at 30 fps and a rolling shutter. To take 
advantage of the full frame rate, the manufacturer’s Micro-
Scan image resolution enhancement unit is not utilized. 
With MicroScan, the resolution is increased by combining 
several slightly shifted consecutive frames. For moving 
people, the combination of multiple frames introduces a 
lot of motion blur and is not encouraged in this work. The 
camera captures thermal radiation in the long wave infra-
red spectrum (7.5–14 μm), has a noise equivalent tem-
perature difference (NETD) of 20 mK at 30 °C and has 
an accuracy of ±1 K. Each image is stored with 16-bit 
depth, and a maximum range of -40 to 2000 °C. This work 
focuses on a specific segment of this spectrum to align 
with the reasonable T

sr
 for humans from 25 to 35 °C. To 

convert the captured pixel intensities to T
sr

 , the camera 
manufacturer offers an interface that enables the conver-
sion from pixel intensities to temperature. The parameters 
include, among others, ambient temperature, humidity, 
distance between camera and object, target emissivity, 
and reflectivity. Because the interface is inaccessible after 
the image is captured and the internal calibration is not 
comparable between multiple experiments, images are 
adjusted and calibrated differently to determine repeat-
able relative temperature values. A calibration device 
with two aluminum plates that can be precisely controlled 
and stabilized at a predefined temperature is introduced. 
They are set at the limits of the range, one at 25 °C and 
the other at 35 °C. The plates are colored black to have 
the same emissivity as the skin surface (0.98). They are 
placed next to the participant and are always visible in the 
thermograms. The plates are build as detectable marker to 
be recognized automatically. Within the specified area, a 
rectangle of about 250 pixels is taken to calculate the pixel 
average and correlate it to the known target temperature. 
Both mappings allow us to linearly interpolate all pix-
els in the thermogram to obtain temperatures. Figure 2 
shows the input image along with the calibration result. 
Figure 2c displays the temperature plates in a 16-bit image 
that has been normalized for better visualization. In con-
trast, Fig. 2d shows them in the calibrated image, where 
the lower plate disappears because it should have the same 
intensity value as the lowest possible value of 0, which is 
also the same as the surrounding and colder background. 
The calibration method can handle changes in humid-
ity, ambient temperature, or distance without additional 
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user interaction. Furthermore, this process eliminates the 
impact of measurement shift in long-running IRT cam-
eras between two nonuniformity calibration (NUC) cycles. 
NUC refers to the camera’s internal recalibration.

In addition, thermograms are also captured with another 
camera (VarioCam hr head, Jenoptik with 640 × 480 IR 
pixels at 25 fps, NETD of 50 mK, and ±1.5 K accuracy). 
These images are stored in a predefined temperature range 
(25–35°C) as an 8-bit image. The camera API does not allow 
to specify a file format, images are saved in JPEG format, 
which has a lossy compression method and image details are 
slightly altered. The proposed camera calibration technique 
was not available for this camera.

To train deep neural networks, we annotate the images 
with ground truth segmentation masks (see Sect. 3.2). The 
training of the neural networks does not rely on an accu-
rate temperature calibration, since it is applied for pattern 
recognition in the image itself. The temperature analysis is 

performed within the found ROIs and is not part of the pat-
tern recognition. Therefore, it is not necessary to train the 
algorithms with calibrated images. Furthermore, it could be 
advantageous to include different temperature ranges. Most 
of the manually labeled segmentation masks were created 
without temperature calibration.

Data preparation

To train two artificial neural networks for both tasks, a pre-
determined set of images in the specific domain is manually 
labeled. For body part segmentation (Body Part Network, 
BPN), the following new classes are introduced for each 
side (left and right): shoe (including socks), calf, knee, thigh, 
pants, and other body parts if they are visible, along with a 
common background class. Figure 3 shows the improvement 
in class definitions according to [9]. Although in [8] left 
and right classes are implemented for the calves, a complete 

(a) Captured 16-bit thermogram. (b) Thermogram in 8-bit (0-255)
with calibrated temperature.

(c) Marker
visualization.

(d) Calibrated
marker.

Fig. 2   Original 16-bit thermogram a comapred to calibrated 8-bit 
thermogram b in target range. c visualizes the reference temperature 
plates without calibration. The upper marker has a temperature of 

35 °C and the lower marker a temperature of 25 °C. d shows the ref-
erence plates with applied temperature calibration with upper marker 
as brightest pixel intensity (255), and lower with 0 intensity

(a) Thermogram. (b) Classes according to [9]. (c) New classes within the leg.

Fig. 3   Class definitions for separate body parts within the posterior leg
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class definition was not mentioned. Each label also contains 
a single class assignment for each pixel to perceive a dense 
pixelwise segmentation mask. The hand-annotated BPN 
dataset consists of 472 training, 164 validation and 160 test 
samples. The second task, vessel segmentation (Vessel Net-
work, VN), is only applied to the skin parts of the body. 
Therefore, to simplify the task, only these regions are exam-
ined in the second model, while all other regions are masked 
with 0. Four segmentation classes are defined: background, 
non-vessel parts, vein-associated patterns, and perforator-
associated patterns. The VN dataset is a subset of the BPN 
dataset, which includes 374 thermograms for training, 75 for 
validation and 94 for testing.

Image normalization is a standard technique to ensure a 
more stable training process. However, two different normal-
ization parameters are necessary. The BPN works with the 
mean and standard deviation (SD) of the complete acquired 
and calibrated thermograms. Mean and SD are estimated 
from about 1 million thermograms to ensure a large variety. 
The mean is 0.1498 and the SD is 0.2309. Since the input to 
the VN is a masked version of the original image, the nor-
malization parameters have also to be recomputed. During 
development, the mean and SD are estimated from a rough 
segmentation of the legs using a threshold and a morpholog-
ical closure approach. However, this simplified segmentation 
includes some parts of the treadmill and clothing. Therefore, 
future improvements of the pipeline must include the appli-
cation of the BPN model to estimate the masks for the mean 
and SD calculation. The necessary normalization parameters 
are determined from the resulting masked images, yielding 
mean = 0.1237 and SD = 0.2354.

Body part and blood vessel segmentation

DeepLabv3+ is applied as current segmentation network 
architecture for the BPN. The model is initialized with 
masses from a pretrained model based on the ImageNet [24] 
data to perceive an initial model with good visual feature 
detectors. The training procedure includes also randomly 
applied data augmentation: elastic grid and artificial opti-
cal deformations, small rotations and brightness changes, 
and coarse dropouts. Additionally, images will be randomly 
zoomed and then resized to 640 × 480 pixels. As target 
objects could possibly not be inside the ROI, the cropping 
process will take care of including a certain amount of non-
background class pixels.

As a reference metric, the commonly applied segmenta-
tion metric Intersection over Union (IoU), also known as the 
Jaccard index, is employed. It is defined as the ratio between 
the intersection of the prediction and ground truth labels 

with the union of both labels. The average IoU and also the 
individual values to show the strengths and weaknesses of 
the model with respect to the different classes are reported.

Dice  [25] is chosen as the loss function because it 
performs well for segmentation tasks, and it is related to 
the IoU metric. The network masses are updated by the 
advanced gradient descent optimizer AdaBelief [26] with 
a learning rate of 0.001. The model is trained with a batch 
size of 4. The network performance is monitored during 
training with a validation set and evaluated against a test 
set of 160 images. The results with the new classes reach 
an overall IoU of 0.68, the left calf 0.84 and the right side 
0.87 (see Table 2).

During running, participants let their legs fall back until 
they actively move them forward and take a new step. The 
camera setup is designed to see the straight line of the pro-
cess. However, the participants do not perform the move-
ments perfectly in line, some have small variations. This 
is at most the case when the legs overlap and some parts 
are covered by the other leg or shoe. For each body ROI, 
the entire area should be considered for feature extraction. 
However, if parts are occluded, they will not be compa-
rable as they may miss blood vessel structures, which are 
not evenly distributed in the legs. Therefore, these ROIs in 
the image are excluded from additional processing by the 
following approach during post-processing. The BPN is a 
simple segmentation task and does not consider any spe-
cial requirements. The post-processing algorithm is briefly 
described in Algorithm 1. Based on the predicted seg-
mentation mask and the algorithm analyzes the classes for 
each side for special rules, e.g., the size of a calf must be 
greater than 10,000 pixels to be valid. If the conditions are 
not met, the part is removed from further processing. As 
a result, a filtered prediction mask with a single instance 
for the left and right calf will be returned.

Table 2   IoU of the BPN network on the test set with 160 test images 
for each class and overall

Class IoU left side IoU right side

Mean 0.68 (no side)
Background 0.97 (no side)
Clothes 0.50 0.43
Thigh 0.67 0.73
Knee 0.55 0.61
Calf 0.84 0.87
Shoe 0.61 0.67
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Algorithm 1   Filter predicted BPN-mask with predefined rules.

After post-processing, the calf mask is passed to the VN. 
With this technique, some images do not have a calf class 
due to the high angle of the legs resulting in a small calf 
area, overlap, or misclassification. Therefore, these images 
are not included in the statistical analysis.

The VN follows the same strategies as the BPN, but has 
an adopted Attention U-Net architecture. As an additional 
simplification of the problem during training, the input 
images are masked by the ground truth data of the body 
parts. Only skin classes remain in their values, while cloth-
ing, shoes, and background are set to zero. This also corre-
sponds to the background class of the vessel labels. It should 
also help the network to focus on the necessary features. 
As above, a random cropping approach is employed to get 
smaller parts for training, which could lead to cropping into 
a pure background area. To avoid this, a small area must be 
non-background.

Thermogram analysis

With both segmentation masks, the thermogram is analyzed 
to obtain the radiation properties in different ROIs. The 
task focuses on the left and right calf. These two classes are 
the most comparable classes for the analysis of this work 
because they are usually not affected by different trousers 
lengths. Furthermore, the calves do not touch each other 
and a clear segmentation is more reliable than for the thighs. 
Within the two ROIs, VN detects the non-vascular areas, 
the veins and the perforator. These three sub-ROIs are ana-
lyzed together with the full ROI. This paper presents a small 

subset of the extracted features and leaves the full investiga-
tion to future studies, as the selection of the most insightful 
indicators depends on the task and the ROI. The values are 
calculated based on the pixel intensities and then converted 
to a temperature value with the calibration values obtained 
in Sect. 3.1. The extracted features include number of pixels, 
mean, SD, median, lowest pixel intensities (min), highest 
pixel intensities (max), mean and median of the 10% low-
est pixel intensities (min10), mean and median of the 10% 
highest pixel intensities (max10), ����� − ����� (diff10 
for mean and median), entropy, skewness and kurtosis 
(Fisher and Pearson).

Additional details are provided for the vein and perforator 
classes. Both classes have many smaller instances that are 
isolated and not connected to other instances. These con-
nected components are analyzed individually with the spa-
ghetti labeling algorithm [27]. The analysis is performed on 
all components and on a filtered subset. Filtering is achieved 
by excluding all components that have a size less than 8 pix-
els. Features for the connected component analysis include 
all of the statistics listed above, the number of connected 
components, the average and median area of each compo-
nent, and the range of component sizes.

Different numbers of features are calculated for the differ-
ent ROIs. For a calf, 22 features are extracted for the lower 
leg and 20 features for the non-vessel area. The vein and 
perforator ROIs each have the base features (20) plus four 
for the connected components. The filtered connected com-
ponents also add 24 features. Therefore, the final number 
of features per class is 48. The total number of features is 
138 for one side and 276 for both sides. Figure 4 shows two 
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sample thermograms from different time points in a meas-
urement of a single person. One focuses on high amount of 
venous patterns, and the other on the perforators. The first 
image is captured during movement, and the leg is not fully 
extended, resulting in a smaller detected area compared to 
the other thermogram, where the person is standing still. 
Table 3 displays a portion of the statistics for the ROIs of 
a sample image Fig. 4a: the left calf Fig. 4b and its veins 
Fig. 4c.

Figure 5 shows sample plots for a time series. The experi-
ment was performed by an individual walking and running 
several stages of increasing speed for three minutes each. 
After each stage, a short pause was introduced for the test 
protocol. At the end, a slow recovery speed of 4 km h−1 
was set for three minutes. The curves are smoothed with 

a Savitzky-Golay-filter for better visualization. These time 
series help to examine the differences between left and right 
(a,b). The first shows the average temperature over time for 
each side. The peaks represent the breaks. The curves are 
slightly different, but comparable. The second plot com-
pares the ROI sizes for both sides. Leg sizes are larger in 
the stance phase than in the movement phase. The third plot 
(c) shows the entropy and kurtosis over time for the left 
calf. And the last plot (d) visualizes the mean size of the 
connected components of the left calf perforators. There are 
long areas without data in the motion phases, where small 
and fewer perforators are difficult to detect. However, the 
average size of the perforators increases, making them more 
visible and easier for the algorithm to detect.

Discussion

The pipeline consists mainly of four steps to exploit the 
full potential: automatic temperature calibration, body part 
segmentation, blood vessel segmentation, and thermogram 
statistics and time series generation. The previous process-
ing pipeline has already been applied to several studies [8, 
9] and is improved in this paper.

As a first step, an automatic temperature calibration pro-
cedure with a two-plate calibration object next to the par-
ticipant is proposed. To the best of our knowledge, this is 
a novel technique to calibrate the temperature mapping for 
each image, including adaptation to changing ambient tem-
perature and humidity. Compared to the previous approach, 
which relied on the camera’s internal mapping, the tem-
perature scale of thermograms is now interchangeable with 

(a) Thermo-
gram with
veins.

(b) Calf seg-
mentation.

(c) Vein seg-
mentation.

(d) Thermo-
gram with
perforators.

(e) Calf seg-
mentation.

(f)
Perforator
segmenta-
tion.

Fig. 4   Two examples of vein and perforator patterns. The images are cropped to show only the left calf

Table 3   Example statistics for the left calf and left veins in Fig. 4a–c

Feature Left calf Left veins

Number of pixels 12,903 1637
Mean/°C 29.387 30.742
Standard deviation/°C 1.025 0.859
Median/°C 29.275 30.725
Entropy 13.608 10.661
Skewness −0.534 0.469
Kurtosis-pearson 7.346 3.792
min10-mean/°C 27.551 29.37
max10-mean/°C 31.279 32.444
diff10-mean/°C 3.728 3.074
Number of connected components – 7
Mean-area of connected components – 233.857
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respect to the two reference points. This allows us to decide 
the best range during the analysis time instead of the meas-
urement time. The main drawback of this approach is the 
lack of proven reliability. For comparison, it is necessary 
to evaluate the standard blackbody calibration procedure 
against the proposed technique, as recommended in [12, 
28]. Blackbody calibration involves a single blackbody with 
a reference temperature. The calibration includes the sys-
temic shift correction by applying the difference between 
the measured and expected temperature. Otherwise, the new 
approach includes the shift correction along with a linear 
interpolation between the two reference points. For each 
image, a new calibration is calculated from the temperature 
plates. Only a small area within these plates is averaged as a 
reference for pixel intensities. Also image denoising would 
lead to more stable results over time, but is not considered 
in this work.

With BPN, an extended method is implemented to extract 
body-related ROIs of a moving person. As stated in [12], 
it is highly necessary to have a fixed ROI definition that 
does not change over time. The calves are less likely to be 
covered by other parts or clothing than the thighs, so further 
work will only evaluate the calves. In addition, Aylwin et 
al.  [12] discussed the role of thermograms of moving per-
sons and non-moving persons. The camera employed in this 
work captures long-wave infrared (LWIR) with an uncooled 
microbolometer, which requires about 10 ms to integrate 
the sensor data for each pixel row (the camera has a rolling 
shutter). The authors of [12] compare these types of cameras 
with a high-speed mid-wave infrared camera. As expected, 
the increase in speed affects the sharpness of the images. 
The resulting motion blur with the LWIR camera, together 
with rolling shutter effects, also affects the ROI detection of 
both the BPN and the VN. Since the deep neural networks 
are trained with 472 annotated training images and 164 vali-
dation images, including many images of people standing 

still and fewer moving, the dataset needs to be increased to 
include more moving situations. The same applies to the test 
set of 160 images. According to Aylwin et al. the mid-speed 
camera can measure comparable results as a high-speed one, 
but with less accuracy of the temperature. The cyclic move-
ment of the leg ensures that there are repeatedly measure-
ments with lower speed of the leg (relative to the camera) 
which can be captured with more precision. Figure 6 shows 
a sample step and how the ROI changes within a step. The 
effect of motion blur can be seen in the later images, while 
the first images remain sharp.

The results of the deep neural networks are measured by 
the IoU. The most important results are the IoUs for the 
evaluated classes, the calves. Calves have the best cover-
age in the data because they are always shown and visible. 
Thighs can be covered by pants that vary in length and tight-
ness. The tighter the pants, the more thermal radiation will 
pass through from the underlying thigh, resulting in a less 
clear separation from the uncovered thigh. The shoe classes 
are not always fully visible in the image because they may 
have a lower T

sr
 than the temperature scale. Therefore, they 

cannot be recognized well. This is also true for manual anno-
tation, it is up to the annotator to decide where to mark the 
complete shoe if it is not visible. However, it is necessary 
to improve the prediction of all classes for a better gener-
alization of the models. Better results in other classes can 
be leveraged to focus on ROIs other than calves directly. To 
improve the segmentation results, a hyperparameter search 
including a decision on different network architectures has 
to be performed. The current approach focuses on proof of 
principle, but not on DNN optimization. In this part of the 
research, recently published technologies such as the Seg-
ment Anything Model [23] or the Segmenter Model [22] 
should be considered, although these models will increase 
the inference time. In the image pipeline shown here, the 
images are processed individually, without any knowledge of 
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Fig. 5   Four plots showing different extracted features for calves for an entire experiment
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the previous or subsequent images. To improve the consist-
ency of the results, it should be investigated how to extend 
the analysis to several consecutive images. In this area, a 
recent paper on tracking multiple moving objects in a video 
shows promising results [29].

Step 2, the body part segmentation also includes a refine-
ment step. It is an algorithm with consistency checks from 
the world, such as a calf must have a minimum size, must not 
overlap with other calves, or should not have large deforma-
tion artifacts. The processing pipeline assumes that there is a 
single, well-defined ROI for each calf. During the execution 
of this approach, calves are often removed and no data can 
be generated. One reason for this is often the intersection 
of the calves. A calf should not be occluded by other parts 
and cannot be included if it is. However, the segmentation 
of the calf in front of the other one cannot be found exactly 
and the ROI is no longer well-defined. Therefore, it is also 
removed. Checking these rules is done after the first neural 
network and may reduce the inference speed of the whole 
pipeline. Another approach to enforce the rules would be 
to integrate them into the training process and optimize the 
network to ensure the single instance criteria according to 
its relationships with the other classes to further improve 
the IoU metric.

As a final step, thermogram analysis provides statistical 
insight into each ROI. This allows a deep analysis of the 
changing properties of each ROI during the exercise. Many 
features are introduced with each ROI based on the analysis 
strategy, but the feature set has not been systematically eval-
uated for the most insightful features. Within the vessel pat-
tern ROIs, a connected component analysis detects structural 
properties of individual components. These features can be 
helpful in analyzing the pattern itself without the need for 
reliable temperature mapping. How the body adapts to its 
vascular system by analyzing the distribution behavior over 
time is an underexplored area of research. The calculated 
features can be plotted as a time series to compare them over 
time. However, the signals are not completely stable and 
fluctuate. One reason is the previously mentioned inconsist-
ent ROI detection. If the ROIs differ in their area, they may 
include or exclude some significant parts, which may affect 
the features. Therefore, a refinement step is applied after 
BPN to reduce inconsistent ROIs. A second possibility is the 
cyclic motion effect. The size and angle of the ROIs change 
periodically over time due to the walking motion. The ana-
lyzed legs move cyclically and the extracted features reflect 
the cycles. An analysis strategy must be aware of and deal 
with the recurring movement, either by including elements 
only when a certain property is met, such as the size of the 

Fig. 6   The first row shows the left calf of 8 consecutive thermograms of a single step within 230 ms, and the second row the corresponding auto-
matically detected ROI
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ROI being above a threshold. Alternatively, the time series 
can be smoothed with a low-pass filter to reduce the effect 
of noise. The time series itself can be merged with other sen-
sors such as a heart rate monitor, a breath analyzer, as well as 
environmental data, e.g., ambient temperature and humidity, 
treadmill incline, elapsed time, speed, and received personal 
extinction (RPE). It is necessary to pay attention to the cor-
rect merging of these data because they do not have the same 
frequency, precision, and reliability as the thermograms.

Conclusions

ThermoNet enables sophisticated automatic processing of 
thermograms acquired from humans during physical exer-
cise. The analytical approach includes end-to-end process-
ing from image acquisition to statistical feature extraction. 
In this way, non-invasive IRT can be established more effi-
ciently in medical and sports science use cases. In our work, 
all essential processing steps of the ThermoNet pipeline have 
been improved. The first step, image acquisition with auto-
matic calibration, allows automatic image pixel-temperature 
mapping without requiring environmental settings acquisi-
tion. Hence, thermograms are directly fed into subsequent 
steps. In steps 2 and 3, BPN and VN detect the thermal 
patterns within more specific ROIs now. Thereby, the BPN 
outcome is refined by a rule-based system. Subsequently, 
ThermoNet achieves higher accuracy and consistent meas-
urements in consecutive images, and exclude occluded or 
misclassified ROIs from further processing. In step 4 con-
nected component analysis has been added and therefore 
allows a precise analysis of the ROIs concerning specific 
thermal pattern variation over time (appearance and size). 
Finally, all of these four steps build the essential foundation 
for automatic and objective thermogram time series analysis.

In future, we intend to implement classification algo-
rithms to identify physiological features within the pro-
cessed time series to support decision-making in medical 
and sports science applications of IRT.
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