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Abstract. Estimating physical information by vision as humans do is
useful for the applications with physical interaction in the real world.
For example, observing muscle bulging infers how much force a person
puts on the muscle to interact with an object or environment. Since the
human skin deforms due to muscle activity, it is expected that skin defor-
mation gives information to analyze human motion. This paper demon-
strates that biomechanical information can be derived from skin shape
by analyzing the relationship between skin deformation, force produced
by muscles, and muscle activity. We first obtained the dataset simulta-
neously acquired by a range sensor, a force sensor, and electromyograph
(EMG) sensors. Since recent range sensors based on non-contact visual
measurement acquires accurate and dense shape of an object at high
frame rate, the deforming skin can be observed. The deformation is cal-
culated by finding the correspondence between a template shape and
each range scan. The relationship between skin deformation and other
data is learned. In this paper, the following problems are considered: (1)
estimating force from skin shape, (2) estimating muscle activity from skin
shape, (3) synthesizing skin shape from muscle activity. In the experi-
ments, the database learned from the sensor data can be used for the
above problems, and the skin shape gives useful information to explain
the muscle activity.

1 Introduction

Geometry of an object is one of the most important information to visually
understand a scene. The geometrical analysis by using cameras has been a major
topic of computer vision and has been applied to observe and analyze various
targets including human motions. Geometrical information by vision is however
often not sufficient for effective and safe physical interaction between humans,
robots, objects, and the environment. When a robot picks up an object, for
example, motion planning and control would be easier if its physical properties
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such as weight and compliance are known in advance. It would also be bene-
ficial to know the ground surface properties such as friction coefficient before
actually walking on it. For human-robot interaction, knowing a person’s mus-
cle tension level is useful for deciding whether the robot should offer physical
help. Unfortunately, obtaining such information requires installation of addi-
tional force sensors outside the robot, which is not always possible especially in
uncontrolled environments.

For humans, it is actually possible to estimate physical quantities only from
visual clues in some special cases. For example, we can roughly estimate an
object’s weight by observing another person holding the object, possibly based
on such clues as the person’s facial expression, pose, and body shape includ-
ing muscle bulging, all of which are available through visual sensors. If we can
implement a similar inference process, robots would be able to estimate physical
quantities without additional sensors.

This paper presents an example of estimating physical quantities from visual
information. More specifically, we develop a method for estimating the force
applied to the environment by a human subject using muscle geometry data
obtained from a projector-camera system. The method is then applied to force
estimation of objects dropped onto the subject’s hand.

Motion capture (mocap) system is widely used for human motion analysis.
The articulated motion of human body is captured by tracking markers attached
on the human body. To obtain the physical information, force plates are used to
measure the force produced by human body with a mocap system. Since force
plates are placed on the floor, the internal forces of a human body cannot be
measured directly. To obtain the information of individual muscle, electromyo-
graph (EMG) sensors are often used. The sensors are attached to the skin above
the target muscles, and record the electrical activity produced by muscles. Since
using these sensors is high cost, it is useful and our future goal if physical infor-
mation is predicted only by a non-contact visual sensor. In this paper, we use
these sensors for training step of the proposed method, and compared to the
results in the evaluation.

The idea we adopt in this paper is to observe skin shape based on non-contact
visual measurement. If the activity level of a muscle changes, the skin above the
muscle deforms according to the muscle shape. It is therefore expected that
the skin shape has information to estimate the muscle activity. Since the skin
deformation is non-parametric and the difference between individuals is difficult
to model, we take an approach to learn the relationship between skin shape,
force produced by muscles, and muscle activity with the dataset simultaneously
acquired by a range sensor (a.k.a. depth sensor), a force sensor, and EMG sensors.

Range scans are captured frame-by-frame, and it is necessary to calculate
the deformation from the acquired data to prepare the dataset. The proposed
method consists of four steps: (1) acquire a dataset of various motions with a
range sensor, a force sensor, and EMG sensors, (2) extract the feature vector
of skin deformation by finding the correspondence between a template shape
and range scans, (3) train the database with acquire dataset, and (4) predict
force, muscle activity, and skin shape for input variables. The contribution of
this paper is summarized as follows.
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– It is demonstrated that visual measurement of surface shape can be used to
estimate arm muscle activation and force.

– The proposed approach based on learning the relationship succeeds to predict
force, muscle activity, and skin shapes each other.

2 Related Work

The analysis of skin deformation is studied in the field of computer graph-
ics. Skin deformation according to body pose is important factor to generate
a realistic model of human body. The methods of modeling muscles is classi-
fied to three approaches: geometrically-based, physically-based, and data-driven
approaches [8]. The first one models the animation effects of muscle contraction
and succeeded to model simple muscles. The second approach involves muscle
dynamics and tissue properties to model complex scene of muscles. The third
approach directly models the skin shape from the data captured by a mocap
system or a range sensor. Skin deformation between individuals are modeled in
[1]. The deformation of body shape according to poses are modeled in [3]. The
muscle deformation is model from the range data obtained by a depth camera
in [18]. In [17], the skin deformation is learned with respect to the pose and
acceleration of body parts by kernel regression. The acceleration is used as the
external force for each body part. In [14], the skin shape of a moving arm with a
barbell in the hand is captured, which is used as external force. The relationship
between body pose, body shape and external force is learned by kernel ridge
regression. The shape is parameterized base on [20]. The relationship learned
from the dataset is used for synthesizing skin shape for a new pose and external
force. The co-contraction of multiple muscles is not considered in the methods.
The problem considered in their paper is an inverse problem of estimating force
from skin shape, which is tackled in this paper.

To capture dynamic objects by non-contact visual sensors, various methods
have been proposed, which are roughly classified to passive and active meth-
ods. From the viewpoint of accuracy and robustness, active methods are easy to
apply. In active methods, Time-of-Flight (TOF) cameras and triangulation based
methods are widely used. TOF cameras project temporally-modulated light pat-
terns and acquire a depth image at once by capturing the reflections [13]. In
triangulation-based methods, two approaches have proposed to capture dynamic
object: temporal-encoding [23,27] or spatial-encoding method [12,19,22]. While
temporal-encoding methods need to project multiple patterns, a spatial-encoding
method is suitable to capture dynamic scenes because a single image of a fixed
projector pattern is sufficient for reconstruction.

Since skin deforms nonrigidly, nonrigid surface registration techniques are
required to find the correspondence between a template shape and range scans.
The surface registration techniques can be divided into three categories in terms
of regularizations that they use: smoothness regularization, isometric regular-
ization and conformal regularization. Early approaches [1,2,24,25] are based on
smoothness regularization. These techniques are very flexible in that they can
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Fig. 1. The setup of the
experiment: The skin
shape of the arm of a
subject is observed by
using a range sensor.

Fig. 2. (a) An input image of the projector-camera
system that casts the static wave-grid pattern on
the target. (b) The shape computed from the
image (a).

change the shape of the template quite largely; for example, they can deform a
sphere into a tooth, if adequate landmarks are given. However, they are poor at
preserving template details and mesh structures, which means that they need
many landmarks to work properly. In contrast, the isometric (as-rigid-as pos-
sible) regularization can preserve original template details and are commonly
used in automatic registration techniques [7,9,21]. The drawback of these meth-
ods are that they are incapable of handling models with different sizes or those
which undergo large local stretching. Recently, the techniques based on con-
formal (as-similar-as possible) regularization [10,16,26] are proposed to achieve
both flexibility in changing shapes and preservation of mesh structure. They are
based on angle-preserving deformation.

3 Data Acquisition

In this paper, we analyze the relationship between the skin shape and the muscle
activity of a person. However, the shape of skin can be affected by other various
conditions. For example, the skin shape depends on the angle of the joint even
if the muscle is relaxed, and the muscle mass is different between individuals.
Therefore, we simplify the condition considered in this paper, and focus on the
relationship between skin shape and muscle activity. Figure 1 shows the setup of
the experiment we analyze in this paper. We observe the skin shape of the arm
of a subject from the side by using a range sensor. The elbow joint is almost
fixed so that the angle is 90 degrees by strapping the wrist to a pole. When
the subject pushes down or pulls up the wrist by trying to straighten/bend the
elbow, the force transmitted from the pole is measured by the force sensor. In
this situation, the force is mainly produced by biceps and triceps muscles. The
muscle activity is measured by two EMG sensors placed on the skin above the
muscles. Our challenge is to estimate the muscle activity and the produced force
from the skin shape, which is the first approach to the best of our knowledge to
derive muscle activation from visual observations even in the limited situation.
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Fig. 3. (a) An example of the force and muscle activity simultaneously acquired in a
push-and-pull sequence. (b) The range of force of all sequences is -110∼+75N. The force
is measured along the vertical axis, and the upward direction is positive. (c) The dis-
tribution of the activity of two muscles. It shows that both muscles are simultaneously
active a some sequences.

The shape of the skin is deformed according to the muscle activity. We
observed the shape of the front and upper arm at 30∼50 frames/second by using
a projector-camera system proposed in [19]. Since the shape of a front arm is
affected by the wrist and hand pose, the wrist angle is fixed to be straight as
much as possible and the hand stays open and relaxed during the shape acqui-
sition. The shape of the hand is omitted from the analysis to remove the effect
in the experiment. Figure 2 shows one of the frame of the range sensor. (a) is
the input image of the projector-camera system that casts the static wave-grid
pattern on the target. (b) is the shape computed from the image (a). The image
acquisition is synchronized with the force sensor and the EMGs.

We captured three types of the sequences: pull-up, push-down, and push-
and-pull motions. In the push-and-pull sequences, the subject changed the force
direction during the sequence, while the pole was continuously pulled up or
pushed down the pole during the pull-up and push-down sequences. 10 K frames
of range scan are obtained in total. An example of the force and muscle activity
is shown in Fig. 3(a). The force is measured along the vertical axis, and the
upward direction is positive. The range of force of all sequences is -110∼+75N as
shown in Fig. 3(b). The muscle activity is defined as the integrated EMG signal
normalized by the signal of the maximal voluntary contraction (MVC) [11].
If it is close to zero, the muscle is relaxed. Since this sequence is one of the
push-and-pull sequences, the co-contraction of the biceps and triceps muscles is
observed. Figure 3(c) shows the distribution of the activity of two muscles, and
both muscles are simultaneously active in some sequences.

4 Feature Extraction of Skin Deformation

The skin shape deforms according to the muscle activity. We use the deformation
of a template shape as the feature vector to explain the state of muscle.The
template shape is a range scan with the least muscle activity chosen from all
range scans. The deformation of the template shape are calculated for all vertices
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of each frame. Since the range scans is captured by the range sensor frame-by-
frame, the deformation is calculated by finding the correspondence between the
template shape and each range scan by the method explained in Sect. 4.2.

4.1 Defining Feature Vector to Explain Skin Deformation

The template shape is represented as a set of 3D vertices. Now, we assume each
vertex v of the template shape corresponds to the point P (v) of a range scan.
Although we want to extract the skin deformation caused by muscle activity,
the difference P (v) − v includes the change of arm pose in addition to the skin
deformation. Although the arm is almost fixed in the experiment of this paper,
it slightly moves and the elbow angle changes. Additionally, we assume the arm
pose does not affect the skin deformation since the arm motion is small. If we
know the arm pose, the relationship between P (v) and v is written as

P (v) = R(v + d(v)) + t, (1)

where R and t are the rotation and translation calculated by the arm pose for the
vertex, respectively. d(v) is the vector of skin deformation, which is used as the
feature to explain the muscle activity. d(v) is calculated from the correspondence
by d(v) = RT (P (v) − t) − v.

Once the skin deformation d(v) is calculated for each vertex of the template
shape, the feature vector Dk for k-th range scan is defined by

Dk = [dk(v1), dk(v2), . . . dk(vM )], (2)

where M is the number of vertices in the template shape. Since dk(v) is a three-
dimensional vector, the length of feature vector Dk is 3M .

4.2 Finding Correspondence Between the Template Shape
and Each Range Scan

Calculating the skin deformation d(v) is based on finding the correspondence
between the template shape and each range scan. The surface of an arm changes
according to the arm pose and the muscle activity under the skin. Although the
arm pose can be estimated by the registration of articulated model or by using
a motion capture system, the residual of the deformation is not explained by
an articulated model. Therefore, a method of vertex-wise nonrigid registration
between two models is necessary to find the correspondence for each vertex.

Nonrigid registration is achieved using the conformal (angle-preserving) reg-
istration technique [26] that can capture spatially-varying scale changes in order
to capture muscle bulges. This technique assigns an affine transformation Xi to
each vertex of the template shape and optimizes the transformation to attract
the template toward a range scan while preserving the angles of triangle meshes
as much as possible. We use the as-similar-as possible formulation that constrains
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Fig. 4. The template shape and a range
scan is represented by black and green
curves. The range scan aligned by using
the relative pose is represented by the
blue curve (Color figure online).

Fig. 5. The curved surface represents
the B-spline function fitted to the red
points, which are the deformation of
captured data (Color figure online).

affine transformations to similarity transformations. Let X = [X1 . . . XM ]T be
the affine transformations associated to vertices. We define the cost function

E(X) = wASAPEASAP + wregEreg + wClosestEClosest, (3)

where EASAP constrains deformation as similar as possible, Ereg acts as a regu-
larization term to avoid extreme local deformation, EClosest penalizes distances
between the closest points of template and target surface. The energy is mini-
mized using the alternating optimization technique where the first step optimizes
the vertex positions with fixed transformations and the second step optimizes
affine transformations with fixed vertex positions.

Once Xi is estimated, the corresponding point is expressed by P (vi) = Xivi.
To cancel the effect of the pose, The rotation R and translation t are calculated
by assuming locally rigid around each vertex. The parameters are estimated by
minimizing the following equation:

arg min
R,t

∑

v′∈N(v)

(Xiv
′ − Rv′ − t)2, (4)

where N(v) is the set of neighborhood vertices that satisfies ‖ v′ − v ‖< r. r is
a user-defined threshold of the radius around the vertex.

Figure 4 illustrates the calculation of the skin deformation d(vi). The template
shape and a range scan is represented by black and green curves. The correspond-
ing pointXivi for a vertex vi is found by nonrigid registration. The rotationR and
translation t for each vertex of the range scan relative to the template shape is esti-
mated by Eq. (4). The range scan aligned by using R and t is represented by blue
curve. d(vi) is calculated as the difference of the corresponding points between the
template shape and the range scan of aligned pose.
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5 Learning the Relationship Between Skin Shape, Force,
and Muscle Activity

Although the setup of the experiment performed in this paper is simple, multiple
muscles affects the skin shape, and the shape of each muscle and the amount of
fat under the skin are unknown. It is therefore difficult to model the skin shape
based on the muscle model. Instead, we learn the relationship between skin and
muscle from the acquired data. We obtained the skin shape, the force produced
by an arm, the muscle activity measured by EMG sensors. We consider three
problems in this section.

The first problem is estimating the force from the skin shape. If the force is
calculated from the skin shape, which is obtained by non-contact sensor, it gives
useful information for biomechanical analysis.

The second one is estimating muscle activity from skin shape. The force
produced by an arm is the result of multiple active muscles. If the force can be
estimated from the skin shape, it should be able to detect the co-contraction of
multiple muscles. We clarify if the skin shape reflects the muscle activity.

The third one is the inverse problem of the second one. If the relationship
between skin shape and muscle activity is one-to-one correspondence, the skin
shape can be synthesized from a given state of muscle activity, which is useful
to generate realistic model of human skin.

Since the skin deformation is non-linear, they are problems to determine the
non-linear function between the given data and the estimated result. We find
the function by learning-based approach. Since the all values of skin deforma-
tion, force, and muscle activity are continuous, they are defined as non-linear
regression. We chose Random Forests (RF) [4] as the learning method in this
paper, which is applied for regression problems [5,6,15].

5.1 Estimating Force from Skin Shape

The first problem is to estimate the force f from a given feature vector D of the
skin. The function Ff to be determined is defined as f = Ff (D). In this definition
of the problem, the muscle activity is not considered explicitly, and we estimate
the force directly from the skin shape. EMG sensors are not necessary for this
estimation, we use them to check if the co-contraction is occurred or not as
shown in Fig. 3(a).

In the training phase, we have multiple training examples (Dk, fk), k =
1, . . . , L, which are obtained at L camera frames during data acquisition. The
RF algorithm builds multiple decision trees, of which each leaf node stores the
values of f . In the predicting phase, a new feature vector of skin deformation
Dnew is given and applied to the decision trees. The predicted value of f for
Dnew is calculated as the average of multiple leaf nodes.

Each training example is constructed from the data of a single camera frame,
and the prediction phase is performed frame-by-frame. No temporal information
is used in the current implementation. The number of vertices in the template
shape is about 8 K∼15 K points.
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5.2 Estimating Muscle Activity from Skin Shape

The second problem is to estimate the muscle activitya from a given feature vector
D of the skin. The function Fa to be determined is defined as a = Fa(D). Because
we used two EMG sensors in this paper, the activity state a is a two-dimensional
vector a = (at, ab), which are activities of triceps and biceps, respectively.

The training and predicting phase is similar to the case of estimating force,
but the output of the prediction is a two-dimensional vector a. The prediction
phase is also performed frame-by-frame in this estimation.

5.3 Synthesizing Skin Shape from Muscle Activity

The dataset of the third problem is the same with the second one, but the input
and output data are swapped. The feature vector D of the skin is estimated
from a given muscle activity a. The function FD to be determined is defined as
D = FD(a), which means we assume the skin shape only depends on the activity
of muscles that relates to the skin if the joint angle is known.

The captured shape is actually affected by other reasons such as the activity
of another muscle and the error of the measurements. We estimate the function
by approximating the measured deformation to determine the deformation vector
uniquely with respect to muscle activity a. Since the motion of muscles is smooth,
we estimate a B-spline function defined by

FD,i(at, ab) =
∑

t=1,2,3,b=1,2,3

pt,bwt,b (5)

[wt,b] = AT
t Ab, At = atW, Ab = abW,

for i-th dimension of the feature vector D, where pt,b(t = 1, 2, 3, b = 1, 2, 3) are
9 control parameters of B-spline function, at = [a2t , at, 1], ab = [a2b , ab, 1], and a
3×3 matrix W = 1

2 [1,−2, 1;−2, 2, 0; 1, 1, 0]. The muscle activities are normalized
to the range 0∼1.0 by using MVC. The total number of parameters are 27M for
M vertices of the template shape. pt,b for i-th dimension of D is estimated by
minimizing the error

∑
k(FD,i(at, ab) −Dk,i)2, where Dk,i is the i-th dimension

of D.
Figure 5 shows an example of the approximating function. The curved surface

represents the B-spline function fitted to the red points, which are the deforma-
tion of captured data. If an activity state a is given, the deformation vector is
calculated by FD(a) for each dimension, and the skin shape for the state is cal-
culated by adding the deformation vector to the template shape. The captured
data is expected to cover the space of the input activity a for this approach to
work properly.

6 Experiments

In the experiments, we analyze if the skin deformation has sufficient information
to explain the force produced by the arm and the muscle activity. First, we
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Fig. 6. The results of predicting force are shown for 9 sequences. The solid curves are
the results of prediction and the dotted curves are the values measured by the force
sensor: (a) the results of three sequences of pull-up motion. (b) the results of three
sequences of push-down motion. (c) the results of three push-and-pull motion.

test the force estimation from the skin shape. We evaluate the accuracy of the
predicted force by using the trained database. The accuracy is calculated based
on leave-one-out cross-validation by using 48 acquired sequences of 200 frames.
Figure 6 shows some of the results of predicting force. The solid curves are the
results of prediction and the dotted curves are the values measured by the force
sensor. The results of three sequences of pull-up motion is shown in (a). The RMS
error of pull-up sequences is 5.31N. Since the maximum force in the sequences is
about 75N, the error is less than 10 % of the range. The results of three sequences
of push-down motion is shown in (b), and the RMS error is 11.87N, which is
larger than that of the pull-up sequences. The reason is considered that the
movement of triceps is smaller than that of biceps and the viewing direction
of the range sensor was not the best for observing the triceps. The results of
push-and-pull motion is shown in (c), and the RMS error is 13.97N. Although
the co-contraction occurs in the push-and-pull sequences as shown in Fig. 3(a),
the proposed method succeeded to predict the force for each frame.

The next experiment is estimating muscle activity from skin shape. Figure 7
shows the results of predicting muscle activity. The solid curves are the results of
prediction and the dotted curves are the values measured by the EMG sensors.
The blue curves indicate the values of biceps, and the green curves are those of
triceps. The sequences in Fig. 7 are the same ones in Fig. 6. The RMS error of
pull-up sequences shown in (a) is 0.0227. The RMS error of push-down motion
shown in (b) is 0.0317. The reason that the error is larger than that of the pull-
up sequences is considered the same with the force estimation. The results of
push-and-pull motion is shown in (c), and the RMS error is 0.0598. Since the
error is sufficiently small compared to MVC, the proposed method succeeded to
predict the muscle activity from the skin shape. However, the sequences with co-
contraction have larger errors than the other sequences. It is considered because
the number of training examples with co-contraction were not large enough to
construct the database. To increase the training dataset is one of our future work
to improve the result.
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Fig. 7. The results of predicting muscle activity are shown for the same sequences
in Fig. 6. The solid curves are the results of prediction and the dotted curves are the
values measured by the EMG sensors. The blue curves indicate the values of biceps, and
the green curves are those of triceps. The activity values are normalized by maximal
voluntary contraction (MVC) (Color figure online).

Fig. 8. Three examples of synthesized
shapes are shown by changing the
biceps activity ab from 0.16 to 0.5,
while the triceps activity at is fixed
to 0.08. The muscle around the biceps
near the inside of the elbow bulges out
according to the activation.

Fig. 9. A dynamic scene of catching a
dropped bottle is captured. The weights
of the bottle are light (0.65 kg) in (b) and
heavy (1.80 kg) in (c). The shapes of the
arm have difference around the biceps.

The next experiment is synthesizing skin shape from muscle activity. We syn-
thesize the skin shapes based on Eq. (5) for given muscle activity. Figure 8 shows
three examples of synthesized shapes by changing the biceps activity ab from
0.16 to 0.5, while the triceps activity at is fixed to 0.08. The muscle around the
biceps near the inside of the elbow bulges out according to the activation. 6.5 K
frames of the captured data is used as the training set for the approximation.
The accuracy of the synthesized deformation vectors is estimated by using 4.9 K
frames that are not in the training set. The RMS error of deformation vector is
1.09 mm.



Analyzing Muscle Activity and Force with Skin Shape 499

Fig. 10. Two examples of predicting force by changing how to catch. The solid lines
are the results of the predicted force by observing the arm by the proposed method.
The dotted lines are the force calculated from the motion of the bottle obtained by
using a motion capture system. The blue lines are the results of a light bottle, while the
red lines are those of a heavy bottle. The frame rate of the camera is 30 frames/second,
while that of the motion capture system is 120 frames/second (Color figure online).

The last experiment is observing a dynamic scene of catching a dropped
bottle shown in Fig. 9(a). We tried to estimate the force during catching by
changing the weight of the bottle. Figure 9(b) is the frame at the moment of
catching of a light bottle (0.65 kg), and (c) is that of a heavy bottle (1.80 kg).
While it is difficult to recognize the difference in the input images, the shapes
have difference around the biceps. Figure 10 shows the results of the predicted
force by observing the arm by the proposed method (solid lines). The force
is compared to the one calculated from the motion of the bottle obtained by
using a motion capture system (dotted lines). The blue lines are the results of
a light bottle, while the red lines are those of a heavy bottle. The frame rate
of the camera is 30 frames/second, while that of the motion capture system is
120 frames/second. Although the frame rate of the camera was not sufficient to
observe the impact, the proposed method successfully estimated the force in the
following frames. Figure 10(a) and (b) are two examples of predicting the force
by changing how to catch. The predicted forces clearly have difference between
the light and heavy bottles. Since the motion of the wrist is obtained by nonrigid
registration, the weight of the bottle can be estimated from the force and the
acceleration of the wrist motion. By using frames that the acceleration is small
to reduce the noise in calculating the second order derivative of the motion, the
average weights estimated for the light bottle are 0.92 kg and 0.79 kg for these
two examples, while those of the heavy bottle are 1.46 kg and 1.57 kg. The error
of the estimated weight is 0.1∼0.4 kg. The results indicate that the proposed
method can recognize which bottle is heavy from the visual information without
using contact sensors at the testing phase.
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7 Conclusion

Obtaining physical information by using non-contact visual sensor is important
for the applications with physical interaction in the real world. As one of esti-
mating physical information by vision, we proposed a method to analyze the
relationship between skin deformation, force produced by muscles, and muscle
activity in this paper. We acquired the dataset simultaneously acquired by a
range sensor, a force sensor, and EMG sensors. Since the range sensor based
on non-contact visual measurement can capture the dense shape of skin, the
skin deformation caused by muscle activation is calculated by finding the corre-
spondence between a template shape and each range scan. The database of the
relationship between skin deformation, force, and muscle activity is constructed
by learning based on Random Forests. The proposed method succeeded to three
prediction problems: estimating force from skin shape, estimating muscle activ-
ity from skin shape, synthesizing skin shape from muscle activity. The results of
experiments shows that skin shape obtained by non-contact visual measurement
has useful information to estimate the muscle force and muscle activation.

In our future work, we plan to improve the prediction of force and muscle
activation. One idea is to construct the database by increasing the parameters
of the setup, for example, multiple subject, flexible joint motion, and multiple
joints of human body. Additionally, we will observe the motion of the skin at
the moment of impact by using a high speed camera to analyze dynamic motion
more deeply.
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