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Abstract

Human-environment interaction is a fundamental aspect of our daily lives, involving the
constant use of our sensory and motor systems to extract, process, and communicate infor-
mation. However, capturing, analyzing, and reproducing these interactions pose signi cant
challenges due to their pervasive, variable, and prolonged nature, as well as their unique
character for each individual. Despite these challenges, it is essential to develop systems
that can accurately capture and reproduce human-environment interactions for a wide range
of applications, including human behavior studies, health monitoring, human-computer
interactions, and robot imitation learning. This thesis focuses on developing seamlessly
integrated, scalable manufactured sensing and actuating systems, as well as advanced
computational pipelines to capture, analyze, and reproduce adaptive ubiquitous physical
human-environment interactions.
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Chapter 1

Introduction

Humans constantly interact with the physical environment through sensory inputs and motor
actions [74, 9]. For instance, when you sit on a chair, your tactile sensory system captures
the real-time force distribution exerted by your sitting posture. This data is sent to your
brain, which processes the information and generates signals to actuate the corresponding
muscles, enabling a change in posture.

Extending such capabilities beyond our human body, to a wearable intelligent assis-
tant (Figure 1-1) that can sense, model, and augment such physical human-environment
interactions, is fundamental to understanding human behaviors [77, 84], promoting health
monitoring and delivery [131], and fostering human-centric intelligent system designs
[61]. However, challenges arise from the pervasive and diverse nature of physical human-
environment interactions. These interactions occur across the human body, under various
scenarios, and at extended durations. They are also subjectively perceived by individuals
and involve diverse input-output modalities.

Picture an elderly person walking wearimgelligent sockswhich detect motion anoma-
lies, log data for disease pre-diagnosis, and facilitate their movement. Imagine a humanoid
robot dressed imtelligent textile out ts which equip them with human-like sensory abilities
to perceive pressure and temperature, and textures when interacting with objects, and allow
it to mimic human behaviors and interactions like hugging. Such practically deployable
integrated interfaces for physical human-environment interactions are required to be scal-

able, seamlessly integrated, robust, and adaptable. Following these parameters, | have been

23



striving towards a wearable intelligent assistant: to record, model, and augment physical

human-environment interactions via intelligent textiles, empowered by advances in both

digital fabrication and arti cial intelligence.

| aim to address the following research questions:

How to ef ciently scale up the physical human-environment interaction interfaces so
that they can sense and actuate across the entire human body, from hands and torso to

feet?

How to seamlessly integrate functionalities in physical human-environment interfaces

so that they enable unobtrusive, extended-duration use??
How to ensure the robust performance of physical human-environment interaction

interfaces despite the diverse events in our lives?
How to adapt physical human-environment interactions interfaces to diverse individu-

als despite our subjective perceptions?

| believe that integrated intelligent textile-based systems will enable seamless yet com-

prehensive observation of human activities, deepen scienti ¢ understanding of our behaviors

and interactions with the physical surroundings, and offer innovative strategies to augment

human behaviors and intelligent systems. In this thesis, | exemplify my approach with

individual projects following the three key thrusts:

Functionality Integration via Digital Fabrication. | aim to seamlessly integrate
functionality into exible and conformal platforms, scale up the density and lower the
cost of functional systems, and enable customized design and fabrication catering to

diverse needs, overcoming the restrictions of traditional manual fabrication.

. Large-Scale Multi-Sensory Data Capturing and Modeling.Leveraging the scalable

interfaces, | aim to capture large-scale multimodal physical human-environment
interactions, employ advanced Al for scienti ¢ analysis of human behavior, and apply

these insights to augment human behaviors and intelligent systems.
Integrated Systems for Humans and Robots.| aim to combine Thrust | and Il

to develop integrated systems for healthcare and robotics, enable understanding of
human behaviors, inspire intelligent system designs, and promote human-human,

human-object, and human-robot interactions.
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Figure 1-1:Paradigm of a wearable intelligent assistant.

1.1 History of Smart Wearables

Scalability in terms of coverage area and seamless integration of functionality are contra-
dictory design parameters for physical interaction interfaces (Figure 1-2). Localized smart
wearables, such as smart watches, seamlessly integrate functionalities in a wristwatch form
factor. However, they are limited to very localized measurements, only signals from the
wrist, from the nger, and from the eye. Recent developments in epidermal interfaces enable
functionalities in a skin-like form factor, with bigger and more conformal coverage on our
body. However, most of them require delicate and manual fabrication, which limits their
scalability. Digital fabrication, such as 3D printing, opens up opportunities for customiz-
able and scalable fabrication of soft functional systems. However, they are still limited to
polymer-based materials, which are obtrusive to our daily wearing. Intelligent textiles, on
the other hand, obtain advantages in such design space.

Textiles have a long history in human civilization, playing pivotal roles in our culture,
art, and daily activities [122]. Their unique softness, exibility, and breathability make them
ubiquitous and seamlessly integrated into our daily lives. It is one of the few interfaces that
enable direct and prolonged contact between humans and their environment over a large
area. As Mark Weiser envisioned a future where technologies seamlessly weave themselves
into the fabric of everyday life [120], research into intelligent textiles has been initiated.

Intelligent textiles are fabrics and garments with integrated functionalities that can sense,
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Figure 1-2:Comparison between smart wearables, epidermal electronics, 3D-printed
electronics, and intelligent textiles.

Figure 1-3:History of smart textiles.

store, process, and communicate information in a seamless, scalable, and unobtrusive manner
[62, 129]. Compared to other form factors of smart wearables, such as smartwatches [97]
and polymer-based epidermal electronics [53], intelligent textiles offer distinct advantages
due to their seamless integration into our daily lives, spanning from our garments to everyday
furniture, and their compatibility with long-established mass manufacturing facilities. They
open up vast opportunities, ranging from seamless monitoring of physiological signals [121]

and daily physical interactions [71, 96] to powering smart home applications [18].

Back in the 90s, researchers presented intelligent textiles by using the fabric as a passive
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substrate and attaching [11]. Later, to further leverage the softness and exibility of textiles,
researchers investigate the seamless integration of diverse functionalities in the form factor
of bers [138]. However, such integration remains localized, with smart bers typically
manually integrated into larger-scale textiles, which constrains design exibility, fabrication
ef ciency, and functional component density. Recently, advances in computational design
tools for digital textile fabrication have promoted an accessible, interactive, and rapid design
process [82, 51].

My work has leveraged such new opportunities to develop integrated systems for the
recording, modeling, and augmentation of physical human-environment interactions (Figure
1-3. | leverage computational design to develop intelligent textiles with complex and
conformal geometries, such as full-sized gloves with sensing and actuation capabilities. This
demonstrates the huge potential for democratization and personalization. Also, | leverage
digital fabrication to unlock the scalability of both the interfaces and datasets. For example,
users wear a tactile sensing vest just like regular garments throughout the day, It captures
pressure distributions spanning the back of users during their diverse daily activities without
any obstruction to their behaviors. Such large and diverse datasets are valuable assets in our

era with skyrocketing Al technology.

1.2 Human Data Capturing and Learning

Capturing and understanding human-centered data, including physiological signals [90],
biomechanical behaviors [123], and physical interactions [23], are crucial for healthcare,
interactive technologies, and robotics applications. However, different from visual, audio,
and text information, which bene ts from the availability of off-the-shelf input and output
interfaces and extensive datasets, (e.g., users input text through keyboards and receive visual
feedback through display easily), investigation in human-centered data suffered from the
lack of accessible and standardized input and output interfaces

In the past decades, as computer vision skyrockets, extensive human data has been
captured and analyzed through cameras and convolutional neural networks. Examples

include leveraging visual information for physiological signal monitoring [116, 124], person
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identi cation [45, 118], interactions estimation [101, 85], and so on.

However, while such vision-based human data capturing and learning systems are unob-
trusive, accuracy is still limited. For more advanced tasks, especially in biomedical domains,
researchers leveraged specialized sensors and developed modality-speci ¢ machine-learning
models. However, such approaches suffer from obtrusive data collection as well as limited
and non-generalized datasets. There is a growing need for scalable, ubiquitous, democra-
tized, sensing interfaces and algorithms to power human data capturing and learning. Such
integrated systems will facilitate ubiquitous health sensing, human-machine interactions, as
well as imitation learning.

My work has been focused on developing scalable intelligent interfaces for unobtrusive
human data capturing, as well as to leverage skyrocketing Al to extract high-level informa-
tion from such collected datasets. The computational design and digital fabrication pipeline
of such interfaces unlock the scalability of the available datasets, and therefore, opens up

opportunities for human data capturing and learning.

1.3 Thesis Overview

In my thesis, | investigate intelligent textiles as a scalable, cost-effective, seamlessly in-
tegrated interface for recording, analyzing, and reproducing adaptive ubiquitous physical
interactions. This thesis sits at the intersection of digital fabrication, human-computer
interaction, and applied machine learning, addressing key questions and demonstrating
advances in the three primary thrusts discussed earlier. A summary of the thesis highlights
is presented in Figure 1-4.

Part | of this thesis focuses on intelligent textiles to sense human-centered physical inter-
actions. Chapter 2 explores the development of a large-scale pressure-sensing carpet, which
serves as an ambient sensing platform to capture and understand the physical interactions
between humans and their environment. This chapter covers the detailed fabrication process,
data collection pipeline, and demonstration of 3D pose estimation using the carpet. It also
discusses various extended applications of such sensing interfaces. Chapter 3 showcases

digital machine-knitted interactive sensing interfaces for diverse applications including
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Figure 1-4:Overview of the thesis.

educational interfaces and interactive wearables. Chapter 4 discusses the dynamic modeling
of hand-object interactions via a high-resolution tactile sensing glove.

Part Il of this thesis will extend the application of intelligent textiles to augment human-
centered physical interactions. Chapters 5 and 6 delve into the intricate integration of
sensing and actuation capabilities within textile-based wearables using digital machine
knitting techniques. These chapters showcase speci ¢ examples of textiles and garments
equipped with integrated resistive pressure sensors, pneumatic actuators, and passive haptics
The design, fabrication methods, and diverse applications of these smart textiles are provided.
In Chapter 6, the focus shifts to a closed-loop human-machine interface driven by digital
embroidery technologies. This chapter elucidates the fabrication pipeline involved in
combining sensing and actuation interfaces within textiles, It introduces novel algorithms
designed to adaptively transfer tactile interactions, showcasing practical applications across
various domains such as healthcare, gaming, and communication. This chapter demonstrates
a simple example of a wearable intelligent assistant.

Part Ill of this thesis explores the application of intelligent textiles for robotics. Chapter
8 introduces a digitally embroidered sensing array designed for robot grippers, enabling
liquid identi cation and manipulation. Chapter 9 presents a multimodal tactile sensing

system for normal pressure, shear forces, and vibration sensing. This system is designed
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for scalable integration with robotic arms and grippers, enabling enhanced interaction with
objects and humans.

Chapter 10 serves as a culmination of the thesis, summarizing the key ndings and
highlighting the signi cant results obtained from the research. Furthermore, it offers a
compelling future outlook on wearable intelligence, envisioning potential advancements and

applications in this rapidly evolving eld.
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Chapter 2

Intelligent Carpet for Pose Estimation

2.1 Overview

Figure 2-1:Pose estimation using an intelligent carpetA low-cost, high-density, large-
scale intelligent carpet system to capture the real-time human- oor tactile interactions (left)
and the inferred 3D human pose from the captured tactile interactions of a person standing
up from a sitting position (right).

Human pose estimation is critical in action recognition [58, 110], gaming [52], healthcare
[144, 83, 46], and robotics [79]. Signi cant advances have been made to estimate human
pose by extracting skeletal kinematics from images and videos. However, camera-based
pose estimation remains challenging when occlusion happens, which is inevitable during
daily activities. Further, the rising demand for privacy also promotes development in non-
vision-based human pose estimation systems [140, 141]. Recently, inspired by the fact that

most human activities are dependent on the contact between human and the environment,
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researchers have proposed pose estimation approaches using tactile interactions between
humans and the ground. various smart oor or carpet systems have been proposed for
human movement detection [27, 4, 105, 16, 5, 133, 94, 36, 87], and posture recognition [50,
107]. Previous work has also demonstrated the feasibility of using pressure images for pose
estimation [15, 19, 20]. However, these studies mainly focus on the estimation of poses
where a large portion of the body is in direct contact with the sensing surface, e.g., resting
postures. A more challenging task is to infer 3D human pose from the limited pressure
imprints involved in complicated daily activities, e.g., using feet pressure distribution to

reconstruct the pose of the head and limbs.

In this work[69], we propose a 3D human pose estimation approach using the pressure
maps recorded by a tactile carpet as input. We build a low-cost, high-density, large-scale
intelligent carpet, which enables the real-time recordings of human- oor tactile interactions
in a seamless manner (Figure 2-1 left). We collect a synchronized tactile and visual dataset
on various human activities. Employing a state-of-the-art camera-based pose estimation
model as supervision, we design and implement a deep neural network model to infer 3D
human poses using only the tactile information (Figure 2-1 right). Our pipeline can be
further scaled up to multi-person pose estimation and applied for down-streamed application,

i.e., action classi cation.

The following sections describe details of the system, experiments, and results. The

contributions are summarized below.

» We build a low-cost, high-density, large-scale intelligent carpet, which enables the

real-time recordings of human- oor tactile interactions in a seamless manner.

* We collect a synchronized tactile and visual dataset on various human activities.

Employing a state-of-the-art camera-based pose estimation model as supervision,

» we design and implement a deep neural network model to infer 3D human poses using

only tactile information.
» We evaluate our system and demonstrate its potential applications in diverse elds.
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2.2 Fabrication

Our tactile data acquisition is based on a custom, high-density, large-scale piezoresistive
pressure sensing carpet, which spans ovét 3&nd contains 9,216 sensors with a spacing of
0.375 inches, as demonstrated in Figure 2-2 left. The carpet is composed of a piezoresistive
pressure sensing matrix fabricated by aligning a network of orthogonal conductive threads
(2-ply stainless steel thread) as electrodes on each side of the commercial piezoresistive
Ims (Velostat with the thickness of 2 mil). A thin adhesive tape (3M 468MP) secures the
electrodes and a thin plastic Im (Saran wrap) serves as the outermost protective layer. Each
sensor locates at the overlap of orthogonal electrodes and is able to measure pressure up to
14 kPa with the highest sensitivity of 0.3 kPa (Figure 2-2 right). Our tactile sensing carpet is
low-cost ( $100), easy to fabricate, and robust for large-scale data collection. Using the
coupled readout circuit, we collect the tactile frames with 9,216 individual sensing readouts

at a rate of 14 Hz.

Figure 2-2: Overview of pressure-sensitve intelligent carpet.Our recording set-up
includes a tactile sensing carpet spanning 3éth 9,216 sensors, the corresponding
readout circuits, and 2 cameras. Each sensor is able to convert pressure stimulus into
electrical signals via the drop of resistance.

2.3 Dataset

2.3.1 Data Collection

We have collected over 1,800,000 synchronized tactile and visual frames on 10 volunteers

with 2 rounds of 15 different actions, including walking, squatting, waist turning, arm-
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Figure 2-3:Representative tactile imagesTypical pressure maps captured by the carpet
from diverse human poses and activities.

waving, twisting, standing on toes, side-walking, lunging, lying, rolling, sit-ups, push-ups,
bending, sitting, and stepping, where each action takes about 1 minute (800 frames). No
additional instructions were provided, and the volunteers performed the actions in their own
ways at random positions and orientations. With such a large-scale high-resolution tactile
sensing platform, we can not only capture people's foot pressure maps, which most of the
previous work focused on, but also capture the full tactile interactions between the human
and the oor when people are performing complex activities. As shown in Figure 2-3, our
carpet captures the feet pressure maps when people perform activities in upright positions,
as well as the physical contacts between the human body (e.g., hands, limbs) and the oor
when people perform exercises and complex actions (e.g., push-ups, sit-ups, and rolling).
Visual data is captured with 2 cameras that are synchronized and calibrated with respect to
the global coordinate of the tactile sensing carpet using standard stereo camera calibration
techniques. Our tactile acquisition set-up and the captured dataset are open-sourced to

facilitate future research in the eld.

2.3.2 3D Pose Label Generation

We design and implement a pipeline to generate the training pairs, i.e., synchronized tactile
frames and 3D keypoint con dence maps. In order to annotate the ground truth human pose
in a scalable manner, we leverage a state-of-the-art vision-based system, OpenPose [13], to
generate 2D skeletons from the images captured by the cameras. Once we have obtained the

2D skeletons generated from the calibrated camera system, we triangulate the keypoints to
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Figure 2-4:3D pose label generationThe ground truth voxelized 3D keypoint con dence
maps are annotated by rst extracting 2D skeleton keypoints from RGB images using
OpenPose [12], then generating 3D keypoints through triangulation and optimization, and
nally applying a 3D Gaussian lter.

generate the corresponding 3D skeletons.

The triangulation results may not be perfect in some frames due to perception noise or
misdetection. To further optimize the triangulated 3D skeleton, we add a post-optimization
stage to constrain the length of each link. More speci cally, we rst calculate the length of
the links in the skeleton using the median value across the naively triangulated result for
each person. For this speci ¢ person, we denote the length of'thiek asK ;. We then

useq® andgP to represent the detect&t keypoints at a speci ¢ time step from the two

stochastic gradient descent:

Lskeleton_ X\I kPA ka_'_ X\I kPB Bk
= Px P« O
k=1 k=1
(2.1)
w1
+ kI@. Kk
i=1

where there ar®l keypoints andN  1links,p= fps;:::;pygliein 3D space spanned by

the world coordinatep, = ( Xk; Yk; z«). P# andP® are the camera matrices that project the
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3D keypoints onto the 2D image frame. In our experiments, weNuse21. The accuracy
of the 3D pose label and the effectiveness of our optimization pipeline are further analyzed

in supplementary materials.

Given the optimized 3D positions of the 21 keypoints on the human skeleton, we further
generate the 3D keypoint con dence maps by applying a 3D Gaussian Iter over the keypoint

locations on a voxelized 3D space (Figure 2-4).

2.3.3 Data Augmentation

We perform data augmentation on experiments for both single-person and multi-person pose
estimation. When projecting the human skeletons to the x-y plane (Figure 2-3), we nd a

spatial correspondence between the projection and the tactile signals, which allows us to
augment our dataset by rotating and shifting the tactile frames and the corresponding human

skeletons. This allows us to easily obtain a larger number of diverse training pairs.

Additionally, this data augmentation overcomes the limitations imposed by social dis-
tancing and the size of the sensing carpet, which restrict data collection to one person at a
time. The multi-person dataset is synthesized by combining multiple single-person clips.
In other words, we add up the synchronized tactile frames and the generated 3D keypoint
con dence maps from different recording clips. More speci cally, since people rarely
perform actions with one on top of the other, we assume that the pressure maps induced by
the actions of different people will not overlap at the given time. We specify the location of
each person by creating anchor boxes of the human skeleton projected onto the oor plane.
We remove frames with the Intersection over Union (loU) larger than 0.1 to ensure that the
skeletons and tactile signals from different people do not overlap with each other. Note that
the training of our models in the experiments is entirely based on the single-person dataset
and the synthetic multi-person variants. We also record synchronized visual and tactile data

for multiple people but only for evaluation purposes.
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Figure 2-5:0verview of the model for 3D human pose estimationOur model consists of

an encoder and a decoder. The encoder maps the input tactile sequence infddediure
through 7 blocks of Conv2D-LeakyReLU-BatchNorm. We then expand the feature and
repeat along the last dimension to transform the 2D feature map into a 3D feature volume.
After appending an indexing volume indicating the height of each voxel, the feature goes
through a set of decoding layers to generate the predicted con dence map for each keypoint.

2.4 3D Pose Estimation

We aim to develop a machine-learning pipeline, which takes the tactile frames as input
and predicts the corresponding 3D human pose. We take the ground truth human pose
estimated from our multi-camera setup as the supervision and train our model to predict the
3D con dence map of each of the 21 keypoints, including head, neck, shoulders, elbows,

waists, hips, knees, ankles, heels, small and big toes.

2.4.1 Model

To include more contextual information and reduce the effects caused by the sensing noise,
instead of taking a single tactile frame as input, our model takes a sequence of tactile frames
spanning a temporary window of length as input (Figure 2-5). For each input segment, the
model processes the spatio-temporal tactile information and outputs the keypoint con dence
maps in 3D that correspond to the middle frame.

As shown in Figure 2-3, the input tactile frames lie in 2D space, which has a nice spatial
correspondence with the human skeleton over the x-y plane (the oor plane). Our model
builds on top of a fully convolutional neural network to exploit such spatial equivariance.

The encoder of our model uses 2D convolution to process the tactile frames. Then, to regress
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the keypoints in 3D, we expand the feature map by repeating it along a new dimension in
the middle of our network (Figure 2-5), which essentially transforms the 2D feature map

into a 3D feature volume.

However, naive 2D to 3D expanding via repetition will introduce ambiguities as subse-
guent convolutional layers use shared kernels to process the feature - it is impossible to tell
the height of a speci ¢ voxel, making it hard to regress the keypoint location along the z-axis.
To resolve this issue, we add a new channel to the 3D feature map with a 3-dimensional
indexing volume, indicating the height of each voxel. We then use 3D convolution to process
the feature and predict the 3D keypoint con dence map for each of the 21 keypoints. The
detailed architecture and the size of the feature maps along the forwarding pass are shown
in Figure 2-5.

We optimize the model by minimizing the Mean Squared Error (MSE) between the
predicted keypoint heatmap and the ground truth using Adam optimizer [55]. We also use
spatial softmax to transform the heatmap into the keypoint location and include an additional
loss termL "k to constrain the length of each link in the skeleton to lie in the range of normal
human limb length. For each data point, the loss function is de ned as:

1

L = L (2.2)

1 1

N K Hik+ 1
i=1 i=1

whereN denotes the number of keypoind$, 1 is the number of links in the skeletoH;

andH; represent the ground truth and the predicted 3D keypoint con dence maps. The link

loss is de ned as the following:

K min K\i; if K\i <K imin:

L:ink = K\i Kimax; if K\i > K imax: (23)

VW AR 00

0; otherwise

whereK; is the link length calculated from our predictidd™" andK M3 represent the'3

and 97" percentile of each of the body limb length in the training dataset.

Our network is implemented using PyTorch [95]. We train the model by minimizing
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Eq. 2.2 using a learning rate o€ 1* and a batch size of 32. As shown in Figure 2-5, the
encoding part of our network consists of 7 groups of layers. The Conv2D in the rst5 and
the 7" layers use 3 3 kernels and 11 padding. The®Buses 5 5 kernels and zero padding.

A2 2 MaxPool2D is also applied in thé®2 4" and 7" layers to reduce the resolution of

the feature maps. We expand the tactile feature maps to 3D by repeating the tensor 9 times
along the last dimension, and then append the channel with a 3D indexing volume indicating
the height of each voxel. The decoding network takes in the resulting tensor and predicts the
3D con dence maps of the keypoints. The decoder is composed of 5 layers3of 3 3D
convolution with a padding of 11 1. The 11" layer uses a kernel size of 2 2 with a

stride of 2 to increase the resolution. We also apply batch normalization and Leaky RelLU
after each layer except the last one, where we use the Sigmoid activation function to regress

the con dence value.

2.4.2 Single Person Pose Estimation

Experiment. We used one round of the recorded data for training and split the other for
validation and testing. Single-person pose estimation is trained with 135,000 pairs of tactile
and visual frames and validated on 30,000 pairs of frames. The performance is tested on a
held-out test set with 30,000 tactile frames. We use Euclidean distance (L2) as the evaluation
metric to compare the predicted 3D human pose to the corresponding ground truth human

pose retrieved from the visual data.

Axis|Ave. Head Shoulder Elbow wrist Hip Knee Ankle Feet
X |68 6.4 6.3 89 109 46 58 56 6.4
Y |72 8.0 6.5 88 10952 58 57 6.7
Z 6.8 9.6 7.0 89 144 40 40 3.1 35

Table 2.1: Average keypoint localization error of the predicted single-person 3D skeleton
(unit: cm).
Results. The L2 distance of each keypoint and the localization error of each body part are
listed in Figure 2-6 and Table 2.1.

Generally, keypoints on the lower body (e.g., knee and ankle) and the torso (e.g., shoulder

and hip) hold higher accuracy compared with the keypoints on the upper body (e.g., wrist
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Figure 2-6:Quantitative results on single person pose estimationlhe Euclidean distance
between the predicted single-person 3D skeleton (21 keypoints) and the ground truth label
(unit: cm).

Figure 2-7:Qualitative results of single-person 3D pose estimation across time stefor

each sequence, from top to bottom, we show the RGB image as ground truth annotation (only
used here for visualization purpose), the captured tactile frame, ground truth 3D skeleton,
and predicted 3D skeleton from our model using only the tactile frames (unit: cm). The
predicted poses are consistent over time with a smooth transition along the corresponding
trajectories.

and head). The observation agrees with our intuition that changes in pressure maps are

primarily determined by the positions of the lower body and the torso. We also note that the
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