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Abstract

In sports science, thermal imaging is applied to investigate various questions related to exercise-induced stress response,
muscle fatigue, anomalies, and diseases. Infrared thermography monitors thermal radiation from the skin’s surface over
time. For further analysis, regions of interest are extracted and statistically analyzed. Although computer vision algorithms
have grown in recent years due to data-driven approaches, this is not the case for detailed segmentation in thermal images.
In a supervised manner, machine learning optimizations require a large amount of training data with input and ground truth
output data. Unfortunately, obtaining annotated data are a costly problem that increases with the complexity of the task. For
semantic segmentation, pixel-wise label masks must be created by experts. Few datasets meet the needs of sports scientists
and physicians to perform advanced applications of thermal computer vision during physical activity and generate new
insights in their fields. In this paper, a new method is introduced to transfer segmentation masks from the vision domain to
the thermal domain with a stereo-calibrated time-of-flight camera and high-resolution mid-wave infrared camera. A post-
processing procedure is then utilized to obtain dense pixel masks for the posterior legs during walking and running on a
treadmill. The developed StereoThermoLegs dataset is based on 14 participants and includes 11 subjects for training with
12,826 thermograms and the remaining three individuals for testing with 3433 images. A deep neural network was trained
with the DeepLabv3+ architecture, the AdaBelief optimizer, and Dice loss as a benchmark. After 29 epochs, the test set
achieved an average intersection over union of 0.66. The analysis of the posterior leg region, specifically the left and right
calf, offered the most insights, with values of 0.83 and 0.83, respectively. The first multimodal stereo dataset containing
synchronized visual and thermal images of a runner’s back provides a starting point for data-driven segmentation tasks in
sports science and medicine. Our technique allows for automatic production of customized datasets for deep learning, accel-
erating the implementation of baseline outcomes for newly identified areas of interest in thermal imaging, while bypassing
the requirement for extensive manual annotation. The approach is not exclusive to stereo rig and segmentation tasks utilizing
RGBD and thermal cameras, but can be applied to other imaging tasks and modalities.

Keywords Artificial neural networks - Incremental exercise testing - Semantic segmentation - Thermal imaging

P4 Daniel Andrés Lopez ! Research Group of Computational Geometry, Institute
daniel.andres @uni-mainz.de of Computer Science, Johannes Gutenberg University
. Mainz, Staudinger Weg 9, 55128 Mainz, Germany
Barlo Hillen

b.hillen @uni-mainz.de Department of Sports Medicine, Disease Prevention
and Rehabilitation, Institute of Sports Science, Johannes
Gutenberg University Mainz, Albert-Schweitzer-Strae 22,

55128 Mainz, Germany

OptoPrecision GmbH, Auf der Hohe 15, 28357 Bremen,
Germany

Markus Négele
markus.naegele @optoprecision.de

Perikles Simon 3
simonpe @uni-mainz.de

Elmar Schomer
schoemer@uni-mainz.de

Published online: 18 June 2024 @ Springer


http://orcid.org/0000-0001-9045-7642
http://orcid.org/0000-0002-5090-2286
http://orcid.org/0000-0003-2492-6361
http://orcid.org/0000-0002-7996-4034
http://orcid.org/0000-0002-5652-2591
http://crossmark.crossref.org/dialog/?doi=10.1007/s10973-024-13343-w&domain=pdf

D. Andrés Lopez et al.

Introduction

In sports science and medicine, infrared thermography (IRT)
is applied to assess the surface radiation of human skin.
Applications include inflammation detection [1], symmetry
in muscle activity [2], tumor detection (breast cancer) [3],
internal load assessment [4, 5]. Magalhaes et al. have shown
a huge amount of applications that employ thermal image
data [6], but they focused on generating insights from pro-
cessed thermal data and not on how to process thermograms.
The region of interest (ROI) and information extraction is
still often done manually [7], which limits the amount of
data to a few examples of a large possible data stream. Per-
petuini et al. report that the studies either select the ROIs
manually or do not mention how the ROI is extracted. There
are only a few studies that describe an automated ROI selec-
tion process.

When an IRT study involves automatic ROI selection, a
problem specific algorithm is developed for a particular type
of thermal image, as in [8], or geometric shapes are tracked,
as in [9]. Data-driven algorithms for real shape extraction
of human body parts are rarely discussed in sports science
and medicine related publications (e.g., [10]). Together with
the need for manual work for data labeling and data policies,
no publicly available datasets have yet been published that
meet all the needs of these disciplines, such as thermograms
of resting or exhausted humans, high resolution on specific
body parts, or stereo pairs for visual and thermal fusion.

We present a new dataset StereoThermoLegs containing
image pairs of thermograms and visual data together with
corresponding label masks for both domains for the seg-
mentation of posterior legs in thermograms acquired during
standing, walking and running. The dataset is automatically

generated with data from a known domain, vision images,
and transforming the information to the unknown domain,
thermal radiation. In Fig. 1, examples of the resulting seg-
mentation masks are shown next to the thermograms. The
masks, along with the thermograms, can be employed for
supervised learning in the thermal image domain, with no
need for the visual modality.

Related work

Thermal datasets with humans have already been created
for various applications. He et al. reviewed the algorithmic
application of thermal cameras [11] and discussed deep
learning techniques in this area. Deep learning requires
prepared datasets for optimization, but none of the existing
ones focus on medical applications with exercising humans.
In the work of Hillen et al., they reviewed several necessities
for high quality thermograms [12], which also are not
available in current datasets.

With ThermalFaceDB [13], the authors published a
dataset of thermal facial expressions along with facial
landmarks for face recognition. This includes a variety of
head positions and different people and expressions, but
its application in sports science is limited due to the lack
of images of physically exhausted individuals. Kniaz et al.
showed with ThermalGAN a novel work on color to thermal
image translation to improve person re-identification [14].
Along with the dataset, ThermalWorld was released, which
contains more than 5000 annotated images with 10 classes
of outdoor scenes such as people, cars, or buildings. The
purpose of the dataset is to help people re-identification in
low-light scenes with thermal cameras.

Fig.1 4 Samples of proposed StereoThermoLegs dataset: thermogram and its corresponding segmentation mask with each side from top to
down: clothes, thigh, knee, calf, shoe. Top left and right are resting after the experiment trial, lower left and right are running.
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In their paper [15], Soldan et al. describe a system
to fuse a thermal camera with a time-of-flight (ToF)
camera by registering them in the coordinate system. The
calibration process is key to obtaining a stable system
and has been thoroughly analyzed by the authors. This
includes considerations for building a calibration target
that is visible in each modality: visible light, depth, and
thermal spectrum. They suggest that a heated cardboard
circle-based pattern works best in all three modalities.
Each camera itself must be calibrated, and stereo
calibration requires an image in all three fields of view
simultaneously.

In the work of Richter et al., they present a method for
fusing a ToF camera with a thermal camera to directly assess
regions of interest by finding a skeletal pose in the ToF data
and transforming it to the thermal domain [16]. The skin
temperature is measured along the skeletal region of interest.
The transformation process is performed with a calibrated
stereo system of both systems. The idea of transforming
data from one domain to another must be applied to any
measurement, as it leads directly to the region of interest to
be analyzed. Our approach is based on the same principles,
but we focus on dense mapping instead of skeletal parts,
and we show how to generate a dataset for training a single
camera.

Knyaz and Mashkantsev [17] demonstrated the fusion
of thermal and vision cameras to produce multimodal 3D
reconstructed scenes. They equipped an unmanned aerial
vehicle (UAV) with a stereo rig and captured outdoor
scenes and buildings. Calibration was performed by finding
calibration patterns and known building features such as
straight lines, as well as additional distances measured with
a laser scanner to obtain true dimensions. A structure-from-
motion 3D model was created for each camera, and the 3D
models were fused together.

Bultman et al. proposed in [18] a sensor fusion system
mounted on a UAV including a vision and a thermal camera
together with a LiDAR sensor. In the work, segmentations
from multiple domains are merged to generate a fused
segmentation map and 3D point cloud. Furthermore, the
training of individual segmentation algorithms is improved
by propagating labels from one modality to another (vision
to LiDAR) together with similar existing datasets and
retraining the algorithm.

Hillen et al. described a deep learning method to segment
the posterior legs in the movements of running persons and
analyze the region over a whole exercise [5]. Additionally,
they compared manual and automatic methods of ROI
selection and found that the automatic method was superior,
especially the analysis with several thousands thermograms.
Their method was refined in [4] by separating left and right
and focusing on the most interesting part in the posterior
leg in movement, the calves. Although for both methods,

the training dataset was annotated manually and is limited
in the number of thermograms.

Methods

In this section, we describe how a stereo rig is leveraged
to create a dense annotated segmentation dataset, and we
present a benchmark deep neural network (DNN) training
procedure for future comparisons. The resulting dataset
can be deployed in a single domain to train a deep neural
network to perform on the single modality. The stereo
system is not needed afterward, so the technical setup and
calibration routine can be omitted in inference and is only
required for data generation.

The task for the algorithm is to segment multiple body
parts in the posterior legs of a running individual thermal
images. We apply semantic segmentation to identify ROIs
and also to distinguish between left and right leg. For each
leg, we aim to distinguish between: shoe, lower leg/calf,
knee, upper leg/thigh, clothing, and background.

Dataset generation

We propose a method of label propagation from one image
in visual domain to IRT domain. In visual domain, labels can
be gathered more easily than in thermograms. With a stereo
registration, both domains are coupled and information
can be projected from visual into the thermal image plane.
The visual systems needs an external source of depth in the
same coordinate system (RGBD) for backprojection. The
calibration process is necessary once, before capturing stereo
pairs. For each image pair, we generate the labels in visual
domain, transform them to thermal domain and smooth them
in post-processing steps to obtain a final segmentation mask
for thermograms.

Calibration

The first step is the geometric calibration of both camera
systems to be ready for stereo applications. For this purpose,
we generate point correspondences for the intrinsic and dis-
tortion as well as for the stereo calibration with a calibration
pattern that is visible in all modalities. The RGBD and IRT
cameras have different image sizes. Therefore, each intrin-
sic parameter is calibrated individually and resized to same
size as the RGBD image. Consequently, the stereo registra-
tion [R|t] gt rgep Can be estimated. As a calibration pattern,
we applied a symmetric circle grid pattern made of black
painted aluminum (emissivity 0.98) and a backplate made of
white expanded polystyrene at room temperature. The metal
plate is cooled to 8°C to increase the thermal radiation dif-
ference with the expanded polystyrene and make the circles
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easier to see in the thermal camera. Black and white colors
also allow for easy detection in visual space. An example
pair of corresponding images with the calibration pattern is
shown in Fig. 2. For better detection, the temperature scale
is set to a temperature higher than the metal plate and lower
than the backplate. The depth camera has already been fused
to the vision camera by the manufacturer.

Label generation for vision data

To transform images and labels from the visual spectrum to
the thermal spectrum, we first need to generate labels in the
visual spectrum. Our goal is to generate a dense segmentation
mask for body parts, including the separation of whether a
part is pure skin or wearing clothing. In medical applications,

the temperature distribution is measured for skin parts. To
obtain these labels, we have a naive approach by generating a
mask for the whole body with a DeepLabv3+ trained network
[19] (Fig. 3b: gray mask) and a mask for the skin by applying
a FCNResnet101 [20] (Fig. 3b: white mask). We also need
the skeletal pose of the human, which can be obtained from
Yolo-Pose [21, 22]. The model recognizes up to 17 keypoints
related to skeletal joints and connections between them. For
dense labels, the Watershed algorithm [23] is applied, which
fills similar areas with the same value. As initial markers, the
skeleton vertices are drawn, at the end of each a larger ellipse
is drawn for better boundary detection. Additionally, for the
special class Knee, the joints are introduced as ellipses to sepa-
rate the thigh from the calf (Fig. 3 c: skeleton overlay). Outside
the body part, the segmentation is background. Afterward, the

Fig.3 From left to right: Vision image; body mask: human skin (white), body mask including skin and clothing (gray); vision image together
with detected human skeleton pose; label mask for the vision image based on the skeleton and the body mask.
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Watershed algorithm is applied. This process is repeated once
for the label values of the skin and once for the label values of
the clothing. Both watershed masks are merged into one: for
parts with skin, from the skin watershed mask, otherwise from
the non-skin watershed. Small clothing labels are removed.
Figure 3 shows the main steps: input image, skin and body
masks, skeleton with respect to body and skin mask and the
resulting dense label mask. As the field of view for the vision
data is larger than for the thermal image, and we only require
accurate segmentation from hips to feet, we do not optimize
segmentation in body parts above the hips, as these regions
will not be transformed in the next step.

Image transformation

With the depth data from RGBD images and a calibrated
stereo system, it is possible to transform information from one
image plane to another as generally described in [24]. Rectified
image planes of both cameras have been implemented in
the transformation process as fundamental step for further
developments. Thereby, the rectified images prgpp and
P.r7 are computed with the rectification rotations and the
calibration matrices: R rgpp rep» RirT.IRT: Kirgep a1d KT
Lens distortion is removed as part of this image rectification.
Next, we reconstruct the 3D points from the (homogeneous)
2D point, the camera calibration matrix K and the depth d
with (1).

- 1Y
Preep = KrRlGBD - d\rGBD * [1] (1)
rRGBD

In 3D space we perform a coordinate system change from
rRGBD over RGBD and IRT to rIRT by applying the relative
rotation and translation received from the stereo calibration

[R|tlirrrcED (2)-

—_— e =

[ ] 1]
1 IRT
TRGBD

[ :| 1) [ ] [ ] 1]
O 1 RT,IRT 0 1 IRT,RGBD 0 1 ‘RGBD,RGBD

The transformed points are projected to rIRT image plane by
camera projection (3).

| X
= “Kyrr - |y 3)
ZHRT z
[IRT HRT

The RGBD points are located on the IRT image plane by
inverse rectification of p,py. For each point, the intensity
value must be copied from the vision image and placed at the
new position in the IRT image plane. With ToF technology,
depth acquisition for round surfaces is inaccurate at certain
degrees as reflections won’t registered correctly by the
sensor, which leads to an invalid measurement. Missing
values in the depth map are interpolated to avoid invalid
transformations [25].

The texture to be transformed can be any image with the
same image plane as the vision image plane. Therefore, the
labels generated from the vision domain are transformed.
Figure 4 shows the transformation of the vision data into
the IRT image plane. The superposition of the two images
shows the high accuracy of the transformation.

The projection and transformation processes operate on
real numbers, but RGBD and IRT images are stored with
discrete integer positions. If a transformed point does not
match the fixed positions, the closest value is selected.

Fig.4 Left: thermogram in the IRT image plane; right: grayscale vision data transformed in the IRT image plane.
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Label smoothing in IRT

Due to the transformation process, not all pixels in
transformed labels have a corresponding label, especially
at object boundaries where pixels could not be transformed
due to invalid depth measurements (see Fig. 4 black contours
of legs). Additional distortions, perspective shifts due to
stereo baseline offsets, and the discrete transformation
space lead to an incomplete label image in the IRT domain.
As a result, several steps are taken to fill in all information
gaps in the segmentation map and form an initial image to
apply a Watershed algorithm for a fully dense mask. The
initial markers for the watershed algorithm consider O as an
unknown pixel to be determined.

We process the transformed labels with image operations
together with the original thermogram. Figure 5 shows the
main steps described in the following paragraph. The first
step is to enlarge the knee area of each side by drawing a
horizontal line on the sides of each knee if the transformed
label is not large enough. At this stage, the shoe labels are
shrunk by erosion for the first time.

During the transformation process, some pixels were
misplaced and are now without any connection to other
pixels, to remove them, all connected components smaller
than 40 pixels are removed for the body segmentation mask.
Label pixels should be inside the body segmentation mask.
If not, they will be reset to 0.

In the 8-bit images, the range of the temperature scale
in our thermograms is set to 25 to 35°C. When threshold-
ing this thermogram, it is not always possible to determine
the correct contour because some areas are too similar to
the background (see Fig. 6). Therefore, the original 16-bit
thermogram is normalized to an 8-bit image by setting

L}

(a) Labels in RGBD (b) Transformed

image labels in IRT image
v [

(e) Distance map (f) Distance map

mask mask and extra space

applied

o

(¢) Thermogram

the minimum to 0 and the maximum to 255 and scaling in
between. A threshold of this normalized 16-bit thermogram
with Otsu’s algorithm [26] determines the contour of the
body. All existing labels outside the mask are removed, as
this area is likely to be a background pixel. From the inverse
thresholded image, a distance map is computed to measure
the distance of each likely background pixel to a given fore-
ground pixel. If the distance is greater than 20 pixels, we
assume it is definitely background and set the pixel to that
label, otherwise keep it as unknown.

Our model consists of individual connected components
for each class. We assume that our process will produce at
least one large component that will be kept and others that
will be discarded.

The shoe and clothing labels tend to be underestimated
in the distance map mask because they do not have high
temperatures and are often barely visible in thermograms.
For them, the distance map is calculated around their convex
hull.

To ensure true neighborhood between classes on a body
side, background is removed for each connecting class
in the common rotated rectangle. In addition, there is no
background above clothing because people are only captured
from the waist down. The area above existing clothing
markers is also cleared and a clothing marker line is drawn.

A large area is not well covered by the transformation and
post-processing steps, the inner area between the legs. This
area is not always connected to the outer background area,
and the watershed will not fill it as a background if there is
no initial label. To overcome this problem, we introduce a
way to generate initial background labels there. For each of
the classes shoe, calf, knee, and thigh, we find the center of
the connected component on the left and right side. A virtual

(d) Threshold of nor-
malized thermogram

f w

* u

(h) Applied Water-
shed

(g) Erosion of shoes

Fig.5 Major post-processing steps from label transformation to final dense segmentation mask in IRT image plane.
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Fig.6 Thresholding a thermogram results in an unclosed mask when applied to an exhausted subject. Left: thermogram; right: threshold with

Otsu’s algorithm.

line is drawn between these two centers of the same entity.
If the line crosses two edges of the thermogram (based on
the Canny edge detector [27]), we assume that there is a
background area between them. A line of thickness 1 is
drawn from the intersections with the edges as background.
Additionally, a circle of radius 2 is placed between the shoes
to focus more on the background.

To avoid too large initial markers for the shoes, which
would lead to too large watersheds, large markers (over
5000 pixels) are slightly eroded.

Finally, the Watershed algorithm with the prepared labels
and the thermogram is applied. Morphological closing
eliminates the boundaries estimated by the watershed
algorithm. As a last step, the label contours are smoothed
by a median filter.

Benchmark

A benchmark for training and testing the proposed dataset
ensures that others can compare their results with a baseline.
Therefore, an actual semantic segmentation network
(DeepLabv3+) is trained. Training procedure includes
also randomly applied data augmentation: elastic grid and
artificial optical deformations, small rotations and brightness
changes and coarse dropouts. For training images, it will be
randomly zoomed and resized to 640 x 480 pixels. As target
objects could be possible not inside the region of interest,
the cropping process will take care of including a certain
amount of non-background class pixels.

As a reference metric, we choose the well-known
segmentation metric Intersection over Union (IoU, Jaccard
index). It is defined as the ratio between the intersection of
the prediction and ground truth labels with the union of both
labels. We report an average IoU and also the individual

values to show the strengths and weaknesses of the model
with respect to the different classes.

The batch size is set to 6. Dice [28] is selected as the
loss function because it performs well for segmentation
tasks and is related to the IoU metric. The network weights
are updated by backpropagation and the advanced gradient
descent optimizer AdaBelief [29] with a learning rate of
0.001. The performance of the network is monitored during
training with a validation set. Images are normalized by
subtracting the mean and dividing by the standard deviation
before being fed into the network.

Experimental

The proposed dataset is based on an experiment with
running individuals recorded by a multimodal stereo system.
Each participant had to perform several speed increments on
a treadmill while standing, walking, and running: 0.5 min
of standing, followed by 2 min of 4 and 6 km h~! walking,
8, 10, and 12 km h™! running and finally, a 3 min standing
phase.

Participants

The study includes data of 14 individuals (6 female, 8 male,
age 31.79 +9.3). All participants signed an informed
consent form and agreed to have their data included in the
dataset and in this publication. In addition, a questionnaire
on medical issues and personal abilities ensured the safety of
the trial. Furthermore, RPE was assessed at each stage with
the Borg scale (6-20) [30] to maintain a safe procedure. All
participants, except one, completed all phases as prescribed.
Participant 5 skipped the last running stage, so we added a
2 min walking stage at 4 km h™! at the end. The experiments

@ Springer
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were performed in the Department of Sports Medicine,
Disease Prevention, and Rehabilitation of the Institute of
Sports Science in Mainz, Germany. All procedures were
approved by the Human Ethics Committee Rhineland-
Palatinate (IRB Number: 2021-15713 1) and are conform to
the World Medical Association Code of Ethics (Declaration
of Helsinki). Written informed consent was obtained from
all participants.

Experimental setup

We propose an experimental setup involving a multimodal
stereo imaging system. First, we capture visible light (VIS)
images (1920 x 1080 pixels, 30 fps) and the corresponding
depth map from the integrated time-of-flight (ToF, 30 fps)
camera with a Microsoft Azure Kinect. Both cameras
are registered by the manufacturer, and the depth map is
internally matched to the 2D coordinate system of the VIS
camera and build a RGBD system. Additionally, a thermal
camera (VarioCam HD head, JENOPTIK AG, Jena, GER:
Microbolometer FPA detector with 1024 X 768 IRT-pixels,
spectral range: 7.5-14 pm, 30 fps) was applied to measure
thermal radiation. Both camera housings are rigidly mounted
with the Kinect above the thermal camera. The system is
mounted on a tripod behind an indoor treadmill (Saturn, HP
cosmos, Nussdorf-Traunstein, GER) with a distance of 1.8
m. The assembled setup is shown in Fig. 7 from behind dur-
ing an experiment of this study. To build the stereo system,
we synchronized the image capture process. Therefore, the
Azure Kinect acts as the hardware trigger source and the
thermal camera receives the signal to start its own captur-
ing. Although all camera components reach 30 fps in free
run mode, we needed to reduce the frame rate to 15 fps in
synchronized mode to avoid running out of synchronization.
In addition, the thermal camera periodically recalibrates its
sensor with a Non-Uniformity Correction (NUC), so we
skipped 0.5 s of processing afterward.

Results

The results of the applied methodology are a final dataset
and the training results of the DNN.

Dataset content

We processed 14 assigned trials and selected 10% of the
images for each person to form the dataset. The selection of
images was done randomly, including all phases of standing,
walking, and running. We also split the set into a training set
(11 persons, 12,826 thermograms) and a test set (3 persons,
3433 thermograms). In our benchmark, we additionally

@ Springer

Fig. 7 Experimental setup with stereo camera setup in the foreground
and a runner on a treadmill (left) and the operator of the treadmill
(right) in the background. The upper camera is the Microsoft Azure
Kinect, and the lower camera is the JENOPTIK VarioCam HD head.

split the training set into training (9 persons) and validation
(2 persons). The mean and the standard deviation for image
normalization based on training and validation set is mean
=0.084 and SD = 0.165.

The dataset contains the IRT images with the generated
labels and the corresponding RGBD images (visual domain
and depth values). We also provide the camera calibrations
and the stereo registration.

Benchmark

The benchmark was trained for 34 epochs before early
stopping, with the best validation IoU achieved after the
29th epoch. It achieves an overall mean IoU of 0.66 on the
test set. Table 1 shows the IoU per class and the overall
results. The results are similar from left to right. But there
are big differences depending on the body part. The best
single class IoU, besides the background, are the lower leg
classes. The lower legs are the easiest class to recognize
because they are most visible in the images, being in the
center of the image. However, in later stages, they may
be obscured by the opposite side or by a raised shoe. For
the thighs, there is also an interaction with moving cloth-
ing. These are not the same size for everyone and can be
loose or tight around the body. In the tight case, thermal
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Table 1 The proposed deep neural network’s overall IoU and per
class IoU for the test set

Class ToU left side IoU right side
Mean 0.66 (no side)

Background 0.98 (no side)

Clothes 0.51 0.53

Thigh 0.60 0.54

Knee 0.59 0.61

Calf 0.83 0.83

Shoe 0.64 0.61

radiation can pass through the clothing. The knee is not
detected as well as the legs. In special cases, such as the
raised shoe, it disappears from view. Shoes and clothing
are more difficult to detect, as described in label trans-
formation, they are sometimes indistinguishable from the
background.

The test set includes a person without shorts in the
images, which also needs to be treated, but with the cur-
rent training routine, the network is not able to segment all
parts correctly, as can be seen in the first row of Fig. 8. In
the second row, the participant’s knee will be detected more
precisely. The generated label contains incorrect labels for
overlapping leg parts. The third person’s result also improves
over the ground truth data, as the background class between
the legs is correctly identified.

Discussion

The data presented show that labels in thermal images can
be automatically generated with a stereo system of thermal,
visual, and depth domains by propagating labels from
existing segmentation algorithms to thermal images.

Three different networks are implemented to generate
dense target labels in the vision image: a body segmentation,

Fig.8 Network results compared to ground truth for a sample of each person in the test set. From left to right: thermogram, ground truth, and

prediction.
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a skin segmentation, and a skeleton detection. Instead of
generating segmentation masks by three networks, a
direct approach fits better and reduces inconsistencies like
alignment issues of body and skin mask shown in Fig. 3
(second). The detected edges of the legs are different in the
body mask (gray) and the skin mask (white). But our label
smoothing approach overcomes this alignment problem with
Watershed to find the real edges.

For stereo transformation, the depth image will be
interpolated to ensure that there is always a valid depth value.
But these values can be incorrect and lead to erroneous 3D
point reconstructions. Also, the transformed image is not
fully dense in the IRT image plane due to the different views
of the two cameras. Therefore, post-processing must be
performed to obtain a fully dense segmentation mask. The
steps involve removing artifacts, filling the affected pixels
with a neighboring label, and adjusting them for contour-
based edges.

In the presented dataset, we focus on the movement of the
posterior calves. However, the nature of running is a cyclic
movement of the legs. This will lead to a huge redundancy
in the images with same leg positions and angles. Therefore,
we do not take all of the thermograms from the entire set of
measurements, but rather select a small number to remove
redundancy while still preserving the variations in velocity
and thermal patterns of the vascular system. The post-
processing methods were optimized to deal with the motion
and thermal patterns. This approach can be extended to
generate labels for additional ROIs.

One of the challenges of creating a thermal dataset is
dealing with objects that have low contrast to the back-
ground. The dataset has a temperature scale of 25-35°C
in 8-bit images. Therefore, pixels with temperatures below
25°C get a value of 0 and are indistinguishable from sur-
rounding objects if they are also below 25°C or if back-
ground temperature radiation has similar values as the
object. There are two areas where these effects are most
common: first, the foot sole or other parts that are not
visible or difficult to distinguish from background in the
thermal image, hamper segmentation. Second, the poste-
rior leg surface radiation at later stages (e.g., Figure 6).
As reported in [5], the surface radiation of runners’ legs
decreases over time with increasing load. This results in
leg surface temperatures close to 25°C. Both phenomena
complicate the post-processing after the label transforma-
tion and training with inaccurate labels will lead to incor-
rect predictions. One should further optimize the labels by
executing an advanced post-processing routine with vary-
ing temperature scales of the thermal image. A high com-
putational cost of label generation steps and DNN training
is affordable because it is computed only once and not
with each inference. Another approach is to apply normal-
ized full 12-bit dynamics, as these full-range thermograms
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have better contrast characteristics. The disadvantage of
normalization is the different thermal information distribu-
tion in each subsequent image, which reduces the accuracy
of the evaluated thermal statistics. In addition, with fixed
temperature scales, we obtain comparable image proper-
ties for DNN training.

The benchmark shows the principle of training with
the newly generated dataset. The IoU for each class is
completely different, which can be explained by the classes
themselves. The worst classes are shoes and clothes. We have
already explained the problem of generating good labels for
these classes, which is why they are difficult to train. As the
quality of the label increases, so do the test results, as in
the other parts. Calves are superior. They are often visible,
have no interactions with the clothing, and the connection
with the shoes has a clear border. As mentioned in [5],
it is not necessary to match the shape perfectly, as small
variations do not have a big effect on statistical properties
like mean intensity. Although the connector class knee is
positioned by the skeleton recognition, it is not separated by
intensities from the other leg parts and therefore has a worse
recognition. The thigh recognition is related to the clothing
detection, as these are faulty and lead to either background
or wrong thigh prediction. Improvements to the DNN
training can be made by manually refining the generated
labels, including more training samples, or employing an
active learning approach that refines the labels with the
predictions from a previous training run.

With the benchmark, it will be possible to compare future
work with this dataset. Hence in this work it is not possible
to compare the benchmark result with previous work.
The dataset was completely generated automatically. Our
previous work in [5] rely on manual annotated data. As the
data was captured with different environment settings it is
not comparable directly.

The presented work is optimized for runners running on
a treadmill while their calves are detected (sagittal view).
The pre- and post-processing steps of the label generation
are strongly adapted to the calf detection task. Our label
generation method does not include the depth data from
the RGBD camera. In new scenarios with different ROIs,
it may not be possible to clearly distinguish between sides
based on the visual image. Therefore, depth data can also
be included to improve label generation. This also allows
for non-stationary tasks, such as people walking on a track
instead of a treadmill. The recording mode must be selected
according to the new task, taking into account that the focus
of both cameras, especially the IRT camera, is fixed and
cannot be changed during the experiment, as this would
destroy the extrinsic stereo calibration. The focus range of
the IRT camera is small and does not allow large shifts.
Therefore, the depth shift of the images should be limited
by the depth information of the RGBD camera.
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Conclusions

In this paper, we present a method for automatic label
generation for thermograms of moving humans. The
novel application combines several existing technologies
for images in the visual domain: stereo camera systems,
human skeletal pose estimation, skin detection, and
combines them to generate dense segmentation masks in
a corresponding thermal image. The StereoThermoLegs
dataset improves the automatic image analysis of IRT
applications of humans during exercise. The developed
method including a stereo rig with a common modality
(vision) and our target modality (thermal radiation) helps
to automatically generate a dataset that can support deep
learning. Researchers who employ IRT as an assessment
tool to understand physiological processes have mostly
worked with static and manually labeled scenes and
are now able to analyze activity in thermograms. In
addition, our approach allows for rapid adaptation to new
environments, activities, and ROIs by creating specialized
datasets with less effort than manual labeling. The task is
not limited to semantic segmentation: object detection,
instance segmentation, classification, and other tasks
would also benefit from the presented approach. In the
future, our method can be extended to transform video
tracking information from the visual to the thermal domain
to generate thermal video tracking datasets.
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