N
N

N

HAL

open science

An Automated Semantic Segmentation Methodology for
Infrared Thermography Analysis of the Human Hand

Melchior Arnal, Cyprien Bourrilhon, Vincent Beauchamps, Fabien Sauvet, Hassan

Zahouani, Coralie Thieulin

» To cite this version:

Melchior Arnal, Cyprien Bourrilhon, Vincent Beauchamps, Fabien Sauvet, Hassan Zahouani, et al.. An Auto-
mated Semantic Segmentation Methodology for Infrared Thermography Analysis of the Human Hand. Jour-

nal of sensor and actuator networks, 2024, 13 (6), pp.86. {10.3390/jsan13060086). <hal-04937514)

HAL Id: hal-04937514
https://hal.science/hal-04937514v1

Submitted on 10 Feb 2025

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documents may come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaire HAL, est des-
tinée au dépot et a la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
francais ou étrangers, des laboratoires publics ou
privés.

Distributed under a Creative Commons CC BY 4.0 - Attribution - International License


https://hal.science/hal-04937514v1
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

Journal of
Sensor and

Actuator Networks

Article

An Automated Semantic Segmentation Methodology for Infrared
Thermography Analysis of the Human Hand

Melchior Arnal 12%*, Cyprien Bourrilhon 3, Vincent Beauchamps %

and Coralie Thieulin -

check for
updates

Citation: Arnal, M.; Bourrilhon, C.;
Beauchamps, V.; Sauvet, F.; Zahouani,
H.; Thieulin, C. An Automated
Semantic Segmentation Methodology
for Infrared Thermography Analysis
of the Human Hand. J. Sens. Actuator
Netw. 2024, 13, 86. https://
doi.org/10.3390/jsan13060086

Academic Editor: Lei Shu

Received: 2 October 2024
Revised: 22 November 2024
Accepted: 25 November 2024
Published: 16 December 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

5 6

, Fabien Sauvet 3500, Hassan Zahouani

1 LyRIDS, ECE Paris, 10 Rue Sextius Michel, 75015 Paris, France

2 RACER1927,1ruedela Forge, 13300 Salon-de-Provence, France

Institut de Recherche Biomédicale des Armées, 1 Place Général Valérie André,

91223 Brétigny sur Orge, France; cbourrilhon@gmail.com (C.B.); vincent.beauchamps.pro@gmail.com (V.B.);

fabien.sauvet@gmail.com (E.S.)

4 UMR LBEPS, Université Evry Paris-Saclay, 28 Bd Francois Mitterand, 91000 Evry-Courcouronnes, France

5 URP 7330 VIFASOM, Université Paris Cité, Hotel Dieu, Parvis Notre Dame, 74004 Paris, France

6 Laboratoire de Tribologie et Dynamique des Systémes, Ecole Centrale de Lyon, UMR-CNRS 5513, 69134 Lyon,
France; hassan.zahouani@ec-lyon.fr (H.Z.); cthieulin@ece.fr (C.T.)

*  Correspondence: melchior.arnal@edu.ece.fr

Abstract: Infrared thermography is a non-invasive measurement method that can accurately describe
immediate temperature changes of an object. In the case of continuous in vivo hand measurements,
extracting correct thermal data requires a first step of image segmentation to identify regions of
interest. This step can be difficult due to parasitic hand movements. It is therefore necessary to
regularly readjust the segmented areas throughout the recording. This process is time-consuming
and presents a particular obstacle to studying a large number of areas of the hand and long duration
sequences. In this work, we propose an automated segmentation methodology that can automatically
detect these regions on the hand. This method differs from previous literature because it uses
a secondary visual camera and a combination of computer vision and machine learning feature
identification. The obtained segmentation models were compared to models segmented by two
human operators via Dice and Intersection-over-Union coefficients. The results obtained are very
positive: we were able to decompose the images acquired via IRT with our developed algorithms,
regardless of the temperature variation, and this with processing times of less than a second. Thus,
this technology can be used to study the long-term thermal kinetics of the human hand by automatic
feature detection, even in situations where the hand temperature experiences a significant variation.

Keywords: infrared thermography; automated segmentation; real-time; hand segmentation

1. Introduction

Infrared Thermography (IRT) is a non-invasive method of temperature measurement.
It permits the remote study of thermal changes without the need for embedded or attached
sensors [1,2]. This method is suitable to the study of the hand’s and feet’s temperatures [3]
and has been used for clinical diagnoses of conditions such as Raynaud’s syndrome or
rheumatoid arthritis, both of which cause changes in the hand’s temperature by altering
blood flow. Compared to sensor-based approaches, IRT yields a raw array of temperature
values that requires pre-treatment to be effectively utilized, through which the relevant
areas of the image are segmented and analyzed. The segmentation step is completed
by isolating parts of the thermographic image with shapes known as regions of interest
(also referred to as “Rols”). The layout of these Rol needs to stay consistent throughout;
therefore, these regions have to be readjusted between frames. This segmentation is
completed manually, imposing a time constraint on the number of thermographic images
that can be analyzed. Studies that have utilized IRT for long-term analysis often employ
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fixed-sized Rol [4-6], on-skin landmarks [7,8], or lock the area in place [4,9] to address
this issue. In the context of environmental testing however, especially when stressors
such as intense cold are studied, there is a need for adequate correction of any unwanted
motion. This paper aims at helping correct these issues by introducing a new segmentation
method to process long IRT sequences (20 min) for the study of the hand’s response to
cold exposure.

The preliminary segmentation step sets a limit on the ability to process thermographic
video sequences. When recording long sequences, parasitic movement may happen and
cause subtle changes in pose between subjects. The proper positioning of these regions of
interest is necessary in ensuring the reliability of the thermal measurement, as including ar-
eas outside of the studied object would skew the results and return incorrect measurements.
In the case of neighboring regions in highly heterogeneous areas, positional inconsistency
may lower the specificity of each measurement, giving false assessments of temperatures.

Segmentation of a thermal image is comprised of three steps: the extraction of the
relevant object from the ambient noise and background information, the decomposition
of the object in a series of regions of interest, and the correction of positional errors. The
single-channel of thermographic data means that areas with similar temperature values
can be extremely hard to differentiate between, as the objects need to have a sufficiently
distinct temperature. Non-linear and equalized distributions of colors are another option to
accentuate and enhance these fine but consistent difference [10,11]. The difference between
the object and the background can be improved by heating or cooling it to provide a
sufficient contrast. This can be achieved with a cold surface such as a vat of water [4,12]
or a heated surface [13]. The radiation these surfaces emit may interfere with the object or
any climate-controlled ambience they may rest in, and excessive difference in background
and object temperature may lead to inaccuracy [14]. When studying rewarming or cooling
kinetics, the surjective nature of the initial and final temperature evolution across a given
period of time can lead to issues in identifying the hand from the background. As the tem-
perature of the studied body reaches values closer to the background’s, such as rewarming
from near-zero temperature to normothermal ones, areas close to the background will be
mistaken with them [15]. IR acquisition may also suffer from inaccurate readings when the
image’s temperature spans a wide range, especially since the background temperatures
would represent a substantial mode in the value distribution of the frame. Additionally,
assumptions regarding the temperature of each area may no longer be suitable when study-
ing rewarming or cooling kinetics. Figure 1 highlights these issues with the rewarming
kinetic of a hand that has been exposed to cold.

Ideal Case Real Case

Total thermal differenciation L Heterogeneous thermal distribution Shift in local temperatures )
Needs a sufficient thermal gradient * [A] Can use assumptions (warm palm/cold tips)

Lowered contrasts (visual monitoring) * [B] Fails when thermal shifts break these assumptions

Parasitic heating / lowered accuracy * [C] Background may fall between these landmark temperatures

Figure 1. Image illustrating the issues limiting the identification of areas within thermal images, in
terms of both object extraction and fine-region segmentation.

Decomposition of the object after extracting it from the background relies on visual
cues, which may be amplified by choosing the right palettes and color distribution to
increase the contrast along anatomic references. This process is time-consuming, preventing
the analysis of large batches of thermographic images, such as videos, long-period changes,
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or requiring less exhaustive segmentation patterns. While fixing the object in place is an
option for certain applications, this solution may not be adequate for the study of limbs
or full bodies due to parasitic motion. Closed enclosures and braces may also disturb
the thermal behavior of these systems through conduction. Therefore, automated image
segmentation, which can identify these regions continuously without needing to lock the
hand in place, would be useful for the study of the hand’s thermal behavior.

As such, it is necessary to account for parasitic motion of the hand, and therefore to
perform this aforementioned segmentation step either synchronously (for each image of the
thermal video feed or of the batch of frames that need to be analyzed) or asynchronously
(by checking if the movement or offset between frames is sufficient to need another seg-
mentation of the image). Although repeated segmentation readjustment may be completed
manually, this step can also be automated to facilitate the processing of large video files or
image batches.

Automated methods of image segmentation have been proposed in the literature, though
all rely on thermal data alone to identify these separate regions. These automated methods
can be described to identify their shortcomings, as well as the reasons for these limitations.

We can compare and contrast these approaches in regard to (1) how the relevant object
data has been extracted from the image, and (2) how the regions were isolated. In the
following section pertaining to work related to our research, we present existing studies
covering the entire hand and attempting to segment it into marked regions.

Related Work

The first category of works pertaining to the automated segmentation of thermographic
images uses classical image processing techniques to identify relevant areas of the hand,
using the thermal images themselves as the base for this segmentation. Several examples
have been presented in the literature. Common to all these techniques is the use of the
thermal data as the source of positional information, either as the raw temperature values
or as the false-color render obtained after mapping to a color palette with a set distribution
need to have a sufficiently distinct temperature for hand reaching the same temperature.

Kargel et al. [16] utilized a binary masking technique with a temperature-contrasted
background to extract the hand. The hand itself was extracted according to cross-correlation
with a set reference image. The regions were then isolated by dividing the hand into a
warm component (the palm) and a cold component (the fingers) and put in front of a highly
emissive background, assumed as isothermal. A dilation operation was used to identify
the center of the hand. The fingers themselves could be separated as the complement of
this central region of interest according to the position of each fingertip relative to the
vertical axis.

This analysis proposal acknowledged the isothermy between sections of the fingers
and the background. Using the distribution of temperatures and setting cutoff thresholds
on both sides of the peak mode, which corresponds to the quasi-isotherm represented
by the background, proved sufficient in separating the palm and fingertips from the
background. The fingertips could be further separated by assuming their temperature as
lower than the base of the digits, though this may not be sufficient in baseline situations.
The use of a set threshold and the assumption that the average value of these regions
would remain sufficiently different to ensure their true separation put a limit on the ability
to resolve complex thermoregulation behavior. The distribution of temperatures of the
hand may not be concentric along the fingers, but instead follow more complex arterial
patterns [17]. Heterogeneities induced by blood flow in tissue could normalize these
temperatures, leading to uneven Rol sizes. If the offset is reached, the algorithm will not be
able to differentiate between the core of the hand and its digits. This method nonetheless
presents the use of distinct thermal ranges for the identification of each region, as well as
the limitation stemming from their use.

Zhang et al. [18] utilized a modified version of the Otsu algorithm [19], which com-
putes the segmentation thresholds automatically. The modifications involve the use an
array of cells to determine specific thresholds for each region. A temperature-controlled



J. Sens. Actuator Netw. 2024, 13, 86

40f17

plate was used to provide an isothermal background to help separate the hand. Otsu’s
method [19] was described for adaptive outlining of the hand in literature [20] and is
highly suitable considering the heterogeneous distribution of temperatures within the
hand. The extraction of each region was completed with an erosion-dilation morphology
operation, which identified the distal and palmar aspects, but limit the segmentation to
only these regions of the hand. These steps also depend on an external factor to accurately
identify these regions, which is the radius of the fingertips. Comparing the coordinates
of each fingertip’s center allows for the precise identification of each digit. Patterns that
only target the palm and distal regions are common in manual segmentation Rol lay-
outs [4,21]; however, adapting this algorithm to identify regions within the palm or along
specific phalanges would require additional positional parameters. It should be noted
that this method was tested in a situation where the hands were fully distinct from the
background, which may not be the case when studying rewarming or vasodilative patterns.
Nevertheless, the modification of Otsu’s algorithm with an array of smaller cells would
provide more effective separation and solve the issues presented in the first method [16].
This method utilizes the morphological differences between the palm and fingertips to
identify these regions from a background-isolated thermal image. Pauk et al. [17] utilized
a graph-building algorithm to construct a model of the hand as a series of axes running
along the length of the digits, similar to the aforementioned erosion-dilation operation. The
use of a whole-image histogram binarization method led to segmentation artifacts due to
parts of the hands being colder than the background.

Knish and Rabin [22] included convex-hull detection methods to highlight each fin-
ger’s most distal point and the angles between them, highlighting the length of each finger
and providing further positional data. This methodology allows for the more accurate
identification of the phalanges, though still requiring a distinct background temperature.
The convex-hull segmentation method used by Knish and Rabin has been utilized for hand-
gesture recognition with non-thermal cameras [23], and provides adequate separation of
the palmar and digital aspects of the hand in the context of thermal imaging alone [24].

All of these automated methods are vulnerable to the surjective nature of the initial
and final temperature evolution across a given period of time. As the temperature of
the studied body reaches values closer to the background, such as rewarming or cooling
patterns, areas close to the background will be confounded with them.

Having outlined these previous automatic segmentation proposals, we have concluded
that the use of thermal data alone is not sufficient for the identification of the hand’s features.
This is especially true in the context of cold exposure, in which the hand’s thermal layout may
be highly variable. The use of a visual reference would also provide more flexibility in regard
to segmentation layouts. Additionally, traditional segmentation techniques may not effec-
tively distinguish between phalangeal regions, as the use of visual landmarks on the hand
would be a way to improve the reliability and consistency of these segmentation patterns.

The second category of automated segmentation works utilize an external visual
reference, provided by a secondary sensor mounted parallel to the main thermal camera.
This method of segmentation is more robust to temperature changes, though differences
remain in regard to the image processing techniques used for the identification of each
region of interest.

This dual-sensor method has been described in literature by Smieschek et al. [25],
in which a pair of thermal and visual cameras were used to identify distinct features in
thermal images. The used layout provides a complete segmentation of the fingers in three
phalanges using convex-hull segmentation, though intradigital segmentation is performed
by simple division of the fingers themselves. Variability in phalangeal length [26] could
lead to false segmentation results. Different poses were also not described in this article,
and the experimental setup required separate visual and thermal cameras that could lead
to desync issues when analyzing recorded sequences. The difference in phalangeal lengths
is more problematic, especially in regard to consistency of measurement and shape of each
region of interest.
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In order to account for these morphological differences, and to more effectively identify
the hand and its features, machine learning-based segmentation may be used, as described
in a paper by Wang et al. [27] expanding upon the work completed by Smieschek et al. [20].

Instead of classical computer-vision steps, a deep-learning neural network was em-
ployed in this method, trained according to a set segmentation layout.

Therefore using visual references would be more dounded, effective separation and
solve the issues presented in is a best*cDeep-learning is effective in its ability to identify
specific areas, though at the cost of training time, the ground truth that this study utilized
was also segmented manually, and the application of IRT for temperature measurement
wasn’t the focus of this particular work e focused and clearer waye viewer for these
comments and improvement proposals, as they helped us rewrite the manuscript in a m.
This latter point is important, as the regions of interest used to segment each area of the
hand should be selected to limit curvature or incidence and remain consistent in size and
shape throughout the entire sequence [28-31].

Table 1 provides a summary of each of these aforementioned techniques, highlighting
the goal that motivated their design, as well as the intrinsic limitations they present. Some
of these techniques, for instance, are intended for the diagnosis of certain conditions,
therefore focusing on specific aspects such as the arterial patterns of the hand or the general
flow patterns across the digits. Another issue stems from the reliance on prior thermal
differentiation of the background and hand, or on colorized thermal image renders to
identify the hand and its inner regions. The use of non-normalized regions of interest, and
the lack of consideration for edge effects, may also lead to incertitude in the measurement
of the temperature. Finally, the segmentation patterns presented in these works may not be
suitable for the thorough analysis of the hand’s thermal behavior, as they only focus on the
distal aspects, or do not differentiate between each digit in a reliable manner. Nevertheless,
the study of these prior works is useful in determining which analysis method should
be employed.

Table 1. Comparison of each related work cited in this introduction, in regard to their hand and
feature extraction methods, as well as their limitations.

. Positional . . . . .
Article Data Source Object Extraction Region Segmentation Purpose Limits
[16] Thermal Data ~ Cross-Correlation Dual Thresholding Fingertip/Palm Assumes'
temperature homogeneity
Balanced . . Requires controlled
. . Diagnosis
[17] Thermal Data Histogram Depth-First Search o background
; (Arthritis) . -
Thresholding Diagnosis-Focused
, . . Requires controlled
[18] Thermal Data Otsu’s . Erosion/Dilation Fingertip/Palm background Assumes
Thresholding temperature .
homogeneity
. . Assumes homogeneity.
[22,24] Thermal Data Color Pa.I ette Convex-Hull Blor'n'etrl'c Unsuitable for thermal
Extraction Identification o
monitoring
. . Inconsistent Region Size
[30] Thermal Data Color Pa'l ette k-Means Clustering D1agn9§1s Unsuitable for thermal
Extraction (Arthritis) .
monitoring
Local-Adaptive . Diagnosis Requires controlled
(2] Thermal Data Thresholding Hough/Morphological (Peripheral Vasc) background
Color Palette Temperature Requires controlled
(28] Thermal Data Extraction Hough Transform Monitoring background
. Otsu’s Temperature
[25] Visual Data Thresholding Convex-Hull Monitoring Prone to edge effects
. . . Hygiene Unsuitable for thermal
[20] Visual Data Deep-Learning Deep-Learning monitoring monitoring (edge effects)
. Histogram Landmark-based Temperature Requires colored
Our Research  Visual Data Extraction Machine Learning Monitoring background/lighting
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Our research utilized visual data for the identification of each region, a machine
learning framework for the detection of fine landmarks, and classical image segmentation
techniques to isolate the hand from a set background. The regions of interest we have
acquired are defined as polygonal zones located on each phalange as well as the volar and
metacarpal aspects of the hand. The prevalence of these zones is not linked to arterial blood
flow or any other specific warm or cold phenomena; as such, they may be resolved even in
baseline or low-difference situations. Our methodology is also focused on the study of fine
thermal behavior of the phalanges at both the proximal, median, and distal areas, and is
designed to focus only on the planar regions of these phalanges by clearing away from the
edges of the digits.

The lack of standardization in regard to thermal layouts is a limit to the cross-analysis
of studies involving IRT, especially in regard to highly variable regions such as the hands
and digits [32]. A common aspect of all these thermal segmentation proposals is their
delimitation of the palm of the hand and its digits, motivated by their thermal properties as
well as their morphological differences. Therefore, we have aimed for the finer analysis of
the hand’s digits, from their metacarpal region to their tips, utilizing anatomical reference
points. Focusing on the digits, which are slimmer and more prone to parasitic movement,
solves the issue of measure repeatability in the context of long video captures. Another
aspect common to these studies is a specificity for the distal region of the fingers, with some
studies [3,33] measuring only the distal portions of the fingers. In order to provide a more
thorough segmentation of the hand, we decided to extend this phalangeal identification to
the median and proximal segments of each digit. Doing so would allow for the study of
vasoconstrictive effects and an estimate of cutaneous vascular conductance changes within
the digit [34,35].

2. Materials and Methods

Our proposed segmentation methodology used the secondary visual sensor of a
thermal camera, Aachen, Germany, similar to the setup presented by Smieschek et al. [25]
but with more favorable optical parameters. The use of a second visual sensor to provide
segmentation data for non-visual range data has been described in the literature [20,27].
Our proposed solution was, however, focused on IRT analysis of the hand, using polygonal
Rols for gradient analysis and clearing away from the non-planar edges of the digits.

A dedicated experimental setup was used for the joint capture of both thermal and
visual images. A thermal camera (FLIR A700-EST, FLIR AB Systems) was mounted on an
adjustable downward-facing camera mount. The EST variant allows for the dual streaming
of both frames. The camera was equipped with a narrow-angle optic (24°, £/.0), giving
the infrared imager the same optical characteristics as its visible-range camera. Both
thermal and visual frames were acquired with a computed connected to the camera via a
Gigabit-Ethernet cable, providing power to the camera via PoE.

The hands were unsupported above the styloid process and were held at a 150 mm
distance above a blue background. Thermal emissivity was taken as 0.98 [14]. The hands
were kept in a thermally controlled box and illuminated by two white LEDs (2W) located
above the observation window. Care was taken to keep the thermal camera at a consistent
distance (d = 0.60 m) from the observed hand. The two LEDs were situated beneath a
thermally insulating cover and had sufficiently sized heat dissipaters to prevent the camera
from being negatively affected by the local heat spot of their die. The illumination angle
had a normal incidence to the hand, ensuring that all features were evenly lit, further
preventing the disruption of the hand’s thermoregulation.

The color of the background was tested utilizing a series of printed sheets and com-
paring the histogram curves, in order to find the most favorable color. A matte black
background was tested (Canson, Black, 160 g/m?), though concerns about it heating up
from the illumination of both LEDs motivated the use of a dark-blue background. The
shade of background was chosen as a compromise between attenuation of shadows and
sufficient contrast between the hand and background.
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A custom camera driver was written with the C# library FLIR Atlas to simultaneously
acquire thermal images as well as visual frames. This program had to be written as no
solution that could both record and stream visual data was available. Singular image
acquisition automatically embeds the visual component in the outputted file’s metadata.
Sequence acquisition periodically captures the visual image upon reception of a new
thermal frame, appending the timestamp of the received infrared frame to an indexing file
that keeps track of the index of the visual frame.

While this choice is less efficient that outputting the visual frames to a dedicated video
codec, the immediate correspondence between the thermal video’s timeline and the index
of each frame increases its resilience to signal losses. Uniformity calibration also leads to
frame drops in the thermal feed but not its video feed, which could lead to desync issues.
Saving each frame individually is less efficient as the file management does not append the
image pixel data to a specific stream, instead writing an entire file, including its metadata
and header. This additional work leads to an average recovery rate of 70% for the visual
feed, dropping to 50% for a USB link. These figures are sufficient for live tracking, as the
base framerate of both visual and thermal sensors is a consistent 30 frames per second.
Thus, the loss in frames still provides enough visual data to keep track of parasitic motion,
drift, and positional readjustment.

The frame loss is also consistent across the video feed, as the GigE Vision protocol
employed by this camera for the video streaming is not negatively affected by motion. In
the case of fast movements, the effect of thermal feed motion blur may be detrimental
to any accurate readings. This timestamping methodology allows for the assessment of
the thermal value of the nearest still frame. The distance between the visual and thermal
sensors was considered to be narrow enough that stereoscopic compensation would only
entail shifting the visual image a few pixels laterally. The visual and thermal sensors were
equipped with optics that provided similar angular fields of vision.

Only the visual component was utilized for the segmentation. Stereoscopic effects,
caused by the offset between both visual and infrared imagers, were identified using an
edge-detection method and coincidence. The visual image was then offset to be aligned
with the thermographic image. In the case of mismatched optics, the image was readjusted
through homothetic reduction followed by cropping.

Analysis of the images was completed utilizing a C# program for the processing of
thermographic images, their synchronization to each visual frame, and the extraction of
thermal values from the Rol pattern. This C# program is based on the FLIR ATLAS SDK,
which can read IRT sequences (in the proprietary csq format), access embedded metadata
in IRT frames (which contains the visual image), and perform the cropping and homothetic
readjustment tasks. A Python script was then used to extract the Rols automatically
from each visual image and send them back to the C# IRT analysis program. The IRT
analysis program can then obtain the temperature metric for each Rol. The following
section describes the tasks performed for the segmentation of the hand.

The tasks performed by the segmentation of the acquired frames, and summarized
on Figure 2, rests upon two separate resources, a robust anatomical landmark detection
machine learning tool, and the isolation of the hand’s contour for surface analysis. The use
of deep-learning neural networks for image segmentation in the medical field is an effective
method of semantic Rol assignation [36]; however, this combined method is proposed
thanks to its flexibility and as a proof of concept. Prior art has highlighted the use of
neural networks to segment images as an improvement from classical image processing
tasks [37,38], though these utilized static images for which careful tracking was not an issue.
Automated segmentation of IRT sequences has been tried with classical examples, with
minimal references to this combined approach. One such approach has been described
by Wang et al. [35], utilizing this combined convex-hull/landmark detection method to
segment the hand. Our approach differs in its use of visual references and its specificity to
the hand’s phalanges, providing consistent region size regardless of their temperature and
a more exhaustive description of the behavior of each digit. Instead of assuming that the
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segmented regions will be thermally different at all times, our approach can segment them
regardless of temperature and without the need of a specific background temperature. The
use of a landmark detection task also provides identification of each phalange according to
visual references instead of relying on morphological transforms. Individual detections are
shown in Supplementary Datas.

Firstly, images were acquired by putting the object in front of a monochrome back-
ground. A dark-blue background was chosen, its darker hue helping limit the contrast
between projected shadows and the background color. The first step of the analysis was
an edge-detection method (Figure 2II), performed with a Gaussian blur operation then
by converting the image to its HSV values, as the high-saturation background can then
be extracted from the hand independently of the subjects” phototype. Determination of
the hue was completed by capturing the distribution of the frame before insertion, then
performing modal analysis to find the most prevalent tints. The maximum and minimum
were then used as threshold values to extract the hand from the rest of the frame. Canny’s
edge detection operator was selected as it provides optimal edge detection and can be easily
adapted to situations where the background may not be perfectly even in color or tone.

Secondly, a hand landmark recognition framework was used to provide positional
references for the extraction of the hand’s phalanges and palm. The tool used for digit detec-
tion was a hand-tracking task embedded within the Google Mediapipe framework [39,40].
This task provided a constellation of points that correspond to the joints of the fingers,
the metarcarpus, and the thenar eminence of the hand. Mediapipe has been used in other
contexts that require careful tracking [41] and has been validated via mediapipe -mapping
with homoethetic images [20,42].

~ () J

S

J \ ( l ) ‘ J

Figure 2. Summarized decomposition of the segmentation process: (I) Simultaneous IR/ Visible
image capture, (ITI) Background removal and feature detection, (III) Region segmentation.

These latter examples are important as they combine the punctual constellation ob-
tained via the Hand task with a secondary sensor. Mediapipe is also under the Apache
license, facilitating its modification and enhancement. The anatomic segmentation pat-
tern it outputs also presents a high similarity to previously used Rol layouts in infrared
thermography of the hand, which focus on the phalanges of the fingers [43—-45].

This task, referred in the literature as GMH (Google Mediapipe Hands), detects the
junction between each knuckle as well as the tips, carpal, thenar, and hypothenar regions,
as discrete points in the image. After retrieving these landmarks, the points were then
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expanded to isolate the area of each phalange within the image, using an edge-detection
method to extract the hand’s contours from the extracted binary mask.

The vertices of each phalange polygon were acquired by detecting the nearest point
to the GMH location on the edge (Figure 3a), and then performing a central symmetry
operation to detect the opposite edge (Figure 3b). Proximity analysis on this symmetric
point was then completed to ensure that each vertex lays on the hand and not outside
of it (Figure 3c). A slight homothetic reduction operation was performed, shrinking it to
90% of its size, to clear away from the curved edge of the fingers [46,47] (Figure 3d). A
verification step was also completed on the second nearest point detection, in the event
that the returned point detects the starting edge as its closest edge. This ensured that the
polygon is open and encompasses the phalange.

(c) (d)

Figure 3. Steps for the construction of phalangeal Rol. (a) detection the nearest point to the GMH
location on the edge. (b) central symmetry to detect the opposite edge, (c) proximity analysis and
(d) slight homothetic reduction.

Proximal areas were detected according to the metacarpal landmarks performing a
projection operation along the metacarpal-proximal segment with a slight reductive factor
applied to obtain the middle of the base of the digit. The nearest point and its symmetrical
point were then calculated, and the middle point of the digit was used to complete the
proximal region of interest (Figure 4a).

Due to the curve of the edge of distal phalanges, a projection operation was performed
to isolate and identify them (Figure 4b). Utilizing the a fore mentioned method would
yield irregularly shaped regions of interest, highly trapezoidal instead of rectangular with
a variable base-to-base ratio (Figure 4c). Therefore, the offsets between the median and
distal joints along the x and y axes were computed and applied to the points along the
contour (Figure 4d).

In the case of fingertip identification, the distal region of interest can be used to
calculate the radius of the finger, providing the center and radius of the Rol. This radius
may then be used for subsequent frames. Processing time may be further saved by storing
the positional data of the MediaPipe-derived constellation and comparing it between
frames [42]. Sufficient deviations should then trigger the redefinition of the Rol pattern,
improving the time efficiency of the segmentation algorithms. Once the hand is segmented,
the extracted coordinates of each Rol can be passed to an IRT program as a formatted file
or parsed by an IRT SDK (such as FLIR Atlas SDK in this application).

Testing the performance of the segmentation algorithm was completed by comparing
its outputted segmentation patterns to those identified by human operators. This gave us a
ground-truth baseline as well as an external reference. Our image dataset was obtained
from a local cold-exposure experimental session during which 24 participants were asked
to put their hands in a climate-controlled exposure equipped with an observation window
and monitored via a thermal camera (as described previously). Each session lasted for a
duration of 20 min at most, and each participant did this test four times. This provided a
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baseline of 86 different sequences, due to some participants being removed from the study
due to medical and scheduling concerns.
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(c) (d)

Figure 4. Steps for the construction of distal Rol. The length of the median phalange is used to
determine the outline of the fingertip, as the curvature could lead to non-parallel sides as the tip
would be narrower than the base Steps are: (a) proximal areas detection, (b) projection operation,
(c) trapezoidal symmetry to detect the opposite edge, and (d) contour determination.

From this batch, a series of hand images (n = 24) of various morphologies and pho-
totypes were acquired, with each volunteer putting their hand underneath the described
setup. Our system is designed for IRT and therefore the images have to comply with exper-
imental requirements to ensure accurate measurements [1,48]. Two operators, one familiar
with the segmentation of the hand (referred to as Trained, and considered as the ground
truth), and one unfamiliar (referred to as Untrained), were tasked with the segmentation
of the image corpus. They were asked to segment the same starter images with the pro-
posed segmentation pattern, using highly saturated polygons (blue and red at zero, green
channel at its fullest), which were then extracted as a binary mask. This gave two datasets
of ground truth. Manual segmentation was performed on the visual images, providing
optimal conditions for the operators as the recognition of their landmarks was not hindered
by thermal ambiguity or loss of detail.

Accuracy and precision tests were performed using the OpenCV image processing
library, using the two references (Trained, Untrained) and the automated segmentation
layout. The entire Rol constellations were compared first, then the proximal, median, and
distal phalanges were analyzed separately. A preliminary bounding step was performed
on the hand and digits, isolating the digits for the per-phalange analyses. Doing so reduced
the number of pixels that needed to be compared, also increasing the specificity of these
tests. A second, smaller bounding box was then applied to the fingers themselves when
comparing the phalanges specifically, further reducing the size of the area and increasing
the significance of the coefficients. Within these bounding boxes, two comparison tests were
performed to check the reliability of the Automated segmentation method: The Serensen—
Dice coefficient, and the Intersection-over-Union (IoU) [49]. The Dice coefficient was used
to assess how much the regions obtained by each segmentation pattern matched their
position on the hand by measuring the overlap. The IoU provided a stricter assessment
by relating this overlap with size discrepancies or offsets between regions. A third metric,
referred to as the Pixel Ratio, or number of selected points divided by the number of
background pixels, was used to determine how strict each segmentation pattern was in
regard to their size.

Statistical analysis of the segmentation coefficients was performed using Jamovi
(Version 2.5.5.0) to extract the descriptive statistics of each comparison pair as well as
detecting any significant effect and difference between the groups. A Levene test was
used to verify the homogeneity of variances and select the appropriate ANOVA, using a
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Welch ANOVA for cases with these inhomogeneous distributions and a Fisher ANOVA
otherwise. Further identification of these differences was completed with a post hoc test
(Games-Howell for inhomogeneous pairings, Tukey for homogeneous pairs).

The one-way ANOVA was used to verify if the differences in segmentation metrics
were significant enough at each specific location; this would detect whether or not these
differences were also found between trained and untrained operators. Post hoc tests
then allowed us to check which group was an outlier or if each were different from
each other. The separation between each phalange group was kept, and it was deemed
required because of the difference in segmentation tasks between the distal, median, and
proximal regions. The significance level of each p-value range was highlighted in the tables
(p <0.01: *, p <0.005: **, p < 0.001: ***).

3. Results

We used the Serensen—Dice coefficients [49] to determine the similarity of the auto-
mated segmentation output with the two patterns proposed by both operators. These were
calculated between these segmentation layouts using a Python script. Table 2 highlights
coefficients for all regions.

Table 2. Dice similarity scores for both the entire Rol layout and each range of phalange (Proxi-
mal/Median/Distal), higher scores indicate more similar patterns.

Region Trained-Automated Untrained-Automated Trained-Untrained
Full 0.965 + 0.013 0.971 £ 0.005 0.968 & 0.014
Proximal 0.843 £ 0.02 0.82 £ 0.022 0.971 £ 0.01
Median 0.972 £ 0.01 0.970 £ 0.005 0.977 £ 0.005
Distal 0.974 £ 0.01 0.966 £+ 0.01 0.971 £ 0.007

High Dice similarity coefficients were consistently reported between the two human
operators, as well as with the automatic segmentation proposal. A more specific description
of these segmentation patterns can be achieved by using a one-way ANOVA between
each pair to check which pairing is more statistically different. The full pattern, median,
and distal score pairs followed a homogeneous distribution according to Levene’s score
(p=0.128, p =0.86, p = 0.686 respectively) whereas the proximal score pairs had lower
p-values indicating a difference in distribution (p = 0.007).

The ANOVA scores highlighted a statically significant heterogeneity in the groups
for the median regions (p < 0.01) but not for the distal scores (p = 0.066) or the entire
layout (p = 0.102). A statistically significant difference was also seen on the proximal pairs
(p = 0.01). Considering these differences, we further characterized these differences through
a post hoc test, whose results are presented in Table 3 for each pair.

Table 3. Mean differences and p-values for each comparison of similarities, highlighting whether or
not these differences in segmentation Rols are significant.
Region Base-Comparison Untrained-Automated Trained-Untrained
Proximal Trained-Automated —0.007 (p = 0.038) * —0.01 (p = 0.05) **
roxima Untrained-Automated —0.003 (p = 0.359)
Medi Trained-Automated 0.002 (p = 0.387) —0.005 (p=0.008) **
edian Untrained-Automated —0.008 (p< 0.001) ***

*Is p <0.05, ** p < 0.01 and *** p < 0.001.

Post hoc pairwise comparisons highlighted differences in the way each region was
segmented. The highest statistically significant differences were found in the median
phalanges, followed by the proximal phalanges. Further characterization can be achieved



J. Sens. Actuator Netw. 2024, 13, 86

12 of 17

by analyzing the size of each region relative to the bounding box, as larger selected regions
may indicate a less-strict segmentation.

Considering this, pixel counts within these regions were compared by calculating
the ratio between the number of pixels comprising the Rol, and those comprising the
background. Higher ratios indicate that the segmentation outputted larger regions. Table 4
presents these values according to the specific areas of the Rol.

Table 4. Pixel ratios (selected pixels/pixels of the bounding box) for each segmentation proposal and
region. Higher scores indicate that the segmented patterns encompassed larger zones, whereas lower
scores indicate a stricter segmentation.

Region Trained Untrained Automated

Distal 0.074 £ 0.012 0.09 £0.01 0.065 4= 0.01
Median 0.097 & 0.0145 0.1 £ 0.014 0.092 £ 0.012
Proximal 0.12 £0.02 0.11 £ 0.019 0.097 & 0.015
Full 0.16 = 0.03 0.16 = 0.03 0.13 £ 0.02

The automated layout presents a slightly lower ratio in the proximal and distal regions,
highlighting a tendency to output smaller Rols, or a more conservative estimate of the size
of features.

Identifying the cause of these variations in background rejection ratios can be com-
pleted by assessing the Intersection-Over-Union Index, which is specific to the segmented
pixels of the automated layout. The Intersection-Over-Union Index provides more insight
on the slight variations and heterogeneities, emphasizing the overlapping and extra pixels
a particular segmentation layout may have. Table 5 presents the IoU scores for each region,
as well as the spread of these values.

Table 5. Intersection-Over-Union Index for every segmentation comparison and region. Higher
scores indicate that the patterns had minimal mismatch.
Region Trained-Automated Untrained-Automated Trained-Untrained
Full 0.61 4= 0.055 0.66 + 0.03 0.67 = 0.06
Proximal 0.65 £ 0.07 0.69 = 0.03 0.74 £ 0.05
Median 0.73 £ 0.05 0.71 &= 0.04 0.78 &= 0.05
Distal 0.69 +0.05 0.64 +0.05 0.69 + 0.05

The IoU score stayed consistently above the 0.5 limit but highlighted some irregulari-
ties and issues. The same aforementioned one-way ANOVA and post hoc test process was
performed, highlighting differences across all regions and highly heterogeneous scores for
the distal phalanges. Table 6 presents these differences between pairings.

Table 6. Mean differences and p-values for each comparison of IoU scores, showing the lines for
which the one-way ANOVA returned a significant result.
Region Base-Comparison Untrained-Automated Trained-Untrained
Proximal Trained-Automated —0.0419 (p = 0.023) * —0.09 (p < 0.001) ***
roxima Untrained-Automated —0.048 (p = 0.008) **
Medi Trained-Automated 0.012 (p = 0.653) —0.0587 (p < 0.001) ***
ecian Untrained-Automated —0.0706 (p < 0.001) ***
Distal Trained-Automated 0.047 (p = 0.004) **
15t Untrained-Automated —0.0466 (p = 0.004) **

*Is p < 0.05,** p < 0.01 and *** p < 0.001.
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The Intersection-Over-Union scores were the highest for the trained-untrained segmen-
tation pattern pairs, indicating high similarities between these patterns. Lower similarity
scores were found with the automated segmentation pattern, though still above the 0.5 limit.
High statistical significance was found in the differences between all patterns in the proxi-
mal phalanges, and in the median phalanges with the automated layout.

4. Discussions

The presented methodology does not use the thermal data of the IRT frames for their
segmentation, unlike prior works. This provides immunity to temperature changes within
the hand, which could prevent the separation of the hand from the background. The use of
a color-coded background rather than thermal thresholds allows this separation regardless
of temperature changes. Using visual references instead of thermal references also allows
for the segmentation of the digits into their phalanges at every temperature level. Prior
works that have attempted to automatically segment the digits either focused only on the
fingertips or had undefined zones at the base of the digits, with fixed Rol radii [18] or
the assumption that the fingertips would always be colder than the base of the hand [16].
Works that have used visual sensors for segmentation used only a binary mask to separate
the hand and then relied on morphological transforms to isolate each region [25]. Our
present method instead uses on-hand landmarks to extract each region, regardless of pose.
The movement of each landmark may also be used to quantify the amount of motion
between frames and therefore whenever Rol readjustment is needed.

Compared to methods that utilize classical segmentation approaches [16,18], our
method is immune to thermal changes of the hand, utilizes actual landmarks to separate
each region without anatomical or thermal assumptions to identify them, and can limit the
influence of edge effects that can negatively affect the accuracy of measurement.

The review of the segmentation performance metrics was favorable, with the Dice
similarity coefficient pointing toward a high equivalence between both operators and the
automated segmentation program. The scores were slightly lower between the automated
segmentation patterns and both trained /untrained operators at the proximal and median
phalanges. This difference is also noticeable in the Intersection-Over-Union tests, though
the similarity scores between the trained operator and automated segmentation patterns
were higher than between the untrained operator and automated segmentation. This
difference is especially present in the proximal and distal regions.

The segmented pixel to background ratio was higher for the trained /untrained opera-
tors than the segmentation layout outputted by our tool. This effect may be caused by the
homothetic reduction step as well as the propensity to over-estimate phalange length by
utilizing the folds of the phalangeal joints as the distance reference. Similar effects were not
found to be significant in the median regions. Slightly smaller regions of interest may not
be problematic in the context of spatial averaging of thermal values, provided they are still
large enough to account for optical effects and sensor non-uniformity [50]. When checking
the IoU index, dissimilarities between segmentation patterns were more pronounced at the
proximal areas, which are caused by the difficulty to adequately identify the metacarpal
limit and base of the fingers. This problem way be solved by using the aforementioned
morphological reduction-then-dilation operation [18] to isolate the palm and therefore
accurately define that palmar-proximal limit. In this context, the combination of classi-
cal computer-vision techniques with machine learning feature identification provides an
effective segmentation solution.

This methodology utilizes less hardware but is limited by the need for a visually
distinct background. Extraction of these subdivided regions of interest was one of the goals
of this segmentation layout, but semantic segmentation methods based on deep-learning
are more agile in terms of possible layouts. Processing times may also be assessed when
compared to DL-based segmentation, as the number of pre-treatment operations could
lead to a considerable overhead. Considering this, we aim to switch to a full deep-learning
approach by using the data acquired from this run and the segmentation patterns we have
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obtained from this methodology. Increasing the training set will be completed by altering
the base images through rotation [37,38] and by using the monochrome background as a
chromakey to provide alternate background conditions [51].

Limitations are the small size of different samples (n = 24) and the use of a dedicated
colored background. Infrared Thermography does require a uniform background to ensure
the accuracy of measurements [14], making this issue less problematic. Sufficient lighting is
necessary to prevent shading effects from affecting the background separation, as described
by Smieschek et al. [25]. We used LED lighting, providing minimal parasitic infrared
radiation that would otherwise decrease the accuracy of the read temperatures. The frames
came from recorded sequences, each lasting 20 min and presenting unwanted hand motion.
The aim of this project is to correct positional errors emanating from this movement, which
ca not be predicted and would therefore need to be readjusted manually. In the context
of research IRT, the hand’s pose should be consistent and planar, and the observation
conditions should be monitored and controlled to ensure accuracy. We are intending,
however, to improve this method further by switching to a full DL approach, using our
segmentation tool to provide an extensive training dataset.

5. Conclusions

Because the hands are important exchanges surfaces for the thermal regulation of the
human body [52], their thermal behavior is therefore of high interest, with thermographic
image analysis providing a surface assessment of their temperature distribution. Motion
compensation and fast segmentations are two issues hindering the analysis of long-term
exposure sequences, exhaustive thermographic kinetics, or complex areas. The hand has
a complex structure, containing areas of varying aspect ratios, and a curvature along its
digits. Therefore, automatic segmentation solutions developed for its analysis have to
account for a variety of morphologies and shapes.

After considering the limits inherent to Infrared Thermography analysis, we have
developed a new method to accurately and effectively segment thermographic images and
sequences. This method solves the issues presented in prior works, such as the need for a
completely distinct thermal background to effectively identify each digit, or the limitation
to either the distal or palmar aspects. The method is also capable of adequately identifying
the boundary between each phalange and uses more consistent anatomical markers to
extract each region. Further improvements to this method include the removal of the need
for a color-coded background and the automated coincidence of both visual and thermal
images for applications where the optical distance may not be fixed.
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