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Abstract: Several digital human softwares have shown the capabilities of 
simulating simple reach motions. However, predicting the dynamic effects on 
human motion due to different task loads is still immature. This paper presents 
an optimisation-based algorithm for simulating the dynamic motion of a digital 
human. The hypothesis is that human performance measures such as the total 
energy consumption governs human motion; thus the process of human motion 
simulation can be formulated as an optimisation problem that minimises human 
performance measures given at different constraints and hand loads, 
corresponding to a number of tasks. General equations of motion using 
Lagrangian dynamics method are derived for the digital human, and human 
metabolic energy is formulated in terms of joint space. Joint actuator torques 
and metabolic energy expenditure during motion are formulated and calculated 
within the algorithm, and it is applied to SantosTM, a kinematically realistic 
digital human, developed at the University of Iowa. Results show that different 
external loads and tasks lead to different human motions and actuator torque 
distributions.  
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1 Introduction 

Virtual prototyping is a software-based engineering discipline that includes modelling 
and simulating a system and post-processing the results. All products are designed for 
humans to use, so it stands to reason that humans should be considered inside the design 
loop. The use of digital humans in virtual prototyping will provide feedback to designers 
and make physical prototyping unnecessary, reducing the number of product design 
iterations and saving money.  

This paper proposes a general mathematics-based approach that will predict human 
motion and performance levels for a given task. The hypothesis is that a human naturally 
moves in a way that minimises certain cost functions. We call these cost functions as 
human performance measures. We propose the implementation of an optimisation-based 
approach, whereby the human metabolic energy consumption in joint space is developed 
as a performance measure and utilised to predict realistic dynamic human motion. 

Various studies have been conducted on the simulation of human motion and posture. 
It is notable that most of the human motion simulation studies in the literature includes 
energy consumption formulations and have used them either as the driving functions or 
as the output measures. Khang and Zajac (1989) have conducted significant research on 
muscle energy analysis, joint torque, and muscle control. They have simulated paraplegic 
human anterior-posterior postural control in the sagittal plane by simplifying the links of 
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the ankle, knee, hip and trunk in two dimensions. A simple muscle model was used to 
formulate muscle activation and contraction dynamics. The muscle energy as a function 
of muscle active state and muscle force was minimised within the feedback control loop. 
Anderson and Pandy (2001) have simulated human gait based on their muscle energy 
function; they have shown that dynamic and static optimisation solutions for normal gait 
motion are very similar. Furthermore, regarding static optimisation problems for normal 
gait, they found that the force-length-veloctiy properties of muscle can be neglected 
without resulting in significant changes. They also suggested that minimising muscle 
fatigue at each instant is roughly the same as minimising metabolic energy expended per 
unit distance travelled over the duration of the gait cycle. Hase and Yamazaki (1997) 
simulated the walking and rowing motions using detailed muscle energy expenditure 
formulas and a human model. They have used the Newton–Euler method to calculate the 
joint torques. However, it is consuming to calculate the muscle energy expenditure 
directly from the element muscle fiber model. Umberger et al. (2003) formulated rather 
simplified yet exact muscle energy expenditure, based on the Hill-type muscle model and 
coefficients. Some simple examples, such as isolated muscle actions, single joint motion 
and locomotion, were simulated and the calculated energy values were compared with 
experimental results. Alexander (1997) proposed an experiment-based approach for 
obtaining energy expenditure in which the energy expenditure was minimised to solve for 
realistic human arm trajectories.  

All the research discussed above has shown acceptable results for human motion 
simulation. However, because these studies have been based on muscle activation states 
and the details of muscle-functioning mechanisms, the required computational effort is 
too expensive and is thus not suitable for real-time dynamic motion simulation. This 
paper presents a new approach – representing the human energy expenditure in terms of 
joint space to reduce computational and analytical complexity.  

Predicting the muscle forces and torques involved in a motion is also very important 
in evaluating human performance and assessing the level of injury risk associated with 
performing a given task. Gallagher et al. (2002) experimentally estimated the low-back 
muscle forces for four different cable-lifting postures (kneeling on one knee, kneeling on 
two knees, stooping and standing) from electromyography (EMG) data. The lumbar 
moments for each posture were calculated from the muscle forces and muscle moment 
arms. These were also compared with the cases for increased cable load. Since their study 
was based on experiments, their method for muscle force prediction cannot be used for 
the simulation of general tasks. Chaffin (1997) developed two- and three-dimensional 
computerised human models for the simulation of static strength during work. This 
method can also predict some critical values of low-back loads, such as back compression 
loads and disc shear loads. However, this simulation was limited only to the static posture 
and is unable to predict the dynamic effect due to the inertia forces. By implementing the 
equations of motion into the motion prediction algorithm, we will show the simulation of 
the human dynamics.  

In this paper, we first present a kinematic model of the human upper body. 
Mathematical muscle models are also considered for dynamic formulation. We then 
derive general equations of motion and the human energy expenditure formulated in  
joint space. Using these equations, an optimisation formulation is developed that allows a 
computer program to simulate the natural human motions, joint actuator torques and the 
energy level. Next, some examples of motion simulation, energy expenditure rate 
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prediction and inverse dynamics solution are illustrated. Finally, conclusions and future 
work are addressed.  

2 Kinematic human modelling 

To describe human motion, we use kinematic links and joints used in robotics to 
represent the musculoskeletal system. A digital human model called SantosTM, developed 
at the University of Iowa, has more than 100 Degrees of Freedom (DOFs), where all the 
joints are modelled as revolute joints. The shoulder joint, for example, has three DOFs 
and in the literature it is usually modelled as a spherical joint. In our model, we combined 
three revolute joints at one location to represent the 3-DOF spherical shoulder joint. For 
upper-body motion prediction, we use a 21-DOF SantosTM model from the waist to the 
right hand, as shown in Figure 1. 

Figure 1 21-DOF SantosTM upper-body model 

Here, joints 1, 4, 7 and 10 correspond to lateral bending; joints 2, 5, 8 and 11 correspond 
to flexions/extension; and joints 3, 6, 9 and 12 correspond to axial rotation of the human 
spine (hip and torso). Joint 13 is for the flexion/extension of the clavicle, and joint 14 is 
for its abduction/adduction. Joint 15 is for the flexion/extension of the shoulder, joint 16 
is for shoulder abduction/adduction and joint 17 is for the medial/lateral rotation of the 
shoulder. Joint 18 corresponds to elbow flexion/extension. Joint 19 corresponds to 
forearm supination/pronation. Joint 20 is for the wrist abduction/adduction. Finally, joint 
21 corresponds to wrist flexion/extension. 

The position vector of a point of interest on the human body of a human articulated 
model can be written in terms of joint coordinates as 

( )x x q  (1) 
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where 1[ ... ]T n
nq qq R  is the vector of n-generalised joint coordinates defining 

the motion of one link with respect to another. The global position vector x (q) can be 
obtained from the multiplication of the (4 4) homogeneous transformation matrices, 
i–1Ti , defined by the Denavit–Hartenberg (D-H) representation method (Denavit and 
Hartenberg, 1955) as follows: 

1

cos cos sin sin sin cos
sin cos cos sin cos sin

( )
0 sin cos
0 0 0 1

i i i i i i i

i i i i i i ii
i i

i i i

q q q a q

q q q a q
q

d
T  (2) 

In equation (2), qi is the joint angle from the x i–1 axis to the xi axis for a revolute joint, di

is the shortest distance between the x i–1 and xi axes, ai is the offset distance between the 
zi and z i–1 axes, and i is the offset angle from the z i–1 and zi axes. 

The (4 4) transformation matrix 0Ti used to represent ith joint coordinate system 
with respect to the global frame (0th) is 

0 0 1 1
1 1 2 2( ) ( ) ( )... ( )i

i i iq q qT q T T T  (3) 

We use the augmented (4 1) vector 0ri and iri to express the Cartesian coordinate of the 
point fixed in the ith local frame in terms of global and local coordinate systems, 
respectively. 

0 ,
1 1

i
i

i i
x q xr r  (4) 

where ix is the fixed point at the ith link and is expressed with respect to the ith 
coordinate system. Using these relationships, 0ri can be written as 

0 0
1( ,..., ) i

i i i iq qr T r  (5) 

3 Muscle models and joint stiffness 

Before we derive the equations of motion for human dynamics, it is necessary to 
investigate appropriate muscle models and functions from both the mechanical and 
physiological points of view. There are two main reasons for this. First, a muscle is 
perceived as an actuator input into the musculoskeletal system where each joint is 
powered by one or more such actuators. In other words, muscle-generated forces 
empower and control all human movements and postures. Second, muscles have certain 
elastic properties that generate restoring forces at the joint. These restoring forces should 
be included in the calculation of the force equilibrium. 

Most of the proposed muscle models (for example, those discussed by Hill, 1938; 
Khang and Zajac, 1989) involve contractile components and elastic components, as 
shown in Figure 2. The muscle contractile elements generate tension force by contracting 
themselves and act as actuators. The elastic components generate restoring forces.  

Essentially, the actuator in each muscle must apply a high enough load to counter the 
stiffness of the so-called springs. In order to determine the joint torques resulting from 
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muscle stiffness, the effect of each set of springs (one set per joint) can be approximated 
using a non-linear rotational spring attached to each joint. In this way, the model for a 
muscle spring can be translated from muscle space (written in terms of each muscle) to 
joint space (written in terms of each joint). There exists a resultant rotational stiffness for 
each joint that has the same effect as actual muscle stiffness. Therefore, any change in the 
joint angle from the neutral position results in a restoring torque, Restoring

i , which is 
linearly approximated as 

Restoring , 1,...,N
i i i ik q q i n  (6) 

where ki is the equivalent rotational joint stiffness for each generalised joint spring and 
N
iq  is the neutral joint variable corresponding to ith joint angle qi. The neutral joint 

variable is the natural unstretched joint configuration where the moment about a joint due 
to all the corresponding muscle forces is balanced in the absence of any external load or 
actuator torque. The coefficient ki for each qi is obtained from the simulation experiments 
based on the muscle physiological cross sectional area (PCSA). In vector-matrix form, 
equation (6) is rewritten as 

Restoring NK q q  (7) 

where qN is the vector of neutral joint angle and K is a diagonal matrix of joint stiffness. 

1

n n n

k

k

0
K

0
 (8) 

Figure 2 A typical muscle model 

4 General Lagrange’s equations of motion 

The general form of the dynamic equation of motion for this problem can be derived 
from Lagrange’s equation. A general Lagrange’s equation in vector-matrix form is  
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( ) ( )d W T W T
dt

0
q q

 (9) 

where q is the generalised coordinate vector, T is the total kinetic energy of the system, 
and W is the virtual work done by (non-inertial) forces and torques. The virtual work is 
the sum of the virtual work done by conservative forces and by non-conservative forces. 

c ncW W W  (10) 

The conservative work can be expressed as the negative of the potential energy of the 
force system, i.e. cW V . Thus we can write 

( ) nc ncW T T V W L W  (11) 

where V is the total potential energy of the system, Wnc is the virtual work done by non-
conservative forces and torques and L T V  is called the Lagrangian function. Then 
equation (9) can be written as follows: 

nc ncW Wd L L d
dt dt

0
q q q q

 (12) 

We will derive a more explicit form of the equation for a general serial manipulator and 
force system, as illustrated in Figure 3. 

Figure 3 Joint-link system with external loads 

The Cartesian coordinate of the point fixed in the ith local frame in terms of the global 
coordinate system was given earlier as 

0 0
1( ,..., ) i

i i i iq qr T r  (13) 

The velocity of a point with differential mass dm in link i can be derived as follows: 
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0
0 0

1

( )
( ) ( )

i
i ii

i i i i j i
jj

d d
q

dt dt q
T qv r T r r  (14) 

The kinetic energy Ti of link i is calculated from the kinetic energy of a differential mass 
as  

1 ( )
2

T
i i i

m

T Tr dmv v  (15) 

where Tr  is the trace of a matrix, i.e. the sum of the diagonal elements of a matrix. 
Therefore, the total kinetic energy T of the human link system is 

1 1

1 ( )
2

n n
T

i i i
i i m

T T Tr dmv v  (16) 

By using equation (14) to express the link velocities in terms of joint velocities jq , the 

total kinetic energy is written in terms of joint space as follows: 

1 1

1 1( )
2 2

n n
T

ik i k
i k

T M q qq M q q  (17) 

where q  is the joint velocity vector and ikM  is the (i, k) element of the mass-inertia 
symmetric matrix ( )M q  such that 

0 0

max( , )

( ) ( )
( ) ( )    , 1, 2,...,

T
n

j j
ik j

k ij i k

M Tr i k n
q q

T q T q
q I  (18) 

jI  is an extended inertia matrix and it is written as follows.

2

2

2

xx yy zz
xy xz i i

xx yy zz
xy yz i i

i

xx yy zz
xz yz i i

i i i i i i i

I I I
I I m x

I I I
I I m y

I I I
I I m z

m x m y m z m

I  (19) 

where im  is the mass of link i, ( ix , iy , iz ) is the location of the centre of mass of link i
expressed in terms of ith coordinate frame, and Ixx,…, Ixy,… are the moments/products of 
inertia of link i with respect to the ith coordinate frame. For determining inertial 
properties, each link is approximated as a thin rod. 

Equation (12) also requires potential energy. The potential energy Vi of each link i is 
given as 

0 0( ),    1, 2,...,T T i
i i i i i iV m m i ng r g T r  (20) 
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where i
ir  is the centre of mass vector of link i with respect to the ith local coordinate 

frame, and 0, ,0,1 Tgg  is the gravity vector, augmented to be compatible with the 
(4 4)  transformation matrices. The total potential energy V  due to gravity is the sum 
of each link’s potential energy. 

0

1 1

n n
T i

i i i i
i i

V V m g T r  (21) 

The kinetic energy in equation (16) and the potential energy in equation (21) are 
substituted into equation (12) to yield the equation of motion (Fu et al., 1987). The 
consequent intermediate equation is formed as follows:  

T
i i

i

d L L
m

dt
= M(q)q + V(q,q) + J g

q q
 (22) 

V(q,q)  is the Coriolis and centrifugal vector and is defined as  

2 0 0

1 1 max( , , )

( ) ( )
( )   , , 1,2,...,

T
n n n

j j
i j k m

k m ik m j i k m

Tr q q i k m n
q q q

T q T q
V q,q I (23)

T
i i

i

mJ g  is the joint torque vector due to gravity force where T
iJ  is the transpose of the 

Jacobian matrix. 
Next, to derive the last two terms of equation (12), we assume that the applied non-

conservative forces are actuating torques at the joints and external loads at the points of 
interest. The variation of virtual work done by non-conservative forces is then 

T
T

ncW
x F

q x F M q
M

 (24) 

x is the (3 1)  Cartesian coordinate of the point of application of external force F  (a 
3 1 vector), and  is the (3 1)  orientation vector of the link with respect to the global 

frame where the external moment M  (a 3 1 vector) is applied. 1 2[ , ,..., ]Tn  is the 
joint actuator torque vector (actuated by muscles). Recall that the term joint refers to a 
kinematic revolute joint and not an anatomical human joint. Assuming that the velocity-
dependent forces do not exist, i.e. ( ) 0ncd W dtq , the last term of equation (12) can 
be expanded as 

T
TncW x F F

J
M Mq q

 (25) 

where J is the Jacobian matrix (Sciavicco and Siciliano, 1996). 
From equations (22) and (25), the Lagrange’s equation (12) can be written as 
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T T
i i

i

m
F

M(q)q + V(q,q) + J g J 0
M

 (26) 

By moving the joint actuator torque term to the other side of the equation, we get 

T T
i i

i

m
F

M(q)q + V(q,q) + J g J
M

 (27) 

Now we extend this formulation to the case where multiple external loads (forces and 
moments) are applied to any location of any link, not necessarily to the end-effector. The 
above derivation can easily include this case of multiple loads. Likewise, the restoring 
torque Restoring introduced earlier should also be included in the above equation in a 
similar manner. The consequent final equations of motion are compiled as follows in the 
vector-matrix form as coupled, non-linear, second-order ordinary differential equations:  

kT T N
i i k

ki k

m
F

= M(q)q + V(q,q) + J g + J K q - q
M

 (28) 

where Jk is the Jacobian matrix (for any point in any local coordinate) of the point at k
kr

(4 1)  location vector with respect to the kth local coordinate frame. 

0 0 0

1

0 1 1 6

( ) ( ) ( )
... ...

( )
( ) ... ( ) ... ( )

k k kk k k
k k k

k i k

i k k

q q q
T q T q T q

r r r
J q

Z q Z q Z q
 (29) 

Here, we only take the first three elements of the (4 1)  vectors 0( ( ) ) k
k i kqT q r . 1iZ

represents the 3 1 local z-axis vector of joint i expressed in terms of the global 
coordinate system. Recall from Figure 3 that rotations always occur about the z-axis, 
based on the D-H method. Note that in equation (28), all of the variables are functions of 
time, i.e., t , k k tF F , k k tM M , and tq q , with k = 1,2,…,n.

To apply the above equations of motion to the human joint-link system, some 
physical characteristics of anatomical segments are needed to determine the coefficients 
in the equations of motion. These physical properties are the mass of each link, centre of 
mass for each link, moments of inertia for each link and joint stiffness. Our digital 
human, SantosTM, is modelled based on anthropometry data for a typical male soldier, 
approximately 25 years old. For simplicity, all the links of SantosTM are modelled as thin 
rods, so the moments of inertia are calculated easily using the link lengths and radii of 
gyration. The mass and centre of mass data are obtained from Chaffin et al. (1999) and 
Mi (2004), and then modified to fit into our SantosTM model. The joint stiffness is 
estimated from the stiffness of all the muscles involved in each DOF joint movement. 

5 Human energy expenditure 

Skeletal muscles may be thought of as biochemical machines with chemical energy 
stored in Adenosine Triphosphate (ATP) going into the muscles and being converted to 



      

      

   Prediction and analysis of human motion dynamics performing various tasks 79    

      

      

      

mechanical work and heat energy (Sherwood, 1997; Umberger et al., 2002). In other 
words, the total metabolic energy expenditure will be transformed mainly into the sum of 
work done by the joint actuator torques, heat energy dissipation and basal metabolic 
energy. In the case of static loading – where the mechanical work done by muscle is zero 
– the muscle energy is all dissipated as heat. 

Mechanical power is defined as the product of joint actuator torque and joint velocity. 
The total mechanical power of the system W  is the sum of the mechanical power for all 
the joints. 

1 1

n n

i i i
i i

W W q  (30) 

Note that, since the torque i  and the joint velocity iq  are functions of time, the total 

mechanical power W  is also a function of time. In other words, the values of mechanical 
power can be evaluated at each time instant. 

The muscle mechanical work (W ) performed from time 1t  to 2t  is the time 
integration of the muscle power with respect to time from 1t  to 2t  as follows. 

2

1 1

nt

i i
t

i

W q dt  (31) 

The absolute values in equations (30) and (31) mean that the mechanical energy 
expended by the muscle cannot be reduced by the simultaneous production of negative 
power by another muscle at the same time, or by the same muscle during different 
periods of time. 

Based on several heat energy formulas for longitudinal muscle models (Khang and 
Zajac, 1989; Hase and Yamazaki, 1997), the muscle heat expenditure is divided into two 
components:  

1 muscle maintenance heat  

2 muscle shortening heat.  

The muscle maintenance heat is the energy expended in proportion to the muscular 
tension. The muscle shortening heat is the energy expended in proportion to the muscle-
shortening rate. It is necessary to convert these relations in muscle space into the 
generalised coordinate system, that is the joint space, by using the heat energy equation 
given by Hase and Yamazaki (1997). 

For a given muscle, the muscle maintenance heat rate is calculated as the product of a 
constant and muscle activation. From the studies on muscle activation (Anderson and 
Pandy, 2001), we observe that the generalised maintenance heat rate is approximately 
proportional to the joint actuator torque and inversely proportional to the maximum 
torque limit. So, in terms of joint space, the generalised maintenance heat rate mQ  is 

1

n
i

m m i
i

Q h  (32) 
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where ( 1,..., )i
mh i n  is the generalised coefficient of the maintenance heat at joint i.

These coefficients are assigned to each joint and are obtained from the maximum 
voluntary torque data. Then the generalised maintenance heat expenditure mQ  from time 

1t  to 2t  is 

2

1 1

( )
nt

i
m m i

t
i

Q h t dt  (33) 

The amount of muscle shortening heat is usually small compared to that of the 
maintenance heat (Anderson and Pandy, 2001; Bhargava et al., 2004). For this reason and 
for further simplicity, we neglect the contribution of muscle shortening heat. 
Furthermore, this term resembles the form of muscle mechanical power. So, by adjusting 
the coefficients ( 1,..., )i

mh i n  of the generalised maintenance heat mQ , we can obtain a 
good approximation of total muscle energy rate. 

The Basal Metabolic Rate (BMR) is defined as the rate at which heat is produced by 
an individual in a resting state; BMR indicates the minimum amount of energy needed to 
carry out metabolism or visceral activity at rest. We used the same formula as Hase and 
Yamazaki (1997) for estimation of BMR. The BMR of the whole body is estimated as  

0.685 29.8 (Joule/second or Watt)B W  (34) 

where W  (Kg) is the body mass.  
Finally, the human metabolic energy expenditure rate is the sum of the mechanical 

power, heat rate and BMR. 

Metabolic
1 1

( ) ( ) ( )
n n

i
i i m i

i i

E t q t h t B  (35) 

Therefore, the total amount of human metabolic energy expenditure from time 1t  to 2t  is 
expressed as follows: 

2 2 2

1 1 1
Metabolic

1 1

( ) ( ) ( )
n nt t t

i
i i m i

t t t
i i

E t q t dt h t dt Bdt  (36) 

6 Optimisation and motion prediction 

We use an optimisation-based technique for motion prediction. This is based on our 
assumption that a human moves in such a way as to minimise certain human performance 
measures, subject to several physical and physiological constraints. Several human 
performance measures have been investigated and shown to produce various natural 
motions and postures (Kim et al., 2004; Yang et al., 2004). This paper uses the metabolic 
energy expenditure, as described in the previous section, as a human performance 
measure for general motion prediction. 

For motion prediction, joint profiles are defined as B-Spline curves of degree 3. 
Therefore, the joint angles, joint velocities and joint accelerations are all linear functions 
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of the control points of the B-Spline curves. The optimisation procedure calculates the 
joint angle profiles of every joint in the form of B-Spline curves for natural upper-body 
motion. Also, the joint velocity and acceleration profiles are directly obtained in terms of 
control points from the direct calculation of the B-Spline. The optimisation problem for 
motion prediction can be stated as follows: 

 Find: Control Points ( ,   1,..., ; 1,...,i jP i m j n )

 To minimise: Metabolic Energy ( MetabolicE ),
where the equations of motion is 

kT T N
i i k

k
m

F
= M(q)q + V(q,q) + J g + J K q - q

M

 Subject to: 
- Joint limits ( L U

i i iq q q 1,...,i n )

- Actuator torque limits ( L U
i i i  1,...,i n )

- Path constraints ( || ( ( )) - ( ) ||t tx q p )

When the optimisation is performed at each time interval, the resulting joint kinematic 
profiles are used as inputs for the equations of motion. This will then solve the inverse 
dynamics problem for the required joint actuator torques. The energy expenditure rate at 
each time instant is also calculated throughout the motion. The schematic illustration of 
the above procedures for the motion prediction is shown in Figure 4. 

In our study, we used the SNOPT software package developed by Gill et al. (2002). 
The SNOPT package is a general-purpose system for solving optimisation problems 
involving many variables and constraints, based on a Sequential Quadratic Programming 
(SQP) method. 

7 Example results and discussions 

In this section, examples of motion simulation, actuator torques calculation and energy 
expenditure prediction are illustrated using the 21-DOF SantosTM upper-body (from waist 
to right hand) model. 

7.1 Example 1. Biceps curl 

The first example is to predict a motion of biceps curl. Two different weights (1kg and 
25kg) are lifted using the right arm from a given initial position to a given final position 
in two seconds. The initial and final locations of the hand’s end-effector are given as 
constraints, and they are ( 30, 15, 40)cm and ( 30, 40, 15)cm, respectively, in terms of 
the global frame. The human motion was predicted using the optimisation algorithm 
developed previously. Figure 5 shows the resulting predicted motion of biceps curl with 
1kg (Figure 5a) and 25kg (Figure 5b) weights.  
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Figure 4 Optimisation algorithm for dynamic motion prediction  

The optimum joint kinematic profiles were obtained at 0.04 second intervals, and the 
resulting joint angle profiles are shown in Figure 6a and b. The actuator torque values 
were calculated and recorded at each interval, and they are shown in Figure 7a and b. 
Figure 8 shows the metabolic energy rates as functions of time. 

Some differences between 1kg and 25kg biceps curls can be observed from the results 
presented in Figures 5–8. First, the human trunk is tilted toward the left for the 25kg 
biceps curl, while it remains upright for the 1kg biceps curl. This can be explained by 
recalling our optimisation formulation. By bending its trunk laterally toward the left, the 
digital human can use its own body weight to counter-balance the heavy load in the right 
hand, thus reducing or minimising the required actuator torques. This tendency is 
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naturally calculated from our optimisation algorithm. Also, as expected, the calculated 
actuator torques and metabolic rates for 25kg motion are much larger than those for 1kg 
motion. The total metabolic energy consumed for the 1 kg biceps curl is 224.80 Joules, 
and the total consumption for the 25kg biceps curl is 699.22 Joules. The amount of total 
metabolic energy consumption provides us with a single number (criterion) that 
represents the ‘effort’ required to perform a given task.  

Figure 5 Predicted motions of SantosTM performing biceps curl (a) 1kg weight (b) 25kg 
weight. 
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Figure 6(a) Predicted joint angle profiles for biceps curl (1kg weight)  
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Figure 6(b) Predicted joint angle profiles for biceps curl (25kg weight) 
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Figure 7(a) Predicted joint actuator torque profiles for biceps curl (1kg weight) 
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Figure 7(b) Predicted joint actuator torque profiles for biceps curl (25kg weight) 
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Figure 8 Predicted metabolic rate profiles for biceps curl (a) 1kg weight (b) 25kg weight 

7.2 Example 2. Lever pulling  

In this example, we consider the motion of pulling a lever with constant load from a 
given initial position to a given final position in two seconds. The initial position of the 
lever is ( 30, 10, 60)cm and the final position of the lever is ( 30, 10, 20)cm in the global 
frame. Again, two different loads are tested: 10N and 500N. Using our optimisation-
based method, the results are obtained in a manner similar to that presented in the 
previous examples. As before, the resulting optimum joint kinematic profiles are obtained 
at 0.04second intervals, and the actuator torque values and the metabolic energy rate are 
calculated at each interval. Figures 9–12 show the results of several notable joints for the 
both cases.  



      

      

   Prediction and analysis of human motion dynamics performing various tasks 89    

      

      

      

Figure 9 Predicted motion of SantosTM for lever-pulling task (a) 10N force (b) 500N force 

Again, it is observed that SantosTM generates different motions for different external 
loads. For the lever load of 10N, the digital human’s trunk is almost vertical. However, 
for the larger lever load of 500N, the digital human extends its trunk backward to use its 
own body weight to counter-balance the large external load in the right hand. In Figure 
11b, the large negative actuator torque values for trunk axial rotation (joints 3, 6, 9 and 
12) and clavicle/shoulder abduction (joints 14 and 16) for the 500N lever-pulling task 
indicate the major contributions of these joints to the pulling motion. These large actuator 
torques are used to move the body while resisting the large pulling force in the forward 
direction. In this way, the digital human can also straighten its right arm in the initial 
posture to minimise the actuator torques at the wrist and elbow. We can check this by 
analysing a simplified free-body diagram of the force system. 

These features are commonly observed in real-world human motion. When pulling or 
dragging a heavy object, a human usually leans his or her body toward the desired 
direction of the object. In other words, to accomplish a given task, humans naturally 
generate the posture that minimises the required actuator torques within the actuator 
capacities (torque limits). A similar argument can be made for the motion of pushing a 
heavy object. In this case, we frequently observe that a human usually leans his or her 
body toward the direction of pushing.  



      

      

   90 J.H. Kim et al.    

      

      

      

Figure 10 Predicted joint angle profiles for lever-pulling task (a) 10N force (b) 500N force 



      

      

   Prediction and analysis of human motion dynamics performing various tasks 91    

      

      

      

Figure 11 Predicted joint actuator torque profiles for lever-pulling task (a) 10N force (b) 500N 
force 
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Figure 12 Predicted metabolic rate profiles for lever-pulling task (a) 10N force (b) 500N force 

The total metabolic energy consumed is 248.99Joules for the 10N lever-pulling task and 
917.04Joules for the 500N lever-pulling task. Again, these values represent the amount of 
effort required to perform each task.  

8 Conclusions 

This paper introduced a method for predicting the motions of a digital human for various 
tasks based on optimisation. The principle of generalised coordinates and generalised 
torques provided us with a simplified and accurate kinematical model for predicting 



      

      

   Prediction and analysis of human motion dynamics performing various tasks 93    

      

      

      

motion and posture. A general form of equations of motion for a digital human was 
derived and used within an optimisation formulation to solve the inverse dynamics 
problem of dynamic motion as well as to obtain the metabolic energy expenditure 
formula. These equations of motion include the general external loads (forces and 
moments) applied not only to the hand, but also to other points on the body. This 
generalisation of the point of force-application enables us to simulate the postures of a 
human hanging a bag on the forearm, wearing a backpack on the shoulder and so forth. 
The metabolic energy expenditure was treated as a cost function to be minimised. From 
the multi-objective optimisation point of view, this minimum energy cost criterion 
implicitly indicates minimum joint actuator torques.  

The results show that our model, formulation and method can be extended to simulate 
any kind of general task motion, and consequently offer many capabilities. Our method 
for motion prediction and analysis can be very helpful in evaluating a given task design. 
The prediction of joint actuator torques during motion can help to redesign tasks so that 
the risks of injury, muscle stress and muscle fatigue are decreased. 

The simulation also showed how SantosTM generates different motions and postures 
in response to different amounts of external loads. Multiple muscles contribute to a 
single-DOF joint motion, and the actual configuration of muscles varies as the 
corresponding joint moves. Future studies will analyse the biomechanics of muscle forces 
and deformations, and will address muscle fatigue prediction. Finally, to obtain more 
accurate values for the energy expenditure and joint actuator torques, we will acquire 
more exact data on physical properties, such as centres of masses, moments of inertia and 
products of inertia. 

In conclusion, we believe that, this formulation augments the capabilities currently 
offered by digital human modelling software and that it can facilitate digital prototyping, 
shorten lead times and save costs.  
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