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Abstract

Consumer-grade, real-time motion capture devices are becoming commonplace in every household, thanks to the

recent development in depth-camera technologies. We introduce a new approach to capturing and reconstructing

freeform, full-body human motion using force sensors, supplementary to existing, consumer-grade mocap systems.

Our algorithm exploits the dynamic aspects of human movement, such as linear and angular momentum, to provide

key information for full-body motion reconstruction. Using two pressure sensing platforms (Wii Balance Board)

and a hand tracking device, we demonstrate that human motion can be largely reconstructed from ground reaction

forces along with a small amount of arm movement information.

Categories and Subject Descriptors (according to ACM CCS): Computer Graphics [I.3.7]: Three-Dimensional

Graphics and Realism—Animation; Simulation and Modeling [I.6.8]: Types of Simulation—Animation;

1. Introduction

3D human motion capture and reconstruction came a long

way from expensive, cumbersome mechanical systems to

markerless, real-time devices affordable to every household.

Nintendo Wii was the first immersive gaming platform with

the accelerometer-based gesture recognition system. Sony

Playstation Move introduced a more accurate hand track-

ing system using a single video camera. The success of Mi-

crosoft Kinect, a depth-camera gaming accessory sold eight

millions in 60 days, demonstrated that consumer devices

with capability of recognizing human movement are becom-

ing commonplace in our daily life. Although the accuracy

and quality of the motion produced by consumer-grade de-

vices are still not on par with high-end optical motion cap-

ture systems, their capability is sufficient for everyday appli-

cations, such as video games or user interfaces for electronic

devices.

Today, most widely used mocap systems employ vision-

based techniques to capture 3D positions of a set of body

points, followed by an inverse kinematics procedure to re-

construct joint angles. Vision-based approaches have nu-

merous advantages over other systems, but the output qual-

ity suffers when the user is heavily occluded (including

self-occlusion) or under poor lighting condition. In view of

these drawbacks, we propose a new way to capture and re-

construct 3D human motion supplementary to vision-based

techniques. Our approach leverages ground reaction forces

from force sensors to approximate full-body pose and only

uses vision devices to track the hand positions of the user.

Because we largely reduce the dependency on vision de-

vices, our technique is open to any algorithms and consumer-

grade devices capable of hand tracking.

The motivation of using ground reaction force to recon-

struct human motion is inspired by the previous studies

of linear and angular momentum of human motion. Re-

searchers in both computer animation and robotics have

demonstrated that regulating body momenta is one of the

most effective ways to control full-body human movement

for a variety types of motions. Therefore, we hypothesize

that body momenta provide a very important piece of clue

such that only very little additional information, positions of

hands and feet, is needed to reconstruct the full-body motion.

We could employ a vision-based mocap system to approxi-

mate body momenta by measuring the position of a dense

set of body points. However, a much more effective way to

obtain body momenta is through measuring external forces

applied on the user and the center of pressure of the user.

With this information, we can directly derive linear and an-

gular momentum of the full body using Newton Second Law,

rather than approximating them with a set of measured body

points.

To this end, we design an accessible mocap system based

on two Wii Balance Boards and a hand tracking device.

Our primary demonstration uses Sony Palystation Move as

the hand tracking device, but we also show that other mo-

tion gaming systems, such as Nintendo Wii and Microsoft
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Kinect, can be incorporated with our method. Our approach

leverages Wii Balance Boards to enable full-body tracking

capability for Wii and Playstation systems, and improve the

quality of motion for the Kinect system. During the capture

session, the user simply stands on the Wii Balance Boards.

If Wii or Playstation systems are used, additional Wiimotes

or Move controllers need to be held in the user’s hands. No

special garment or markers are required to use the system.

While Move and Kinect provide more accurate hand posi-

tions, an addition benefit with Wii system is that it can be

operated in any location (indoors or outdoors) under any

lighting condition.

Though affordable, a Wii Balance Board only measures

the vertical component of the contact force and a coarse ap-

proximation of the center of pressure. Similarly, a Wiimote

only provides noisy acceleration data for slow movement in

the local frame of the device, rather than accurate positional

data in the world frame. The main difficulty of construct-

ing such a system arises from the inherent limitations of the

low-cost sensors and numerical errors. In addition, real-time

reconstruction of freeform, full-body poses based only on

sparse sensor information presents great engineering chal-

lenge. Our inverse kinematics procedure based on Principle

Component Analysis and Fibonocci search achieves these

goals at the rate of 60 frames per second.

We demonstrate sequences of arbitrary freeform motion

captured in a live setting. The goal of this work is not to

compete against the vision-based mocap systems in terms of

motion quality and accuracy, but rather to demonstrate that

the force sensor can provide significant benefit to existing,

consumer-grade mocap systems. The accuracy of the system

is evaluated visually and quantitatively by comparing the re-

sults with a lab-grade optical motion capture system. Our re-

sults show that Sony Playstation Move and Wii systems can

potentially track full-body motion if augmented with force

sensors. We also demonstrate that, when subject to occlu-

sion, the quality of the poses reconstructed by Kinect can be

largely improved by exploiting the dynamics aspect of hu-

man movement.

2. Related Work

Vision-based motion capture systems have been widely used

in applications ranging from military training to rehabili-

tation, to recreation. Top-of-the-line optical motion capture

systems provide great accuracy and high temporal resolution

but usually require the subject to wear retro-reflective mark-

ers or powered LED markers in a calibrated space with mul-

tiple cameras [Vic, Pha]. These devices produce clean 3D

position of markers placed densely on the subject’s body.

Reconstruction of human poses usually involves marker la-

beling and inverse kinematics, both of which can be solved

reliably and efficiently by existing techniques. Markerless

motion capture systems have also been proposed and stud-

ied extensively. With careful calibrated environment, mul-

tiple video cameras can be used to capture human motion

[CTMS03,CBK05, dAST∗08]. Recently, markerless motion

capture systems have advanced rapidly thanks to the break-

through development in the technology of depth- cameras.

With a single consumer-grade depth-camera [Mic,Pri,Can],

approximated human poses can be captured and recon-

structed in real-time. New applications in this extremely

active and unexplored area are proposed everyday by re-

searchers and hobbyists in public domains [Ope,Kin]. Nev-

ertheless, the raw data collected by a single depth camera

are usually ambiguous for certain human poses and sensitive

to occlusion. As a result, the reconstruction of human mo-

tion highly depends on heuristics, prior knowledge, and pre-

captured kinematic data. Our technology is complementary

to any vision-based systems. In particular, systems using a

single depth camera can benefit from our method whenever

there is occlusion or ambiguity in pose reconstruction.

Based on miniature inertial sensors, such as accelerome-

ters, gyroscopes, gravitometers, or magnetometers, inertial

motion capture systems measure linear acceleration and an-

gular velocity at different body locations by placing a dense

set of inertial sensors on the subject [XSea]. To obtain the

position and the orientation of the body part, we need to in-

tegrate the raw data over time which inevitably introduces

significant numerical drift. A few systems combine acoustic

sensors to reduce accumulation errors [VAV∗07, Int], but the

precision of the position information achieved by these sen-

sors is still not on par with that of optical motion capture

techniques. In spite of these limitations, Slyper and Hod-

gins [SH08b] used five accelerometers along with a database

of pre-captured motions to reconstruct upper body motions.

Shiratori and Hodgins [SH08a] demonstrated that Nintendo

Wiimotes can be used to control a simulated biped character.

In one of our systems, we use two Wiimotes to reconstruct

arm motion. Instead of integrating the sensor data, we use a

Cascade Neural Network to map the sensor input data to the

most plausible arm pose.

Force platforms do not directly measure human motion,

but they capture ground reaction forces generated by the

body movement. Advanced platforms provide center of pres-

sure and both vertical and shear forces [Adv]. More com-

monly used devices only measure the pressure pattern at the

contact area but do not provide shear forces. Yin and Pai

demonstrated that a pressure sensor pad, XSensor [XSeb],

can be an intuitive interface to control virtual characters

performing pre-captured motions [YP03]. Our system uses

a much simpler and lower cost device, Wii Balance Board

[Wii] and we do not require a database of pre-captured mo-

tions at runtime. Although the Wii Balance Board cannot

provide horizontal force needed to compute the center of

mass (COM) of the user, we observe a strong correlation

between the vertical forces distribution and the horizontal

movement of the COM. Our algorithm is able to exploit this

relationship to reconstruct the 3D linear momentum.
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Inverse kinematics (IK) is a common technique for recon-

structing poses from 3D marker positions measured by opti-

cal mocap systems. Reliable and efficient methods have been

proposed and adopted widely by animation and robotics ap-

plications [Wel93,ZB98,YN03]. A few IK algorithms utilize

a database of pre-captured human motion to produce more

natural poses [WH97,RSC01,KG04,GMHP04].We also for-

mulate an IK problem to reconstruct a pose from sensor data

at each time step. Without dense marker positions, our IK

method is still able to reconstruct plausible poses based on

the linear and angular momentum constraints, and a solu-

tion space biased toward the example poses. In addition, we

overcome the intensive computation of linear and angular

momentum constraints by breaking a high-dimensional op-

timization into a sequence of one-dimensional subproblems.

The importance of linear and angular momentum for

biped motion has been demonstrated in various applications

from humanoid robots [KKK∗03,GK04,HP08] to character

animation [LP02, ALP04, KLK04,MZS09]. Much previous

work focused on regulating body momenta to achieve task-

level goals and maintain balance. Our work further demon-

strates that body momenta provide the crucial information

for kinematic pose reconstruction.

3. Overview

We design a real-time system to demonstrate that freeform,

full-body human motion can be largely reconstructed from

ground reaction forces along with a small amount of hand

movement information. Our system uses two Wii Balance

Boards to reconstruct core features of human motion in-

cluding linear momentum, angular momentum and foot po-

sitions. These features enable us to approximate torso and

lower body movements. The detailed arm motion, however,

requires additional sensors to detect hand positions.

Our technique works with any sensor device capable of

tracking hand positions. We demonstrate three stand-alone

mocap systems by augmenting popular gaming input de-

vices, PlayStation Move, Nintendo Wiimote, or Microsoft

Kinect, with consumer-grade force sensors. Nintendo Wi-

imotes do not provide positions of hands and require ad-

ditional algorithms to recover positions from accelerametor

data. On the other hand, Microsoft Kinect provides 3D hand

positions along with other 13 feature points on the human

body, which is more than necessary for our system. In the

following sections, we will describe howWii Balance Board

can enable the functionality of full-body tracking forWii and

Playstation, and improve the pose quality for Kinect. The

overview of the system is described in Figure 1.

4. Force Sensors

Assuming there is no external force applied on the user other

than gravity and the ground reaction force, the rate of mo-

Figure 1: System overview.

menta of the user can be computed by

Ṗ= mg+F

L̇= (p− c)×F (1)

where P and L are the linear and the angular momentum

respectively, mg is the gravitational force, F is the ground

reaction force, c is the center of mass (COM), and p indicates

the center of pressure (COP). In theory, if we can acquire

accurate ground reaction forces and the COP in real-time, we

can reconstruct body momenta from the current state of the

user by applying Equation 1 and the numerical integration.

In practice, a 6-axis force platform capable of measur-

ing 3D forces and the accurate COP has a steep price rang-

ing from $5,000 to $25,000. Instead of using an expensive

equipment, we hypothesize that human body moves in a

highly coordinated fashion such that a simpler (and cheaper)

device is sufficient for computing body momenta. To this

end, we choose to use one of the most accessible pressure

sensing devices, Wii Balance Board, at the cost about $80.

Wii Balance Board uses four pressure sensors at the four

corners to measure the weight and the COP of the user. In

contrast to high-end force platforms, each sensor at the cor-

ner of the Wii Balance Board only measures the vertical

component of the contact force. The COP can be approxi-

mated by interpolating the four vertical forces, but the lack of

horizontal force measurement prevents us from reconstruct-

ing body momenta using Equation 1.

Despite that the measurement from Wii Balance Board

is theoretically insufficient to determine body momenta, our

algorithm is able to predict the horizontal motion based on

the following key observation: The aggregate vertical con-

tact force does not provide any information about horizon-

tal motion, but if we consider each individual vertical force

measured at the corner separately, the distribution of the ver-

tical force shows strong correlation to the horizontal motion

of the COM. Our system further exploits two Wii Balance

Boards, one for each foot, to measure contact force distri-

bution in eight locations. In the rest of the section, we will
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describe the reconstruction of linear momentum for vertical

and horizontal components separately, followed by the re-

construction of angular momentum and the foot positions.

4.1. Vertical linear momentum

Vertical linear momentum can be directly computed from

contact forces measured by Wii Balance Board and numeri-

cal integration. Because our algorithm directly uses the posi-

tion of the COM to reconstruct the full-body pose, we need

to integrate the measured contact force twice at each time

step.

c
(t+1)
y = c

(t)
y + ċ

(t)
y h+

Fy

m
h2 (2)

We apply discrete Kalman Filter [Ras] to remove some of

the noise in the input data. However, as long as the time step

h is greater than zero, numerical error will accumulate and

the position of the COM will eventually drift. We develop a

practical solution to the issue of numerical drift.

From our empirical data, a common source of numerical

drift comes from outliers in the acceleration domain. Al-

though short lasting, one time step of outlier acceleration can

cause the velocity to spike. Even if the acceleration imme-

diately drops to zero thereafter, the velocity will remain at a

high constant value and the position in turn will drift rapidly.

From the empirical observation of human motion, it is a rare

situation when the COMmoves at a nonzero constant speed.

Our analysis shows that less than 0.5% of the motion in a

large dataset (four minutes) maintains a nonzero constant

COM velocity more than 0.05 second. In other words, when

the acceleration of the COM is zero, the velocity of the COM

is very likely to be zero. Based on this observation, our algo-

rithm gradually reduces the vertical velocity of the COM to

zero, when the vertical acceleration of the COM is near zero

for a short period of time.

4.2. Horizontal linear momentum

Unlike vertical linear momentum, we cannot measure the

horizontal forces directly from the Wii Balance Board. We

therefore employ a data-driven approach to learn a predic-

tive model that captures the relation between the distribution

of the vertical contact force and the horizontal motion of the

COM (cx and cz).

To learn an effective model from data, we need to care-

fully select the features included in the input vector and the

output variables. For x-axis, our input vector is defined as

X= {F(t−1)
,F(t)

,c
(t−2)
x ,c

(t−1)
x ,c

(t)
x ,c

(t)
z } and the output vec-

tor is Y= {c
(t+1)
x }. For z-axis, we simply swap the subscript

x and z in the input and the output vectors. The first two terms

in X capture the change of force distribution (F contains ver-

tical forces measured by eight pressure sensors) from the

previous time step to the current one, while the last two

Figure 2: Left: Acquisition of training examples. Right: T-

pose for initial calibration.

terms indicate the current horizontal position of the COM.

We also include two previous positions of the COM, c
(t−2)
x

and c
(t−1)
x , in the axis of interest to provide approximated

velocity and acceleration of the COM.

We choose a nonlinear data modeling tool, artificial neu-

ral network (ANN), capable of modeling complex relation-

ships between inputs and outputs. To generate examples in

the training set, we simultaneously capture full-body motion

and vertical contact forces using a 12-camera Vicon system

and two Wii Balance Boards (Figure 2). The user performs

freeform motions that require change of COM horizontally

for about three minutes. The COM positions in the input and

output vectors of the training set can be computed from the

mocap data.

Cascade ANN For training ANN, we use a cascade-

correlation neural network. Cascade-correlation is a gener-

ative, feed-forward, supervised learning algorithm for arti-

ficial neural network [FL90]. It is different from standard

back-propagation algorithm in that it begins with a mini-

mal network and adds one hidden unit at a time automati-

cally through training. Therefore, cascade ANN is useful for

incremental learning and can be 10 times faster than back-

propagation algorithm.

The cascade ANN starts from zero hidden neurons, and is

trained until stagnation. We generate candidate hidden neu-

rons which are connected to all input and previous hidden

neurons and try to maximize the correlation between the ac-

tivation of the candidate units and the residual error of the

net. Candidate unit with the maximum correlation is added

to the net and links between selected unit and all output units

are generated. Weights to previous neurons are frozen after

being added and never changed in future epochs of training.

Keep adding new hidden units until overall error of the net

falls below the threshold.

4.3. Angular momentum

To compute the change of the angular momentum, we mod-

ify Equation 1 for two Wii Balance Boards:

L̇= (pL− c)×FL+(pR− c)×FR (3)
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where the subscripts L and R stand for left and right foot re-

spectively. The COP and vertical contact force are measured

directly using Wii Balance Boards. The horizontal force is

computed by double-differentiating the reconstructed hori-

zontal COM.

The angular momentum at each time stepL(t) is computed

via integration of L̇. Based on the same empirical rule we

apply to linear momentum for numerical drift reduction, we

gradually reduce L to zero when L̇ becomes zero for a short

period of time.

4.4. Foot positions

In addition to providing momentum information, Wii Bal-

ance Boards can also provide an approximated foot posi-

tion by measuring the COP. When the COP is near-static,

it is a good indicator of the center location of the foot. We

can then set positional constraints on the heel and the toes

accordingly for the full-pose reconstruction. Unfortunately,

the COP measured by the Wii Balance Board usually moves

rapidly around the foot even when the foot is completely

fixed on the board. This is due to the poor approximation of

the COP using only four pressure sensors at the corners.

We assume that the user does not intentionally slide her

feet on the Wii Balance Boards during the capture. This im-

plies that any change of the foot position must be achieved

by lifting the foot and placing it in a different location on the

board. Therefore, change of foot position can be detected if a

noticeable period of zero pressure on the Wii Balance Board

occurs. This assumption allows us to ignore most sporadic

COP movement, but it does not help us follow the user’s

foot positions. As soon as the foot is lifted from the Wii Bal-

ance Board, we lose all the information about the foot until

it reappears at a different location some time later.

Without additional device to track the foot, it is unlikely

to accurately predict the stepping length and the direction in

real-time. However, as long as one foot is still on the Wii

Balance Board, we still have the information of body mo-

menta which provides an approximated location of the un-

constrained leg. To generate more detailed motion for the

unconstrained leg, we use a heuristic to guess the vertical po-

sition of the foot. When the COP disappears from the board,

we lift the positional constraints on both heel and toes by

15cm. When the COP reappears on the board on a new loca-

tion, we gradually interpolate the foot position to that loca-

tion.

5. Arm Movement

With the information provided by Wii Balance Boards,

namely body momenta and foot positions, we are able to

reconstruct reasonable poses with plausible lower body and

torso motion. However, the arm motion, where most nuances

and details of human motion lie, is difficult to be recon-

structed by body momenta because arms have smaller mass

Figure 3: We use three poses to define the origin and the

three axes of the physical world for calibrating Playstation

Move.

comparing to the rest of the body. We describe three possible

devices to obtain the additional data for arm motion recon-

struction.

5.1. Vision camera: Sony Playtation Move

Sony Playstation Move is best suited for the purpose of our

system because it balances between accurate hand track-

ing and the cost of the device. The device consists of

one web camera (Eye Toy, $29) and two Move controllers

($39 apiece). Each Move controller is equipped with an ac-

celerometer, a gyroscope, a magnetometer, and an illumi-

nated sphere at its head. 3D position of the sphere can be

easily tracked in real-time. For the purpose of our system, we

only use the information about 3D position and ignore other

sensor data. The 3D position measured by a Move controller

needs to be converted to the coordinate frame of the virtual

world. We design a simple calibration process to match the

origin and axes of real world to those of the virtual world.

(Figure 3)

5.2. Inertial sensor: Nintendo Wiimote

Among all three devices, Nintendo Wiimotes (with Motion

Plus) provide the least accurate information for hand track-

ing. Each Wiimote ($38) is equipped with an accelerome-

ter that measures linear acceleration and a gyroscope that

measures angular velocity. Ideally, if we were able to track

hand positions using inertial sensors, our system would have

enough information to reconstruct full-body poses with plau-

sible arm movement. Unfortunately, inertial sensors are de-

signed to measure acceleration or velocity, rather than accu-

rate positional data. Directly integrating the inertial data over

time to obtain position is unreliable due to the noise and the

numerical drift. In addition, a Wiimote measures the acceler-

ation and the velocity in the local frame of the device. Using

an approximated world frame to compute the hand position

will further introduce errors.

Although we cannot integrate the inertial data to obtain

hand positions, it is possible to learn a neural network model

to directly reconstruct the arm joint angles. The main chal-

lenge is to select a set of appropriate features to include in
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the input vector. An exhaustive search of all possible subsets

of features is a prohibitively inefficient approach. We select

features based on our understanding of articulated rigid body

kinematics. Consider the following two equations that de-

scribe the relation between the sensor input and the motion

output:

ωωω = Jω (q)q̇ (4)

ααα = J̇v(q, q̇)q̇+Jv(q)q̈ (5)

where Jω and Jv are the Jacobians evaluated at the joint con-

figuration q. Assuming that the arm motion does not accel-

erate excessively (i.e. q̈ is relatively small), given the current

joint configuration of the arm qa, it is quite possible to train a

neural network model that captures the relation between the

combination of linear acceleration ααα and angular velocity ωωω ,

and the joint velocity q̇a of the arm.

Guided by these kinematic relationships, we define our

input vector as X = {q
(t)
a ,ααα

(t)
,ωωω

(t)}, where q
(t)
a is the cur-

rent arm joint configuration, and ααα
(t) and ωωω

(t) are the linear

acceleration and angular velocity of the hand measured by

the inertial sensor. Based on these features, we use cascade

ANN to predict the joint angles of the arm in the next time

step, Y= {q
(t+1)
a }.

5.3. Depth camera: Microsoft Kinect

Microsoft Kinect alone is sufficient to capture full-body mo-

tion in real-time. Using Kinect as a hand tracking device

might not be an economical design choice. However, Kinect

occasionally fails to estimate certain types of motion due to

self occlusion of the user. We demonstrate that combining a

depth camera with force sensors can improve the quality of

the full-body motion reconstructed by Kinect.

Kinect consists of an infrared laser projector and a

monochrome CMOS sensor (depth camera) which produces

a 2D depth map in size of 640 by 480 with an 1.3mm er-

ror per pixel. Details of skeleton reconstruction algorithm

of Kinect are not opened to public, but it roughly builds a

model using Maximum-A-Posteriori estimation with a huge

database of human poses. In terms of the implementation,

we use OpenNI framework to detect feature points. OpenNI

detects 15 joint positions, two of which provide the current

positions of the hands.

6. Motion Reconstruction

Our system requires a simple initial calibration procedure

to match the user and the character’s initial poses and mea-

sure the weight of the user. The user is asked to stand on the

Wii Balance Boards and assume a T-pose similar to Figure 2

for five seconds. During this procedure, we use Wii Balance

Boards to measure the weight and the COP of each foot. We

then set the joint angles of the character to a default T-pose

with the foot positions similar to the user’s. The initial COM,

COP, and joint angles used in body momenta and arm pose

reconstruction are taken from this initial pose of the charac-

ter.

At each time step, we formulate an optimization problem

to solve for a full-body pose q subject to reconstructed mo-

mentum P(t) and L(t) and measured end-effector positions

G(t).

min
q

‖P(q)−P(t)‖2+‖L(q)−L(t)‖2+‖G(q)−G(t)‖2 (6)

A real-time application usually cannot afford solving

this optimization at each time step, because it is high-

dimensional, nonconvex, and involving complex linear and

angular momentum constraints. Furthermore, because our

optimization problem is largely under-constrained, there ex-

ist many solutions but most of the resulting poses are unnat-

ural. To handles these two issues, we introduce a much more

efficient IK algorithm that leverages a generic set of recorded

poses (90 second range of motion). Similar to previous meth-

ods [GMHP04, IWZL09], we use examples to represent the

space of desired solutions. Our algorithm applies PCA on a

generic set of poses, but unlike Ishigaki et al. [IWZL09], we

break one high-dimensional optimization problem into a se-

quence of one-dimensional subproblems. To solve Equation

6, we perform one-dimensional Fibonacci search along each

principle component in the order of its importance. By solv-

ing the variables one by one, we can achieve faster perfor-

mance and more natural poses toward the principal compo-

nents. One drawback of 1D Fibonacci search is that it some-

times fails to achieve accurate solution and generates foot-

skating. In those cases, we use a conventional optimization-

based IK to solve for a small IK chain from the hip to the

foot. With simple Fibonacci search, our IK method runs at

160/60 Hz without/with a footskating cleaning routine re-

spectively. For the system that uses Wiimotes, we replace

the term that minimizes errors in hand positions in Equation

6 with a term that minimizes the error in arm joint angles.

7. Evaluation

We implemented and tested our system on the 3.20GHz CPU

with a single core. Our system can run at real-time with 60

frames per second (fps) in the worst case. Five minutes of of-

fline motion capture data were used to train one neural net-

work for the COM and two for the arms. We also took 90

seconds of the motion to compute the principle components

for the IK process. None of the offline data were used during

online capture sessions.

We performed two different types of evaluation on our

system. First, we provided live demonstrations of our system

running in real-time in the accompanying video. We showed

that our system is able to reconstruct freeform, full-body mo-

tion (Figure 4) on Playstation Move, Nintendo Wii, and Mi-

crosoft Kinect. Second, we showed a few comparisons to
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Figure 4: A random freeform sequence.

Figure 5: Left: Reconstructed vertical COM trajectory for

a squat motion compared with Vicon System. Right: Recon-

structed horizontal COM trajectories for a leaning motion

compared with Vicon system.

evaluate the accuracy of the reconstructed motion features,

the quality of our IK solutions, the improvement provided to

Kinect, and the importance of the angular momentum. We

also demonstrated that our system can be used by different

users without any modification.

7.1. Accuracy of reconstructed motion features

To assess the accuracy of the motions produced by our sys-

tem, we quantitatively compared the reconstructed motion

Figure 6: Left: Linear acceleration recorded by a Wiimote.

Right: Reconstructed shoulder (3-DOF) and elbow (1-DOF)

trajectories compared with Vicon System.

Figure 7: Left: A squat pose reconstructed by Microsoft

Kinect. Right: The same squat pose reconstructed by our sys-

tem.

features, namely momentum (by Wii Balance Boards) and

arm joint angles (by Wiimotes), to those directly measured

by a high-end Vicon motion capture system which consists

of 12 MX40+ cameras. The user’s motions were simulta-

neously captured by the Vicon system and our system. We

showed the comparison of a squat motion, a leaning motion

and a arm swing motion in Figure 5 and Figure 6 (Right).

For the COM reconstruction, although our results sometimes

exhibit more noise, they closely follow the motion capture

trajectory for the entire sequence. The arm reconstruction is

much more challenging given the large degree of noise in

the input data recorded by a Wiimote (Figure 6 Left). A few

parts of the reconstructed motion are not as accurate, but our

results are able to capture the characteristics of the motion

patterns recorded by the mocap system.

7.2. Quality of IK solutions

We provided a side-by-side comparison between the mo-

tion produced by our system (with Wii Balance Boards and

Playstation Moves) and the same motion captured by Vicon

MX40 12-camera system with 53 markers. If we treat the re-

sults from Vicon system as ground truth, our motion is com-

parable in overall quality, considering that much sparser sen-

sory information is available in our system. Biasing the IK

solution toward the subspace of example poses can largely

improve the quality of the reconstructed motion. Please re-

fer the video. However, our system occasionally generates

undesired artifacts around the shoulders and fails to capture

the subtle motion of the torso.

7.3. Improvement on Microsoft Kinect

Microsoft Kinect by itself can be used as a full-body pose

tracking device. Occasionally, Kinect fails to produce high-

quality poses due to the problem of occlusion. For example,

when the user crouches down, Kinect loses track of the lower

body completely. We tested a few known difficult poses for

Kinect and show that force sensors can help Kinect produce

reasonable poses when the depth camera does not provide

reliable data (Figure 7 and the video).
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Figure 8: Left: Pose reconstruction without angular mo-

mentum. Right: Pose reconstruction with angular momen-

tum.

7.4. Effect of angular momentum

The bottleneck of our system lies in the computation of an-

gular momentum. However, considering angular momentum

in pose reconstruction significantly improves the quality of

the motion (Figure 8 and the video). Without the angular

momentum, all body parts of the character tend to move in

unison to match the desired COM. When the additional con-

straint on the angular momentum is considered, relative mo-

tion between body parts becomes evident due to the effect of

moment of inertia.

7.5. Limitations

Our system has a few limitations due to the input sensors

and reconstruction algorithms. Although we overcome many

of the drawbacks, the Wii Balance Board is simply not de-

signed for mobile usage. As a result, the user’s locomotion

is constrained and the feet are bound to a small area.

The accuracy in the reconstructed motion is an aspect we

need to improve for applications demanding high degree of

accuracy. The small numerical drift is still the source of in-

accuracy and is inevitable due to the inherent limitations of

force and inertial sensors.

Although our system is able to reconstruct stepping, it be-

comes increasingly inaccurate after the foot leaves the Wii

Balance Board for a long period of time. We can approxi-

mate the leg position based on measured body momenta, but

detailed leg motion is not possible to reconstruct due to the

lack of sensor information. This drawback prevents us from

capturing some interesting lower body motion, such as kick-

ing or ballet dancing.

8. Conclusions

This paper introduces a real-time, 3D human motion capture

system using force sensors and a hand tracking device. We

are able to reconstruct freeform, full-body motion from two

Wii Balance Boards in conjunction with Sony Playstation

Move, NintendoWii, or Microsoft Kinect. Our algorithm ex-

ploits the dynamic aspects of human movement, such as lin-

ear and angular momentum, to provide key information for

full-body motion reconstruction. As an alternative to vision-

based, real-time mocap systems, we demonstrate that human

motion can be largely reconstructed from ground reaction

forces along with a small amount of arm movement infor-

mation.

Besides Newtonian physics, our reconstruction depends

on neural networks trained from freeform motion data. We

found that cascade ANN a very effective tool to avoid over-

fitting when learning a complex, nonlinear relation between

sensor inputs and motion outputs. However, the key to a ro-

bust neural network model lies in feature selection. By ap-

plying the prior knowledge in kinematics and dynamics of

human motion, we selected features that are mostly relevant

to motion reconstruction while maintaining a manageable

size of input domain.

One exciting future avenue is to explore the possibility to

replace force sensing platforms with a pair of force sensing

shoes. The user will no longer be bound to a fixed location

and will be able to locomote freely in the space or even out-

doors while being motion captured. This system can poten-

tially be a low-cost, portable mocap solution for many prac-

tical applications.
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