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Abstract

Tipover issue is an important problem in autonomous mobile manipulators. This issue is
becoming more important in new generation of mobile robots where their size and weight
are reduced, and they are designed to work on uneven terrains with higher speeds. Estimating
the distance from the tipover stability margin would enhance the capability of the mobile
manipulators in correcting their motion. For a valid estimation of the tipover margin one must
take into account the full dynamic interaction between the vehicle and its manipulator. In
mobile manipulators with several degrees of freedom a huge amount of time is needed to solve
equations of motion while real-time tipover control needs a fast and on-line access to the data.
The proposed approach is a neural-network-based algorithm that enables autonomous mobile
manipulator to detect its instable situations. This method greatly reduces the observer calcu-
lation time and is fast enough to be used as an observer for real-time tipover control. Accuracy
and effectiveness of the proposed method is shown by an example.
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1. Introduction

A mobile manipulator is a multi-link arm placed on a moving vehicle. Examples
of these kinds of robots are those used in construction, mining and forestry indus-
tries. From control point of view, they are either controlled by on-board operators
or categorized as remotely operated vehicles (ROV). They are especially useful for
exploration in unknown and dangerous regions, like space and underwater tasks.
Tipover issue has always been a problem for mobile manipulators. Accidents like tip-
over of cranes or loaders is the usual headlines of local newspapers, and shows that
tipover even threatens on-board operator type robots.

Stability against tipover for a big and heavy vehicle (compared to its manipulator)
is not an important issue. However, nowadays industry and technology requires
small size and lightweight mobile manipulators for less energy consumption, better
maneuverability, and capability of working in limited work-spaces. Tipover stability
indeed is a problem for these types of mobile robots. The manipulator, which is usu-
ally long compared to the vehicle dimensions, makes the robot more unstable.
Hence, for a complete analysis, full dynamics interaction between a moving vehicle
and its manipulating arm must be taken into account [1]. The importance of inertial
loadings and their effects on machines instability is shown in [2]. There is a rich lit-
erature on the control of mobile manipulators and tracking problem considering dis-
turbances and dynamic interaction between vehicle and manipulator (for example
see [3–6], to name a few). However, the problem of stability against tipover due to
dynamic interaction between the robot arm and the moving vehicle has gotten less
attention so far. The few existing studies have focused on the obstacle avoidance
and path planning of wheeled robots or legged systems in special cases.

Dubowsky and Vance [7] proposed a motion-planning algorithm for �standing�
mobile manipulators. In their paper, a mobile manipulator is a robot without a solid
attachment to the floor and is standing on its outriggers (like a crane during opera-
tion). They used a numeric instability inequality to plan the optimum path that sat-
isfies minimum time and avoids tipover. In [8] Papadopoulos and Rey defined ‘‘a
new measure of tipover stability margin’’ based on the geometry of vehicle and
the direction of resultant force on the mobile manipulator. Their method works very
efficient for off-line path planning (i.e., when the path is predefined). We will discuss
more about the existing tipover criteria in Section 3.

Nowadays, neural network is a strong tool for replacing complex nonlinear
dynamics with a simple numeric database (for a comprehensive literature review
the reader is referred to [9]). Neural network is used in different parts of a control
procedure as an observer, controller and even an intelligent learner from the input
data during performing task ([10–12]).

In this paper, we aim to develop a procedure for real-time tipover estimation in
mobile manipulators. In Section 2, without loss of generality, we discuss a three de-
grees of freedom manipulator installed on a three-wheel vehicle. In Section 3, we re-
view existing tipover stability criteria and propose our new formulation (ZETUF).
ZETUF is a ‘‘tipover stability’’ criteria as well as ‘‘streerability stability’’ criteria.
We continue discussing how we can solve the real-time estimation with this criterion
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and we end up using a neural-network observer to reduce the time needed for calcu-
lation. Section 4 is a brief introduction to neural networks and Section 5 is devoted
to a numerical simulation of the procedure. We use two-dimensional slices of six-
dimensional hyper-volume stability to present our results. The proposed tipover sta-
bility criteria and the neural-network observer, together, have made an efficient tool
for our real-time estimation problem. The algorithm is almost independent of com-
plexity of mobile manipulator and is an efficient method in real applications.
2. Dynamic modeling of a mobile manipulator

The dynamic equations describing the motion of a mobile manipulator can be for-
mulated in any convenient manner. Equations of motion are written for a manipu-
lator (a collection of arms and joints) during operation, which is carried by a moving
vehicle. Therefore, all dynamical interactions between manipulator and vehicle have
taken into account. Without loss of generality we consider a three degrees-of-free-
dom (3 DOF) manipulator placed on a three-wheeled vehicle (see Fig. 1). Two rear
wheels are co-axial and there is a single wheel (castor) at the front.

We use Luh et al. method [13], which is derived directly from Newton�s law, to
relate the motion of the chain of arms and joints together, and derive a global equa-
tion for the manipulator. The selection of coordinates is based on the so-called
Denavit–Hartenberg method [14] that requires four coordinates for a three DOF
mechanical arm (see Fig. 2).

The Denavit–Hartenberg parameters are given in Table 1.
We use external iterative relations and then internal iterative relations (as

explained in [15]) to find the resultant force and torque applied to the vehicle from
the manipulator. These resultant force and torque are functions of joint angles, joint
angular velocities, joint angular accelerations, vehicle accelerations, vehicle angular
velocities and angular accelerations. Therefore we replace the effect of the manipu-
lator with one force and one torque; each of them has three components. The Exter-
nal iterative relations and internal iterative relations are written for three links in
Fig. 1. Three degrees of freedom manipulator placed on a moving vehicle.



Fig. 2. Coordinates attached to manipulator joints.

Table 1
Denavit–Hartenberg parameters

I ai�1 ai�1 di hi

1 0 0 h/2 h1
2 90 0 0 h2
3 0 L1 0 h3
4 0 L2 0 0
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order to find the complete dynamics of the manipulator. Fig. 3 shows the free body
diagram of the vehicle.

The manipulator is positioned above the center of gravity of the vehicle center of
gravity, i.e., if the vehicle stands on a horizontal plane, the extension of gravity accel-
eration vector passes through the manipulator hinge. Fig. 4 shows notations use to
describe the dynamics of the vehicle.

The following relations exist between manipulator�s resultant force and moment
and tire forces

Fz:

Fzw1 þ Fzw2 þ Fzw3 þ fz�Mg ¼ Maz ð1Þ



Fig. 3. Freebody diagram of the vehicle.

Fig. 4. Dimensions of the vehicle.
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M(aa):

Fzw3b�Mðg þ azÞcþ
1

2
Mayhþ fzc� fyhþMx ¼ 0 ð2Þ
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M(bb):

1

2
ðFzw2 � Fzw1Þeþ fxhþMy � 1

2
Maxh ¼ 0 ð3Þ

Given the resultant force and moment of the manipulator, these equations can be
used to derive forces acting on the road by tires.
3. Tipover criterion

In this section we briefly review the existing criteria for tipover stability and pro-
pose our formulation. Different tipover stability criteria present a unique concept,
which is the threshold of instability, in different languages. Therefore, we can inter-
pret them as different formulations for one single fact. Force–angle criterion formu-
lated by Rey et al. [16] states that the tipover occurs when the extension of the
resultant force vector exceeds the area encompassed by the straight lines connecting
adjacent tires. In a series of papers, Huagne et al. have used ZMP (zero moment
point) as the tipover stability criteria. ZMP states that when tipover occurs, the point
of zero moment is outside the projection of the vehicle image on the road (see [17–
20]). In these papers, they used ZMP to satisfy different objective functions in a mo-
bile manipulator path planning problem. Their approach is an off-line path planning
method, which is based on this fact that the path of the mobile manipulator is known
in advanced. The energy criterion is—as always—a formulation from a different
point of view. Energy criterion says tipover occurs if the energy injected to the system
reaches to the energy needed for the tipover at that configuration [2].

Having all these three criteria in mind, we propose another formulation based on
the tire upward forces that not only measures tipover stability but also can be used as
a measure for steerability stability. It has a more sensible physical interpretation and
more direct effect on the vehicle situation. ZETUF (zero tire upward force) states
that, for a 4 wheel vehicle with a convex geometry, tipover occurs if the upward
forces exerting from the road to two adjacent tires of the vehicle reach zero. In this
case, the mobile manipulator can tip on the other two tires; it is indeed the threshold
of instability. ZETUF for three wheel vehicles requires only one of the upward forces
to reach zero and it can be easily extended to vehicles with more than four wheels.
Once we measure tire upward force for determining tipover stability, we can verify if
vertical forces on tires are high enough for the traction needed to sustain steerability
at that moment. This would show if the mobile manipulator is in the steerability sta-
bility zone.

When we tried to put this criterion to action, we understood that measuring
force in real application is expensive and not accurate. Force sensors are usually
sensitive to temperature and other environmental conditions. If we want to measure
those environmental parameters and try to correct the output of the force sensors,
it would become a costly collection of instrument for a robust and multi-purpose
mobile manipulator. We eventually ended up using an observer by measuring
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easier-to-measure quantities like angles and velocities and determine the tire forces
by solving mobile manipulators dynamical equations. Just by a portion of force-
sensor price, we now have an observer combination with a very high accuracy.

The main idea is simple, to measure all angles, angular velocities and angular
accelerations of joints and the vehicle (for the vehicle, a single gyro-accelerometer
does provide us all required data), and put them in dynamic equations of mobile
manipulator and solve for the tire upward force. These forces are simply solutions
of Eqs. (1)–(3).

Since our main problem was ‘‘real-time’’ estimation of the stability of a mobile
manipulator, we realized solving the set of algebraic equation even for a very simple
configuration takes a huge amount of time. This calculation time increases exponen-
tially when the degrees of freedom of the manipulator increase. We proposed to use a
neural-network database instead of solving dynamic equations. To this end, we need
to solve dynamic equations for all possible cases and save them to a numeric data-
base. A neural network then, can be trained to interpolate (and extrapolate) data.
Eventually this observer is attached to the autonomous mobile manipulator for an
on-line tipover estimation. By increasing the number of degrees of freedom of the
manipulator, the initial (off-line) training time of neural-network increases, but the
time needed for getting data while working in the field is almost the same.
4. Neural-network theory

Artificial neural networks are in fact a kind of black box. The simplest model of a
neural network is shown in Fig. 5: a number of input units are connected to output
units. Every connection has a weight; each output neuron has a threshold value.
When patterns, combinations of activated and nonactivated input neurons, are fed
to the input, these activities are fed through the weight function to each of the output
neurons. When these weighted activities are summed in each output neuron and the
threshold value is exceeded, then the output node emits a signal. Many configura-
tions are possible for this sequence. A much-used model has an extra layer of
Fig. 5. Schematic representation of a three-layer artificial neural network.
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neurons, called a hidden layer, between the input and output layers. The weights can
be adapted automatically with different algorithms, the threshold function can have
many shapes and the connection pattern of the neurons can be varied to a great ex-
tent. Each layer also has one bias input, as shown in Fig. 5, to accommodate nonzero
offsets in the data. The observer data obtained from a numerical solution of dynamic
equations were processed by NN which was trained with the back-propagation of
errors learning algorithm. The structure of the network is comprised of three node
layers: an input, a hidden and an output layer, represented by i, h and o. These sym-
bols, respectively, indicate the number of nodes in the input layer, hidden layer and
output layer. The input nodes transferred the weighted input signal to the nodes in
the hidden layer, as same as from the hidden node to the output layer. A connection
between the nodes of different layers was represented by a weight wji. During the
training process, the correction of weight Dwji was defined as follows:

Dwjiðnþ 1Þ ¼ gdjoi þ aDwjiðnÞ ð4Þ

where dj is the error term, oj is the output of node j, g is the learning rate, a is the
momentum and n is the iteration number. The iteration would be finished when
the error of prediction reached a user-defined minimum.

A nonlinear transformation and a suitable function was applied between the input
and output of each node. The optimum values of g and a were calculated such that
minimize the prediction error.

In the backpropagation method input vectors and the corresponding output vec-
tors are used to train a network until it can approximate a function, to associate in-
put vectors with specific output vectors. Networks with biases, a sigmoid layer, and a
linear output layer are capable of approximating any function with a finite number
of discontinuities [21]. Standard backpropagation method is a gradient descent algo-
rithm. Backpropagation refers to the manner in which the gradient is computed for
nonlinear multilayer networks. Properly trained backpropagation networks tend to
give reasonable answers although the same inputs were not in the learning list. Typ-
ically, a new input will lead to an output similar to the correct output for input vec-
tors used in training with the minimum defined error. This generalization property
makes it possible to train a network on a representative set of input/target pairs
and get good results without training the network on all possible input/output pairs.

The method of training used in this article is a modified backpropagation method,
called Levenberg–Marquardt (LM) algorithm which is faster than other algorithms
by a factor of 10–100 [22]. The main drawback of the Levenberg–Marquardt algo-
rithm is its requirement to store many matrices, which can be quite large for certain
problems.
5. An example

In this section we show how a neural-network observer can be used as a tipover
estimator for real-time applications. We first determine the range of variation of
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variables, for example, the maximum and minimum of the speed of each joint. Then
we solve the algebraic dynamical equation for a sufficient number of data-points.
Sufficiency of number of points is determined by convergence of the neural network;
if neural network converges to the desired efficiency, the number of selected points is
enough and the way of selection is suitable, if not, either or both must be revised.
Then the collection of points is used as an input, and neural-network structure is
trained to estimate the output corresponded with each set of input data. After train-
ing process, it is usually important to compare the output of trained system with ac-
tual data; this is the validation step. Now mobile manipulator can be equipped by
this compact fast observer. We also need to define a suitable stability norm that
would be a function of the road condition, inclination of the road, possible noise
in the path and the work zone, estimated error in the measuring system, training
drift, and external unpredictable disturbances. Finally a control algorithm installed
with this collection of data (which is in the form of a database) on the mobile manip-
ulator can estimate stability situation and performs suitable actions to prevent tip-
over (see [23] for example).

We assume in this example that the mobile manipulator moves with constant
velocity in Y-direction. Note that Y-direction is a component of body coordinate sys-
tem and moving with a constant velocity in that direction does not mean that the
robot would not change its direction of motion. We specifically assume that the ro-
bot moves in a circular path and is subjected to radial forces. Specification of our
mobile manipulator is listed in Table 2.

As we discussed earlier, in order to set up a comprehensive database, we need to
specify range of variation of different variables. Table 3 shows this range for this
example.

The next step is to solve the system of algebraic equations and make the numeric
database. Here we choose zero tire upward force as the stability criteria. If it is of
interest to satisfy the steerability stability as well, a positive number instead of zero
must be selected, which is the minimum required tire vertical force for steerability.
For our mobile manipulator with a constant velocity in a circular path (in real appli-
cation in a rotary), that allows six parameters to vary, the stability region is a six-
dimensional hyper-volume. We consider the surface of this hyper-volume as the
Table 2
Vehicle and manipulator parameters

Vehicle mass 10 kg
Arm 1 mass 1 kg distributed in arm
Arm 2 mass 7 kg distributed in arm
L1 300 mm
L2 400 mm
b 400 mm
c 150 mm
e 300 mm
h 200 mm
Vehicle velocity 10 m/s
Vehicle acceleration 4 m/s2



Table 3
Variables range

Variable Range

H1 225–275�
X1 �1 rad/s to 1 rad/s
a1 �1 rad/s2 to 1 rad/s2

H2 50–90�
x2 �1 rad/s to 1 rad/s
a2 �1 rad/s2 to 1 rad/s2
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six-dimensional danger hyper-surface. Note that this hyper-volume is not necessarily
simply-connected. A delicate method to show the stability region is to select slices of
the stability volume. This is a common method in different branches of science, like
stability of multi-dimensional stellar systems. Figs. 6 and 7 show two typical slices of
stability volume. Two- and three-dimensional stability slices can be used as a guide
for graphical path planning and give a good feeling about behavior of mobile manip-
ulator in different range of variables.

Among different ways of setting up our primary database, we choose constant
step variation. Although this method works very good and accurate for a systems
with a few number of variables, for several degrees of freedom the overwhelming vol-
ume of data-points prevent processor to converge (due to RAM limitations also).
For several degrees of freedom, the method of random selection is recommended.
Increment steps for this example are listed in Table 4.
Fig. 6. Two-dimensional slice of six-dimensional stable region when h1 = 70�, h2 = 60�, a1 and a2 = 0
rad/s2.



Fig. 7. Two-dimensional slice of six-dimensional stable region when x1, x2 = 1 rad/s, a1 = 0 rad/s2 and
a2 = �1 rad/s2.

Table 4
Variable increment for learning

Variable Increment

H1 8�
h2 8�
x1 0.5 rad/s
x2 0.5 rad/s
a1 0.5 rad/s2

a2 0.5 rad/s2
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The database consists of 26,250 data-point, each of them consists of six inputs
and three outputs (reaction forces on the tires). For training, the Levenberg–
Marquardt (LM) algorithm has been used. The training has been done with MAT-
LAB 6.1.

Network type: Feed-forward back-propagation.
Adaption learning function: Gradient Descent With Momentum (Learngdm).
Performance function: MSE (Mean Square Error).
Number of layers: 2.
Layer 1: 10 neurons, Transfer function Tansig.
Layer 2: 3 neurons, Transfer function Purelin.
Epochs: 600.
Final Performance: 3.
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As we emphasized, testing the final neural-network database is a necessary part
of this approach. We choose different slices from stability hyper-volume and
compare it with original numeric data. Fig. 8 is an example of this type of compar-
ison that shows at most six degrees error in the estimating of angular location.
In Fig. 8 each black square indicates one degree error in angular location. This
error can be decreased by increasing the efficiency of the neural network during
training.

It is claimed that the proposed method, using neural network as an observer, de-
creases the volume of calculation resulting in real-time control of complex mobile
manipulators. We will show here, how helpful it can be, even for a very simple
mobile manipulator.

Consider again the previous setup: a mobile manipulator that its vehicle moves
with a constant velocity in a circular path. Assume the angular acceleration of
manipulator joints are given by

a1 ¼ sinð2tÞ
a2 ¼ �0.1 sinð2tÞ

and initial conditions are (for manipulator joints)

h1ðt ¼ 0Þ ¼ 260�

h2ðt ¼ 0Þ ¼ 55�

x1ðt ¼ 0Þ ¼ �0.6 rad=s

x2ðt ¼ 0Þ ¼ 0.1 rad=s
Fig. 8. The neural-network output comparison with actual data (each square is a 1-degree error).
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We consider the motion of the mobile manipulator during 5.5 s. We use Euler sol-
ver for numerical simulation with the time step equal to 1/100 s. We want our algo-
rithm to show the tipover situation during the motion. Fig. 9 shows the image of the
path of the mobile manipulator on the h1–h2 plane. The thicker part of the graph
shows the unstable region during which the tire upward force is less than zero. It
is indeed not a physical possible situation, because it means that the road ‘‘pulls’’
tire(s). In real application the distance from threshold of tipover stability and the
speed of decreasing of this distance is important and must be considered to design
a suitable controller (see for example [23]). In the simplest case we can define the
minimum of upward forces acting on tires as the tipover norm. This norm is shown
in Fig. 10. It is to be noted that this graph can be discontinuous: for a while one tire
gets the minimum value and after that another tire may get it.

The time needed for calculation is (using 750 MHz CPU)
Neural network Direct solving

3.9 s 10.2 s
This example shows that using neural network as an observer would reduce the
time of calculation by a factor of 2.6. For 5.5 s simulation indeed a 750 MHz
CPU cannot estimate the stability situation online while the proposed algorithm en-
able it to do that easily. Although the number of seconds decreases with faster ma-
chines, the time ratio of these two way of calculations is almost the same. This ratio
is a function of degrees of freedom of mobile manipulator and the number of free
Fig. 9. Image of path in h1–h2 plane.



Fig. 10. Tipover norm versus time.
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parameters exist in the model. Higher degree of freedom mobile manipulator results
in a higher coefficient. We again emphasize that the importance of this algorithm
emerges for a complicated mobile manipulator. For such robots, although the learn-
ing time increases exponentially, the time needed for taking data from our observer is
almost the same. Optimizing the type and shape of the neural network may also
modify the time ratio.
6. Conclusion

Tipover is an important danger that menaces mobile manipulators, especially
autonomous ones. In these types of robots, the dynamic interaction between manip-
ulator and vehicle plays an important role in the determination of the stability. In
this paper we first compare different stability criteria and propose a new formulation
that includes both stability and steerability. Our criteria—named ZETUF—is based
on tires upward forces. While applying our algorithm, we found direct measurement
of force an expensive and inaccurate task. Therefore we proposed to replace tire
forces data by an observer. This observer solves equations of motion of the mobile
manipulator, and also computes tire forces based on the measured data. The next
problem is to deal with the huge volume of computation which is problematic in
our real-time estimation objective. To overcome this problem, we use another
neural-network database. Finally, by a numerical simulation we showed that this
neural-network observer reduces the time of computation considerably. The method
is applicable to a wide range of mobile manipulators such as those classified in [24].
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