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Chapter 53
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1. Introduction

Smart clothing or “intelligent textile” represents the new class of wearable technology, the 2.0 era of interactive
technologies, intended to be attractive, comfortable, and “fit for purpose” for the identified user (Scataglini, Andreoni, &
Gallant, 2019a, Scataglini, Danckaers, Haelterman, Huysmans, & Sijbers, 2019b, Scataglini, Danckaers, Haelterman,
Huysmans, Sijbers and Andreoni, 2019c).

The fusion of the two borders, the electronics and the textile, opens up new fields to be investigated in applied er-
gonomics and human factor field. Fibers and filament yarns, together with woven and nonwoven structures that feature
electronics, capable of sensing passively and actively, activate and interact in response to the environmental and the
wearer’s conditions. In addition, they adapt their behavior to the given circumstances becoming very smart (Choo 2009;
Stoppa & Chiolerio, 2014). The textile sensors can detect bioelectric (electrocardiography [ECG], EMG, EEG, EOG,
ENG), thermal (temperature and the relative surface map), mechanical (movement, contact pressure), optical, and chemical
signals (sweat composition, inhaled/exhaled air composition, contaminants). They can include active functionalities such
as power generation or storage, assistive technologies, human interface elements, and radio frequency categories. The
innovative fusion gave us the idea that they only appeared recently to the audience, but actually, the history of smart textile
goes back over 75 years. Images from a patent of 1942 show concepts developed around electronics in clothing, developed
by Cover (1942). They show a two-way radio garment or coat and equipment for transmitting and receiving audible signals
for use by policemen, sailors, miners, or others working in tunnels or underground (Fig. 53.1).

Projects continued for over 50 years on a smaller scale and across many research labs and private organizations, but
commercial progress was minimal for decades. As of 2000s, the idea came up more concrete in the military field with the
development of the Georgia Tech Wearable Motherboard or Smart Shirt, which gave rise to the interactive textile and
indeed the fusion of the two boarders (Park & Jayaraman, 2003). The Smart Shirt provided an extremely versatile
framework for the incorporation of sensing, monitoring, and information processing devices. It featured a single plastic
optical fiber spirally integrated into the fabric with a novel weaving process to eliminate discontinuities at the armholes or
seams to detect bullet wounds. It is the first smart shirt addressed to monitoring vital signs on soldiers such as heart rate,
respiration rate, electrocardiogram, body temperature, and pulse oximetry in an ecological and nonintrusive way.

Sensing clothing offers the unique opportunity to implement a real not intrusive monitoring, i.e., it represents an
extraordinary tool for observing and analyzing the complex human-machine-environment system in specific tasks
(Scataglini et al. 2017).

In this context, the design research is passing through scholarly boarders between semantic, syntactic, and pragmatic
dimension of the research (Mattila, 2006). The semantic part can be defined by the context of the end user identifying the
environment. Then the syntactic component takes care of the design process. And, finally, the pragmatic step focuses on
the use of the product.

The border represents a line dividing parts, a defined limit.
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As stated in the Oxford dictionary, “border” is “the edge or boundary of something, or the part near it.” Being physical
or virtual, material or metaphoric, borders are liminal spaces where two or more parts meet each other. In this sense, a
bordering line is a place where divisions become opportunities of encounter. According to this perspective, there are three
different ways of decoding borders through research in design: extending, passing through, and blurring.

Each approach assumes that borders are limits but can provide opportunities to foster a mutual exchange between the
parts they divide. “Passing through” can be used to define the concept of “passing through the fabric.” To pass through the
borders, the electronics and the textile create a connection between two areas. Definition of “passing through” is (1)
moving from one area (A) to another (B) and (2) creating a connection between these two or more areas. The border is
remaining. But our action is affecting its form.

The interaction of the two borders, the electronics and the textile, opens new frontiers (a line of the borders) in the
applied and human factor field.

The interaction can be active (can sense and react to the condition or stimuli), passive (can only sense the environmental
conditions or stimuli), and very smart (can sense, react, and adapt themselves accordingly) (Tao, 2001).

Smart clothing meets the synthetic or design process defining the design requirements. Those are translated into
properties that are achieved through material fabrication technologies by applying design parameters.

The requirements are represented by the functionality, the usability, the durability, the shape conformability, con-
nectivity, and affordability of the smart product (Scataglini, Andreoni et al., 2019, Scataglini, Danckaers, Haelterman,
Huysmans, & Sijbers, 2019, Scataglini et al., 2019).

Wearability also plays an important role in design. Gemperle, Kasabach, Stivoric, Bauer, & Martin (1998) defined 13
points as guidelines to design for wearability, such as the placement of the sensor, the form language (shape), the dynamic
structure, the proxemics (human perception of the space), the sizing (for body diversity), the attachment, the containment
(considering inside the form), the weight (as it spreads across the human body), the accessibility (physical access to the
form), the sensor interaction (for passive or active input), the thermal, the esthetics, and finally the long-term use (effect on
the body and mind).

FIGURE 53.1 Cover (1942). Two-way radio garment, Patent N. US2285083A.
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The design requirements and properties are gained by the materials and fabrication technologies.
These requirements are introduced in standards such as the IEC TC 124 (www.iec.ch) in the field of wearable electronic

devices and technologies.
In fact, bioelectric signals are achieved through textrodes (textile electrodes) that are constituted of electrically

conductive yarns that can be in contact with the skin. It can be distinguished metal yarns (stainless steel, copper, or silver
mixed with natural or synthetic fibers) and yarns containing electro-conductive fibers (polymeric or carbon-coated threats).
In that case, the textrodes do not require gel, as this effect can be obtained through the sweat (transpiration).

Today the smart clothing era is creating a healthcare community capable of encroaching into new territories and
compiling a more complete picture of the analyzing group, including different geographies or specifics diagnosis, in terms
of health and safety.

They are covering different areas of applications such as sport, wellness, entertainment and leisure, fashion, space,
protection, safety, and military. Smart clothing is becoming the science and technology frontier for the future, in particular
for the last three areas.

Scataglini, Andreoni, and Gallant (2015) classified the main current applications of smart clothing in the military field
in health monitoring, environmental safety monitoring, stress management, and empowering human function. Smart fabric
is capable of detecting the health status of the subject (heart rate, breathing rate, body temperature, blood oxygen satu-
ration, position, activity, and posture), external information, and an alert.

Smart clothing technology together with environmental and performance data provides a detailed real-time feedback
from the wearers monitoring their physical function and recording changes in ability over time.

Stress, training, fatigue, and environmental conditions have a great influence on human-machine-environmental system
performance. Combining data from the different components of the system is mandatory.

The design of smart clothing is crucial to obtain the best results (Scataglini, Andreoni et al., 2019, Scataglini,
Danckaers, Haelterman, Huysmans, & Sijbers, 2019, Scataglini et al., 2019). Identifying all the steps involved in functional
design clothing workflow can prevent a decrease in wearer’s performance, ensuring a more successful design (Scataglini,
Andreoni et al., 2019, Scataglini, Danckaers, Haelterman, Huysmans, & Sijbers, 2019, Scataglini et al., 2019). Smart
clothing represents a “second skin” that has a close “intimate” relation with the human body. The relation is physiological,
psychological, biomechanical, and ergonomic (Fig. 53.2).

Effectiveness of functional wear is based on the integration of all these considerations into the design of a smart
clothing system (Fig. 53.3). The design process begins through the analysis of the anticipated user and the identification of
the end-user needs. Design and technological issues are the two main macro areas involved in the process together with the

FIGURE 53.2 Smart clothing design requirements map.
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esthetical one (Scataglini, Andreoni et al., 2019, Scataglini, Danckaers, Haelterman, Huysmans,& Sijbers, 2019, Scataglini
et al., 2019). Once these criteria have been established, the initial esthetic design is created within the framework of the
user’s needs (Scataglini, Andreoni et al., 2019, Scataglini, Danckaers, Haelterman, Huysmans, & Sijbers, 2019, Scataglini
et al., 2019). Design decisions are evaluated and reevaluated based on physiological, ergonomic, and biomechanical
monitoring of the wearer’s performance (Scataglini et al., 2017). This evaluation can be visualized and simulated in digital
human model (DHM). Therefore, alternative solutions are generated for each decision. Alternatives are then evaluated on a
weighted scale to arrive at the best solution or combination of solutions for each decision (Scataglini, Andreoni et al., 2019,
Scataglini, Danckaers, Haelterman, Huysmans, & Sijbers, 2019, Scataglini et al., 2019).

Iterative co-design steps are used to influence the modifications made in the next prototype and then the design process
begins again. This ensures that corrections have been made before the design is finalized. When resources permit, multiple
designs will be compared with each other to examine the strengths and weaknesses of each.

The aim of this chapter is to outline the requirements and the steps for the design of the smart garment and the
evaluation process for testing the smart garment using Digital Human Modeling.

2. Functional evaluation

The evaluation of functioning can be done with biomechanical, ergonomic, and physiological requirements of the end user
during different tasks. The physiological evaluation is specifically related to the position of the garment and the adherence
(“fit”) of the textile to the body, while the biomechanics and ergonomics deal with the thermal discomfort and agility.

2.1 Combining accelerometer and physiological data for activity and design evaluation

Once the technical and esthetical details of the cut and the proportion of the initial garment prototypes have been fitted, the
next step is the introduction of smart technology into the garment. Normally, co-designers meet for evaluating the
functional design process that integrates embedded sensors into the cloth.

Heart rate variability (HRV) is a physiological measurement of the autonomic activity of the heart (ChuDuc,
NguyenPhan, & NguyenViet, 2013). The autonomic nervous system (ANS) actively compensates for injury or fatigue by
modulating the balance between parasympathetic and sympathetic cardiovascular control mechanisms (Scataglini, 2017).
HRV is the physiological phenomenon of variation in the time interval between heartbeats. It is measured by the variation
of the beat-to-beat interval and its frequency analysis (ChuDuc et al.2013).

Methods to detect heart beat include ECG, blood pressure, ballistocardiography (Bertson et al.1997; Brüser, Stadlthanner,
De Waele, & Leonhardt, 2011; McCraty & Shaffer, 2015) , and the pulse signal derived from a photoplethysmograph.

Other terms include “cycle length variability,” where R represent the peak of the QRS complex of the ECG wave. RR
represents the interval between successive R. Sometimes the term RR is replaced by NN meaning that the beats are normal.
To detect changes over a period of hours requires a large volume of data to be collected and analyzed. Holter device can
record the ECG in subjects from 24 h to weeks. Smart clothing revealed to be a good alternative for physiological
monitoring (Vojtech, Bortel, Neruda, & Kozak, 2013). The smart clothing for monitoring subject’s physiological status is
based on the integration of wearable textile electrode (“textrode”) technology for ECG measurements (Fig. 53.4) in a
plurality of configurations and leads according to the user’s anthropometry and task requirements.

HRV measurements in time and frequency domain were extrapolated through a MATLAB algorithm that works offline
on time intervals between successive heartbeats from ECG recordings collected by the two textrodes embedded in the cloth
(Scataglini et al., 2017). The innovative marks of the study stem not only from the ability to optimize the evaluation in
terms of human resources and in a noninvasive way for humans but also from the possibility to implement a new
assessment for the evaluation of subject’s physiological status (Scataglini et al., 2017).

FIGURE 53.3 Garment co-design workflow.
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Two textrodes made by conductive material and can be embedded into the clothes enabling transthoracic electrical
bioimpedance measurements. Two snaps can be used to provide the connection between the shirt and the hardware unit
(Fig. 53.4).

A MATLAB function rpeakdetect.m (Pan & Tompkins, 1985) written by G. Clifford (gari@ieee.org) and made
available under the GNU public license can be used to extract the heart rate. This function used a batch QRS detector based
on the one proposed by Hamilton & Tompkins, 1986. This solution allows to detect the QRS complex and to identify the
R-peak occurrence.

HRV can be assessed with various analytical approaches, although the most common are the time domain and fre-
quency domain analysis. An example of a Matlab program that was created to process all the measurements is shown in
Fig. 53.5. Heart rate and HRV can be exported as an excel file for further analysis.

According to HRV measurements defined by Malik et al (1996), Vollmer (2015), the SDNN (standard deviation of the
successive RR) (53.1) and the RMSSD (root mean square of the sum of successive differences between adjacent RR
intervals) (53.2), time domain parameters can be calculated.

SDNN ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

Xn

i¼ 1

ðRRi� RRÞ2
s

(53.1)

RMSSD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

Xn

i¼ 1

ðRRiþ1 � RRiÞ2
s

(53.2)

SDNN reflects all the cyclic components (i.e., short-term and long-term) that are responsible for variability in the period of
recording.

Normally it is calculated over a 24 h period. As the period of monitoring decreases, SDNN estimates shorter cycle
lengths. It should also be noted that the total variance of HRV increases with the length of analyzed recording. RMSSD is
calculated as an index of vagus nerveemediated cardiac control, which takes respiratory sinus arrhythmia (Berntson et al.
2005).

Frequency domain analysis describes high and low frequency rates of variability changes, corresponding to the activity
of the ANS.

FIGURE 53.4 The smart shirt system.
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The high-frequency power (HF), (0.15e0.4 Hz), is a marker of parasympathetic activity; the low frequency power
(LF), (0.04e0.15 Hz), is a marker of parasympathetic and sympathetic activity. Very low frequency power (VLF)
(0.003e0.04 Hz) equates to rhythms or modulations with periods that occur between 25 and 300 s. Although all 24-hour
clinical measurement of HRV reflecting low HRV is linked with increased risk of adverse outcomes, the VLF band has
stronger associations with all-cause mortality than LF and HF band. Low VLF power has been shown to be associated with
arrhythmic death and post-traumatic stress disorders (PTSD).

The ultralow frequency component (ULF), �0.003 Hz, can also be used to analyze the sequence of NN intervals in the
entire 24-hour period. The result then includes an ULF component, in addition to VLF, LF, and HF components (Fig. 53.6)
(Scataglini et al., 2017).

The ratio of LF/HF (53.3) represents the sympathovagal balance or the sympathetic modulations (Fig. 53.7).

LF

HF
¼

R 0:15Hz
0:04 Hz FðlÞdlR 0:40 Hz

0:15 Hz FðlÞdl
(53.3)

Endurance and training induces an elevated parasympathetic modulation over 24-hour recording period (higher
RMSSD and HF and lower LF/HF ratio) (Dong, 2016).

Minassian et al. (2015) investigated the association of predeployment HRV with risk of postdeployment PTSD in
active-duty marines. After accounting for deployment-related combat exposure, lower HRV before deployment as
measured by an increased LF to HF ratio of HRV was associated with risk of PTSD diagnosis after deployment. The
prevalence of postdeployment PTSD was higher in participants with high predeployment LF/HF ratios (15.8% of 38
participants) compared with participants who did not have high LF/HF ratios. HRV indexes both peripheral and central

FIGURE 53.7 Ratio of low frequency (LF)/high frequency (HF).
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activity of the five parasympathetic and sympathetic nervous systems. Mäntysaari et al. (2005) evaluated the usefulness of
HRV for monitoring the soldiers’ physiological status during a 19-day ranger training operation. HRV analysis based on
data collection made in the field by the soldiers themselves is not a robust enough method to monitor the physiological
status of soldiers. Both the time and frequency domain analysis of HRV require an ECG recording that is quite free from
artifacts and technical disturbance and with a stable baseline. These requirements are difficult to be met in the field because
the soldier should be able to rest in calm conditions at least for 5 min to obtain acceptable HRV data. It seems to us that the
studies of HRV analysis for monitoring the physiological condition of a soldier should be directed to more technical tasks,
in which the optimal conditions for data collection can be achieved.

Another method is the geometrical one, based on a histogram of RR intervals with a bin size of 1/128 s. The HRV
triangular index (53.4) is given by the most frequent value X (mode) with the absolute frequency k (Malik et al., 1996):

HRV triangular index ¼ n=k (53.4)

A triangular interpolation of the discrete distribution of RR intervals (histogram counts) (Fig. 53.8) is used for the
TINN measures (53.5):

TINN ¼ M� N (53.5)

where M and N are the vertices of the triangular function T, with T (t) ¼ 0 for t � N and t � M. The modal bin is identical
to the sample distribution T(X) ¼ k. T receives the values of a linear function by connecting (N,0) with (X, k) and (X, k)
with (M,0). The triangular function with the best fit to the sample distribution defines M and M.

HRV can be also measured using the return map of RR intervals “Poincaré plot” (Fig. 53.9) as ratio of the standard
deviation SD2 along the identity line (RRiþ1¼RRi) and the standard deviation SD1 along the perpendicular axis
(RRiþ1¼-RRi) (Malik et al. 1996). The SD1 is based on “short-term HRV,” while SD2 on the “long-term HRV.”

The smart garments can be tested to evaluate the signal reliability with respect to skin motion artifacts. Standoli et al.
(2016) defined a signal reliability protocol that consists of eight physical exercises. An example of the reliability protocol
figure wearing a smart clothing is shown in Fig. 53.10.

2.2 Ergonomic and biomechanical evaluation

Prototyping is an important step for garment design or apparel design that affects the ergonomic characteristics of physical,
psychological, and functional together with esthetical one. Therefore, the standardization of micro/macro environment
factors in garment design is important, providing an example of how to design garment at the prototyping stage (Scataglini
et al.2017). The clothing prototyping for an individual can be done conventional (traditional) and virtually (Fig. 53.11) in
software like (Blender Online Community, 2015).

The patternmaker drafts the paper pattern onto a plain fabric. The drape is thoroughly reviewed by the patternmaker and
the designer.
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Each garment pattern needs to have the style number, the name of the part, the balance mark, and the construction lines.
The successive step can be to digitize it to turn the draft into a computer-aided design CAD/CAM.

Virtual garment development involves three main actors: virtual human or DHM, 2D pattern, and a virtual fabric
(Fig. 53.12).

This relation between them can be from 2D to 3D and 3D to 2D (Fig. 53.13).
2D / 3D: The 2D pattern pieces from the 3D CAD software are added to virtualization software (e.g., Blender Online

Community, 2015) to use it for the virtual try-on on a virtual human.
3D / 2D / 3D: It consists of designing 3D garments around a virtual human. Regarding that the 3D garment can be

unwrapped in 2D pattern.
Fashion designers draw fashion illustrations and garment flats to design the concept, while patternmakers design

patterns by measuring anthropometric dimensions of the end user. Communication between patternmakers and fashion
designers is often lacking. As a consequence, the process is time-consuming and does not take into account what the user
thinks about it.

Virtual garment design helps to understand the ergonomic characteristics of physical, psychological, and functional
together with esthetical one of the end user. In fact, the main advantages of 3D garment prototyping are as follows:

l eliminate the sewing process during the prototyping
l reduce the materials and save time for prototyping
l quick response time on design changes
l personalized garment

The disadvantages are as follows:

l no representation of the fabric behavior properties
l fitting of the garment on virtual models
l model physical based
l customization of parametric model

Body shape is the major factor that influences the fit and satisfaction with clothing (Luible&Magnenat-Thalmann, 2008).
Statistical shape modeling (SSM) is an intuitive approach to map out body shape variability of a 3D body shape database
(Danckaers et al., 2014, 2018, 2019). The shape variance is described by shape parameters, which can be adapted to form a
new realistic shape. Furthermore, body shapes belonging to a specific percentile of a target group can be visualized. SSM can
intervene to the disadvantages mentioned earlier, creating a link between the end user and the apparel designer.

FIGURE 53.9 Poincaré plot.
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FIGURE 53.10 An example of signal reliability protocol that consists of eight physical exercises recorded through a trunk-worn 3-axial accelerometer
integrated into a smart clothing (A ¼ all the protocol, B ¼ three exercises (10 repetitions each)).

FIGURE 53.11 Clothing prototyping traditional (on the left) and virtual (on the right).



An SSM is a valuable tool for product designers, as it captures the variability of body geometry of a population.
SSMs are built from 3D scans of a population of shapes. Therefore, they contain much more information than traditional
anthropometrical measurements. SSMs are highly valuable for product designers because ergonomic products for a
specific target population can be designed from these models. By adapting the parameters of the SSM, a new realistic
shape can be formed. Product developers may exploit SSMs to design virtual design mannequins and explore the body
shapes belonging to a specific percentile of a target group, for example, to visualize extreme shapes. Moreover, an SSM
allows to simulate a specific 3D body shape (Park & Reed, 2015), which is useful for customization in a (possibly
automated) workflow.

The innovative approach we propose concerns a combination of different digital technologies and applications to create
a common co-design workflow for the design of a garment implemented in Blender Online Community (2015).

Human activities can then be replicated based on body shape and motion data collected on a subject by a mocap system
(Scataglini et al., 2017, Scataglini, Andreoni et al., 2019, Scataglini, Danckaers, Haelterman, Huysmans, & Sijbers, 2019,
Scataglini et al., 2019). This provides a visualization of a DHM based on anthropometry and biomechanics of the subject
(Scataglini, Andreoni et al., 2019, Scataglini, Danckaers, Haelterman, Huysmans, & Sijbers, 2019, Scataglini et al., 2019).

The co-design workflow describes all the steps necessary to simulate garment fitting and esthetics in Blender according
to Scataglini, Andreoni et al. (2019), Scataglini, Danckaers, Haelterman, Huysmans, & Sijbers (2019), Scataglini et al.
(2019) and can be resumed in these steps (1e13) (Fig. 53.14). In particular, steps 1e7 are necessary to arrive to the
kinematical model. However, steps 8e13 are necessary to dress up the model and to simulate garment fitting and esthetics
(Figs. 53.14 and 53.15).

A clustering algorithm can be used to determine a sizing system based on the biometrics features of the subject
(Scataglini, Andreoni et al., 2019, Scataglini, Danckaers, Haelterman, Huysmans, & Sijbers, 2019, Scataglini et al., 2019).
Considering a population, the smart shirt or vest meshes can be calculated from the anthropometric clustering evaluation
according to Daanen et al., 2018; ISO 8559-2(2017).

For every cluster, a body shape can be simulated from those specific body dimensions (Fig. 53.16). This procedure
allows to determine the number of clusters that best describes the population.

FIGURE 53.13 Apparel design workflow.

FIGURE 53.12 Virtual garment developing.
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FIGURE 53.14 Garment co-design workflow in Blender.

FIGURE 53.15 Clothing simulation in Blender.

FIGURE 53.16 Moving SBSM with clothing in Blender.
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More attention should to be paid to understanding ergonomic issues, heat stress implications, and the relationship
between the task and the clothing (Scataglini et al., 2017). The degree of thermophysiological comfort is defined by the
thermalphysiological characteristics of the textile and a range of motion while we are performing a task. Starting from this
assumption, the thermophysiological wear comfort can be evaluated using a thermal image from an FLIR camera (FLIR,
Wilsonville, OR, USA, with an infrared resolution of 4800 pixels, MSX resolution 320 � 240, thermal sensitivity below
0.15�C, and accuracy of �2�C) applied on the DHM (Figs. 53.17 and 53.18).

2.2.1 Clothing simulation

Later, the cloth mesh is rigged with the SSM creating a kinematic model. The next step is the simulation of the clothing in
Blender (Villar, 2014) (Fig. 53.19).

FIGURE 53.17 Thermal Imaging in Moving SBSM with clothing in Blender(sagittal-posterior).

FIGURE 53.18 Thermal Imaging in Moving SBSM with clothing in Blender(sagittal-anterior).
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In fact, Blender has a “physics tab” in the properties windows that includes a function called “cloth” This function
contains different options such as cloth materials (mass, structural, and bending), collisions, cloth field weights, cloth
stiffness scaling, and clothing springs.

Below is represented an example of clothing simulation setting the cloth material (e.g., cotton) with a self-collision
applying a cloth field weights on the texture.

3. Conclusion

This chapter presented all the steps necessary in the co-design workflow for garment design using DHM as supporting tool
in user-centered design for smart clothing.

Physiological, biomechanical, and ergonomic aspects represent a retro-feedback of the user’s function in the iterative
co-design workflow for design of smart garment, permitting the redesign and the technological refinement of it. In this
iteration, Digital Human Modeling demonstrated to be a valid tool for the design of smart technology preventing a decrease
of the wearer’s performances ensuring a more successful design.
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