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Abstract 
Statically stable walking locomotion research has focused mainly on robot design and gait 

generation. However, there is a need to expand robots’ capabilities so that walking machines can 

accomplish the kinds of real tasks for which they are eminently suited. Many such tasks demand 

trajectory tracking, but researchers have traditionally ignored this subject. This article focuses on the 

tracking of predefined trajectories with hexapod robots walking on natural terrain with forbidden 

zones. The method presented herein, which relies on gait algorithms defined elsewhere, describes 

certain localization strategies and control techniques that have been employed to follow trajectories 

accurately and have been implemented in a real walking hexapod. Several experimental examples 

are included to assess the proposed algorithms. 
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1. Introduction 

In recent years, autonomous legged robots have been moving out of the laboratories and gaining 

significance in real outdoor applications, especially on natural terrain (Molfino et al. 2005). These 

scenarios are the most complex ones for mobile robots, because they merge the difficulties inherent 

in unknown, unstructured environments with very different types of terrain, such as soft, slippery 

terrain (which jeopardizes robot support and/or stability) and environments of extreme topology that 

include severe irregularities and zones where support is poor (such as deep holes and tall 

protrusions). 

To make a legged robot perform complex tasks in those kinds of scenarios, it is necessary to plan 

the machine’s actions at different hierarchical levels, from the levels that determine general task-

solving strategy to the levels that decide elementary joint motions. This action breakdown enables 

simple modules to be designed for man-machine interfaces, trajectory generation, robot location, 

trajectory control, gait generation and control, and so on. 

Gait generation is the most characteristic algorithm of legged robots. A gait is the sequence of 

footholds and leg motions that makes a legged robot move forward, backward or sideways. Stable 

crab motions can be generated for legged robots on flat terrain by using simple periodic or non-

periodic leg and foothold sequences. However, tracking an overall trajectory is a complex task that 
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requires stitching different types of gaits together. The complexity of planning leg motions and 

footholds is the downside to legged robots’ great mobility and terrain adaptation capability. Leg 

motion planning is rendered even more difficult by forbidden zones, areas where the robot is not 

allowed to place its feet. 

In order to track a trajectory accurately, the robot must know its position in a given world 

reference frame. This problem is known as robot localization. There are several techniques for robot 

localization outdoors that provide the robot’s position with different degrees of accuracy (Catalbiano 

et al., 2004; Gassmann et al., 2005). In the case of localization of antipersonnel land mines (the 

problem with which we are concerned), the requested accuracy is ±2 cm, which drastically 

constrains what localization techniques can be used (Cobano et al., 2008). 

Researchers into multi-legged locomotion have not devoted the proper effort to trajectory 

tracking, and there are only a few papers on the topic. For instance, Orin (1982) proposed a method 

for guiding a legged robot in real time. Afterwards, he modified and adapted the algorithm for use on 

irregular terrain, but he only factored in terrain inclination and forbidden zones. A few years later, 

Lee and Song (1990) developed a method to generate and follow trajectories using wave gaits. Their 

method was designed for flat terrain and relied on an open-loop trajectory controller; i.e. the actual 

position of the robot was not employed to correct the actual trajectory and thus track the desired 

trajectory accurately. In the mid-1990s some results appeared for following trajectories with 

quadrupeds using discontinuous periodic gaits and open-loop trajectory controllers. These gaits 

facilitate adaptation to irregular terrain, because one leg is transferred (moved) to a new foothold 

while the rest of the legs―and the body―stand still (Gonzalez and Jimenez, 1995a; 1995b). The 

complexity of the task increases severely when we try to move a robot using continuous gaits, where 

the body remains continuously in motion. In this decade, Bai and Low (2001) developed algorithms 

for path planning in legged robots and presented some simulation results, but again they failed to 

address the issue of a controller for accurate path tracking. Recently Zhang (2007) presented results 

in tracking trajectories with legged runners, but the examples Zhang presented were simulated only. 

Experimentation with real walking robots is still incipient, even for multi-legged, statically stable 

robots. 

Apart from the gait generator, the robot controller must perform two additional tasks, body 

attitude control and body altitude control. Both are required to correct undesired body movements 

caused by mechanism imperfections (flexion and backlash in leg joints) and problems due to terrain 

compaction at footholds. It is also desirable for the robot to be able to walk on very steeply inclined 

terrain while keeping its body level. This may even be a requirement in vehicles that carry 

passengers or some types of sensors. It is important to maintain body altitude as well, in order to 

adapt to terrain irregularities. If the robot controller guarantees body attitude, body altitude and 

terrain adaptation while moving, then the definition of plane (2D) horizontal trajectories will suffice 

to specify the required robot motion on irregular terrain. 
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A legged robot is an omni-directional vehicle; therefore, trajectory tracking can be accomplished 

in many different ways. For instance, the origin of the body reference frame, normally located in the 

geometric center of the body, can follow the trajectory while keeping the body heading constant or 

while keeping the longitudinal body axis tangent to the trajectory. A constant body heading can be 

achieved using crab gaits; a tangent longitudinal body axis can be obtained using turning gaits 

(circling and spinning gaits) (Estremera and Gonzalez de Santos, 2002; 2005). 

This paper presents a method that relies on a closed-loop trajectory controller to track a legged 

robot’s trajectories accurately. Up to now, researchers have ignored trajectory tracking using closed-

loop controllers; therefore, this is the most innovative aspect of this article. The algorithm assumes 

that other separate controllers take care of gait generation (which guarantees stability) and terrain 

adaptation. The specific algorithm for gait generation used in this paper is detailed in (Estremera et 

al., 2009). To close the robot position control loop, i.e. to correct the robot’s deviations from the 

desired trajectory, a positioning system is required. In our case the positioning system relies on the 

fusion of information collected from different sensors, i.e., DGPS, electromagnetic compass, 

encoders and inclinometers.  

Section 2 of this article describes the localization system employed to close the position control 

loop. Section 3 presents the trajectory-tracking method. Section 4 presents some experimental results 

using the real SILO-6 walking robot to assess the algorithms. Finally, Section 5 concludes with the 

discussion and conclusions. 

The work presented in this article is a part of the results obtained in the DYLEMA project, a six-

year project devoted to the development of a hexapod robot for humanitarian demining missions. 

The methods and algorithms presented herein have been tested in a fully operative robot composed 

of many subsystems; even a brief description of these subsystems would make this paper extremely 

long. Thus, the authors encourage interested readers to consult the material made available at the 

project web site (SILO-6, 2008a). Many of the publications referred to by the web site are 

necessarily referred to in this article. 

2. The Localization System 

This section describes the algorithm implemented in the SILO-6 (see Fig. 1) walking robot for 

localization purposes (Gonzalez de Santos et al., 2007). This algorithm is tailored to the SILO-6’s 

sensor system, which consists of 18 encoders, an electromagnetic compass, a dual inclinometer and a 

DGPS (differential global positioning system). The algorithm relies on an extended Kalman filter 

(EKF), with an estimation phase based on dead-reckoning techniques and an update phase based on 

the position data obtained with the DGPS (Kalman, 1960; Welch and Bishop, 2004; Roumeliotis and 

Bekey, 1997). 
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2.1. An extended Kalman filter for robot localization  

Dead-reckoning estimation is a smooth method of robot localization outdoors, but the position 

errors are cumulative, i.e., they increase with the distance traveled. In walking robots, these errors 

are caused mainly by mechanical imperfections and foot slippage. DGPS provides good accuracy 

(±2cm), but satellite signal degradation or loss can cause errors in the measurement of the robot’s 

position. These sensor systems have complementary features that can be merged using data fusion 

techniques. The most popular technique is the Kalman filter, used widely in the field of autonomous 

or assisted navigation (Longo et al., 2002; Catalbiano et al., 2004; Gassmann et al., 2005). It 

consists in a recursive solution to the discrete-data linear-filtering problem. The Kalman filter is a 

suite of mathematical equations that provides an efficient computational recursive method for 

estimating the state of a linear process, by minimizing the mean of the squared error (Gelb et al., 

1986). In the case of a non-linear system, the alternative EKF can be used (Roumeliotis and Bekey, 

1997). This method consists in linearizing the state transition matrix, which represents a kinematic 

model of the system and describes the transition from the k−1 state to the k state. A typical 

localization algorithm is based on the classic EKF, consisting of two phases: estimation and update. 

The estimation phase relies on data obtained with encoders, inclinometers and electromagnetic 

compasses, while the update phase uses data obtained with the DGPS.  

One major problem in the localization of walking robots is that robot joints have backlashes and 

flexions that lead to undesired lateral body movements (see Fig. 2), which in turn produce errors in 

the robot position estimate. This effect normally reaches its maximum at the beginning of tripod 

transferences, when the robot changes from six legs in support to three legs in support. This backlash 

effect can be corrected by estimating the undesired body displacement during tripod transferences, d. 

Encoders and electromagnetic compasses cannot detect this sort of body displacement, so the 

estimation of body position using dead-reckoning techniques does not detect the backlash effect, 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. The SILO-6 walking robot and main subsystems. 
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either. The DGPS does describe this lateral body displacement very well, but it is prone to failure 

due to satellite signal loss. Thus, the estimation of the body displacement should be included in the 

EKF estimation phase. This is the key to obtaining a better body position estimate than the one 

detailed in (Cobano et al. 2008); therefore, this improvement focuses on the EKF estimation phase 

only. 

2.2. The estimation phase 

A robot’s position on irregular terrain can be defined by three components: the x component, the 

y component and the robot’s heading in the world reference frame. These components are referred to 

as X1, X2 and X3, respectively. Normally the z component is not necessary for outdoor localization 

purposes.  

In the estimation phase of the localization algorithm, the horizontal components of the robot’s 

position in the world reference frame, X1 and X2, are estimated using dead reckoning. The robot’s 

heading, X3, is obtained by the electromagnetic compass readings, θ. The estimated position and 

orientation, which refer to the world reference frame, are therefore expressed as: 

 
















−
∆+−
∆+−

=
















−
−
−

=−
)1,(

)()1(
)()1(

)1,(
)1,(
)1,(

)1,( 22

11

3

2

1

kk
kXkX
kXkX

kkX
kkX
kkX

kkX
θ

 (1) 

where ( )1 2
∆X , ∆X are the position increments (Gelb et al., 1986) in the world reference frame, 

which are calculated based on the data from odometry and the electromagnetic compass. The body 

heading, θ, which is needed to compute position increments in the world reference frame, is obtained 

from the raw electromagnetic compass data, α(k), and the two previous data, X3(k-1) and X3 (k-2), 

through the following second-order filter: 

)()1()2()2,1,( 33 kkXkXkkk λαβγθ +−+−=−−   (2) 

where γ = 0.60, β = 0.35 and λ = 0.05. Note that λ is used to compute the Jacobian matrix defined in 

(10).  

 

 

 

 

 

 

 

 

 

Fig. 2. Magnified lateral displacement of the robot due to backlash in joints (Front view). 
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The solution we propose for estimating lateral body displacements, d, in the EKF estimation 

phase, relies on the incorporation of additional sensor data from a dual inclinometer that provides 

information about both body pitch and body roll. This sensor is available in most walking robots for 

body attitude control. We have confirmed experimentally that body roll is an excellent source of 

information for describing the body’s lateral motion due to backlash.  

To define the body displacement, d, prior to its inclusion in the localization algorithm, we 

consider the following three robot states: SUPPORT, TRIPOD-1 and TRIPOD-2. In SUPPORT all 

the legs are supporting the robot on the ground. In TRIPOD-1 only the legs of tripod 1 (legs 1, 4 and 

5) support the robot. In TRIPOD-2 only the legs of tripod 2 (legs 2, 3 and 6) support the robot (see 

Fig. 3). Experimentation concerning the evolution of body roll as the robot moves shows that: 

1. The roll values increase when the robot is in the TRIPOD-1 state, which means positive 

rotation (light gray line in Fig. 4) 

2. The roll values decrease when the robot is in the TRIPOD-2 state, which means 

negative rotation (gray line in Fig. 4) 

3. The average roll value increases with the time the body level control is off (dashed line 

in Fig. 4) or it remains roughly constant if the body level control is on. 

Note that this behavior is for a given robot. Other robots may behave differently.  

Roll variation is related with transversal body displacement; therefore, we can infer the lateral 

robot displacement from the roll variation given by the inclinometers. 

The lateral body displacement is then estimated in three steps: 

STEP 1: The robot state, which will be SUPPORT, TRIPOD-1 or TRIPOD-2, is determined. 

STEP 2: The algorithm looks for possible state transitions. The transitions may be: 

a) From SUPPORT to TRIPOD-1 

b) From SUPPORT to TRIPOD-2 

c) From TRIPOD-1 to SUPPORT or 

d) From TRIPOD-2 to SUPPORT. 

STEP 3: Whenever a state transition occurs, the body roll, θroll, is read from the inclinometers. 

 

 

 

 

 

 

 

 

 

 

Fig. 3. States of the robot (Top view). 
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Then the lateral body displacement, d, can be computed as (see Fig. 2) 

 rollsin ( )dd = K θ  (3) 

Kd is the radius of rotation of the COG. Its value is unknown, because there is no evidence of the 

body rotation point due to robot backslash. Therefore, it has been estimated experimentally as the 

average value of a large number of experiments measuring the roll angle, θroll, with the inclinometer 

and the body deviation, d, with an external system. Additionally, taking into consideration that 

 osin ( ) if 15θ θ θ≈ ≤  (4) 

we found that the average value of dK , dK , is 
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where ( )d i  and ( )θroll i  are respectively the body displacement and the body roll for measurement 

i, and N is the total number of measurements. Thus, the displacement, d, for a roll, θroll, is computed 

as  

 roll jroll ;if
;otherwise0

dK
d

θ θθ >= 


%| |
 (6) 

where dK  has been determined to be dK =1.37 and jθ%  > 0 is a threshold introduced to avoid 

computing the body roll corrections when the roll is small. It has been determined experimentally 

that the best behavior is obtained with different thresholds for different state transitions; thus, this 

 
Figure 4. Evolution of the roll for different robot states: SUPPORT (black), TRIPOD-1 (light gray) 

and TRIPOD-2 (gray) when the body level control is off. 
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threshold can be j a b c dθ θ θ θ θ ∈ 
% % % % % , depending on the transition state defined in STEP 2. For 

the robot used in the experiments, these values are 3
a 3 12 10.θ −= ×%  rd, 3

b 3 12 10.θ −= ×% rd, 3
c 5 07 10.θ −= ×%  

rd and 3
d 7 02 10.θ −= ×% rd. 

Parameter d is the body motion along the y component of the body reference frame; thus, the 

position increment in the body reference frame is 

 ( ) ( )1 2 1 2

B B B B∆X ∆X ∆X ∆X d= +% %  (7) 

where ( )1 2

B B∆X ∆X  is the increment in the body position obtained with the information from the 

encoders and the electromagnetic compass. Therefore, the increment in the robot position in the 

world reference frame is given by 

 1 1

2 2

B

B

∆X ∆X
∆X ∆Xθ

  
=      

   
R

%

%  (8) 

where θR is the rotation matrix that rotates the heading angle, θ, about the z-axis of the body 

reference frame. This new position increment is used in the estimation phase of the EKF. Thus, the 

error introduced in vector X(k,k-1)  is computed by the estimated covariance matrix, P (Gelb et al., 

1986), which is: 

 )()1,()1,()1,()1,( kCkkJkkPkkJkkP o
T +−−−=−  (9) 

where J is the Jacobian matrix of the system computed as: 
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This matrix is used to linearize the system. 

Co in (9) represents the error in each measurement, normally introduced by the sensors used in 

the estimation phase (encoders, inclinometer and electromagnetic compasses). Co is as follows: 

 
1

o 2

3

c cosθ(k) 0 0
C 0 c sinθ(k) 0

0 0 c

 
 = 
 
 

 (11) 

where c1= 4×10-3, c2 = 4×10-3 and c3 = 34.9×10-3 are obtained empirically computing the standard 

deviation measured for vector X(k,k-1) . 

2.3. Update phase 

The update phase measures and updates the robot’s position using the DGPS data. This phase 

depends on the data obtained in the estimation phase rather than on the estimation process itself; 
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thus, it is similar to the update phase detailed in (Cobano et al., 2008). For the sake of easy reading, 

this phase is summarized in Appendix A. 

3. Trajectory-tracking algorithm 

The highest control levels in the control hierarchy are (a) a gait controller, (b) a localization 

system such as the one sketched in Section 2 and (c) a complete coverage algorithm, which is briefly 

presented as an example of a trajectory planner in (Garcia and Gonzalez de Santos, 2004). This high-

level planner lies outside the scope of this article, and it is briefly introduced herein just to enable us 

to present the techniques for trajectory tracking explained below. 

This section focuses entirely on following trajectories given by the trajectory planner. The 

algorithm uses the gait computed by the gait controller, and the robot’s position loop is closed using 

the robot’s localization system. This method first divides the trajectory into straight segments and 

then applies three simple control laws as presented below. The trajectory segments form different 

angles with the x-axis of the world reference frame and thus with the body’s longitudinal axis (crab 

angle). 

3.1. Definition of the theoretical trajectory 

The trajectory to be followed by a legged robot can be defined using different criteria that depend 

on the task features. Sometimes the objective is to move the vehicle from a starting point to a final 

point and the motion criterion is to minimize motion time. Other applications, such as the detection 

and location of antipersonnel landmines, require sweeping an area completely with no time 

restrictions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Trajectory for the complete exploration of the terrain based on a boustrophedon path. 
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This work uses a method for complete coverage devised by Garcia and Gonzalez de Santos 

(2004) to plan the trajectory to be followed by the robot. This method is a modification of the 

original method proposed by Acar and Choset (2001) for planning 2D trajectories on a horizontal 

plane. The vertical component (height of the vehicle) is determined in real time by the gait controller 

using foot sensor information. The basic trajectory to be followed is a boustrophedon path that 

consists of long straight segments joined to short straight segments as indicated in Fig. 5 (Choset and 

Pignon, 1997). This is the basic trajectory for most of the coverage algorithms used in mobile robots. 

The robot scans the terrain while it moves along the long segments. The length of the short segments 

equals the width of the sensor head, so the whole terrain is covered efficiently. This basic trajectory 

is followed if the robot can negotiate the terrain. If the terrain becomes irregular enough to 

jeopardize the robot’s motion or obstacles appear in the robot’s trajectory, then the robot stops 

scanning and moves to the contiguous long-straight segment (see Fig. 5). Thus, the detection of an 

obstacle or a severe irregularity divides the area into two cells. The robot will explore one cell, while 

the other cell is registered for later scanning, normally after the exploration of the area (Garcia and 

Gonzalez de Santos, 2004). 

One important aspect of this path-planning method is that the robot must follow joined straight 

segments. Therefore, the trajectory is defined by a set of points defining the initial and final points of 

each trajectory segment. For instance, the i-th segment of the trajectory, Si, is defined by the 

horizontal components ( , )x yP P of the segment’s initial point ( , )i i i
x yP P P  and final point 

1 1 1( , )+ + +i i i
x yP P P . These points refer to the world reference frame (XT, YT) (see Fig. 6) and define ψi, 

which is the orientation of segment Si with respect to XT: 
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3.2. Trajectory-tracking control 

Following a trajectory such as the one defined above requires controlling three degrees of 

freedom: the components of the COG, (COGX, COGY) and the heading, Φ, which is the angle 

between the robot’s longitudinal axis, XR, and the axis of the world reference frame, XT (see Fig. 6). 

The COG components are controlled through the direct control of the heading, Φ, the body yaw 

velocity, ωAH (angular heading velocity), and the body velocity, VBH. These parameters are the input 

parameters of the crab and turning gaits used to track the trajectory. The vertical component of the 

COG and the body roll and pitch are controlled by the gait controller, which is outside the scope of 

this article (Cobano, 2007). 

The trajectory controller consists of five modules:  heading controller, horizontal position 

controller, vertical position controller, trajectory transition controller and gait selector. 
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3.2.1. Heading controller 

The desired heading angle, φD , is the orientation of the i-th trajectory segment, Si. That is: 

 D iφ ψ=  (13) 

To keep the body orientation, the angular heading velocity, ωAH, is controlled using a simple 

proportional control law: 

 ( )AH p DK φω φ φ= −  (14) 

where KpΦ is the control gain and φ  is the actual heading angle. This simple control law is efficient 

and effective for correcting small position errors in trajectory tracking as well as the large orientation 

heading angles that appear at the segment-joining points. 

3.2.2. Horizontal body position controller 

The robot’s position is controlled to maintain the robot’s COG in the desired trajectory. This can 

be accomplished by correcting the robot crab angle, α (see Fig. 6), using the following proportional 

control law with saturation: 

 max

max

( , ) if | |
otherwise

ip PRK COG Sασ δ α α
α

σα
<

= 


 (15) 

where δPR(COG, Si) is the distance from the body COG to segment Si, and Kpα is the controller gain 

(see Fig. 6). The parameter σ is defined so as to permit the robot to get closer and closer to the 

desired trajectory. That is: 

 

 
Figure 6. Trajectory strategy. 
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1 if 0
1 if 0

q
q

σ
≥

= − <  (16) 

where q is obtained by: 

 × =
i i

COG
S Su v qk

uuuuruur r
 (17) 

iSu
uur

is the direction vector of segment Si, and 
i

COG
Sv
uuuur

 is the vector from the initial point of segment Si 

to the robot’s COG. That is: 

 1 1( , )
i

i i i i T
S X X Y Yu P P P P+ += − −
uur

 (18) 

 ( , )= − −
i

COG i i T
S X X Y Yv COG P COG P
uuuur

 (19) 

This simple controller is enough for horizontal body position control purposes because of the 

system’s low velocity. The maximum crab angle, αmax, is selected to allow the heading of the 

trajectory to be changed, but to avoid backward motions. That is, αmax = π/2, or, in other words, –π /2 

< α < π /2. 

3.2.3. Horizontal body velocity controller 

The horizontal body velocity, VHB, should be constant along a tracking segment. Its value is 

restricted by the scanning velocity of the sensor head, and it is fixed to a nominal value VNHB if the 

position error is below a threshold
maxφε ; otherwise, the robot is stopped to allow the heading control 

to correct the heading deviation. That is: 

 max
; if | |

0 ; otherwise
φ φε ε<= 



NHB
HB

V
V  (20) 

3.2.4. Trajectory transition controller and gait selector 

When the robot follows a trajectory, the transition from segment Si to segment Si+1 occurs when 

the robot crosses the line lying perpendicular to Si and passing through Pi+1 (the final point of Si). 

Thus, we guarantee that the robot changes from one segment to another segment even if trajectory-

accumulating errors take the robot far from the final segment point. From the mathematical 

standpoint, the robot changes from Si to Si+1 if: 

 · 0≥
i i

COG
S Su w
uuuuuruur

 (21) 

where 
iSu

uur
is given by (18) and  

 1 1( , )+ += − −
i

COG i i T
S X X Y Yw P COG P COG

uuuuur
 (22) 

In other words, the transition occurs when the angle between vector 
i

COG
Sw

uuuuur
from Pi+1 to the body 

COG and vector iSu
uur

that defines the current segment lies in [π/2, –π /2] (see Fig. 7). 



 13

By default, the algorithm selects a turning gait of null radius (spinning gait) at the beginning of 

every segment to align the robot with the new segment of the trajectory. When the robot is aligned, a 

crab gait is selected to follow the new segment. 

4. Experimental results 

Some experiments were conducted to check both the trajectory tracking and the localization 

algorithms running on the SILO-6 walking robot. The control gains in (14) and (15) were set to 

KpΦ=0.2 and Kpα= 5×10-3, respectively, in all examples. Additionally, we set 
max

5φε = degrees. 

The first experiment was intended to demonstrate how position accuracy is increased with dead-

reckoning techniques that use inclinometer data. The robot moved along a straight trajectory. At the 

beginning of the motion, the geometric center of the robot was on the starting point of the trajectory, 

and the robot’s longitudinal axis (x-axis) was aligned with the trajectory. Figure 8 illustrates the 

desired and real trajectory in dotted and solid lines, respectively. Figure 8(a) illustrates the results 

obtained when the robot moved under open-loop control. The path deviated significantly from the 

desired trajectory because of mechanical imperfections and foot slippage. Figure 8(b) illustrates the 

trajectory followed by the robot when the experiment was repeated under closed-loop trajectory 

tracking. In this case the robot followed the desired trajectory accurately because of the actions of 

both the heading controller presented in Section 3.2.1 and the crab controller defined in Section 

3.2.2. 

Figure 9 presents the position estimate obtained with the EKF, DGPS and dead-reckoning 

methods when the robot moved under open-loop control. Note how the dead-reckoning estimate 

including the inclinometer readings lay closer to the real trajectory (DGPS and EKF) than the simple 

dead-reckoning estimate (without inclinometers). 

 
Figure 7. Trajectory transition. 
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The second experiment was designed to check how a boustrophedon trajectory is tracked over 

natural terrain. Again, the origin of the trajectory coincided with the origin of the body reference 

frame at the beginning of the motion. Figure 10 illustrates the terrain where the experiment was 

conducted. The basic sequence or exploration cycle consisted of four segments with the lengths 

indicated in Fig. 11. In this experiment we were interested in observing how the real trajectory 

deviated from the theoretical trajectory. For this study the error was regarded as the difference 

between the real trajectory and the trajectory estimated with different methods. 

Figure 11 illustrates the experimental results. The best trajectory estimate was the one obtained 

with EKF. The DGPS gave good results when the satellite signal remained strong and steady; 

otherwise, trajectory accuracy could not have been maintained. Position estimation with the dead-

reckoning technique was improved by using data from inclinometers, especially for estimating 

lateral body motions due to joint backlash and joint flexions. 

The most important problem in our trajectory-tracking experiments appeared at corners (see 

Figure 11), because trajectory control was not performed while the robot was executing the turning 

gait. However, when the robot started the new straight trajectory, the estimation algorithm started to 

work again, forcing the robot closer to the trajectory. 

A very illustrative video of the SILO-6 tracking a boustrophedon trajectory on hard, flat terrain is 

available in (SILO6, 2008b). 

 

 
 

Figure 8. Desired trajectory (dashed line) and actual trajectory (solid line). (a) Open loop control, 

(b) Closed loop control. 

(a)                                                                   (b) 
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5. Discussion and conclusions 

This article focuses on the tracking of trajectories with six-legged robots operating on natural 

terrain. The algorithms presented here rely on both a free gait algorithm and a location system 

presented in previous publications. The gait is based on an alternating tripod algorithm, while the 

localization system relies on a sensor set that consists of 18 encoders, two inclinometers, an 

electromagnetic compass and a DGPS. This localization system has been extended to include the 

lateral body displacement effect as presented in Section 2. 

This article defines simple localization and control algorithms for following trajectories 

 
Figure 9. Desired trajectory (black line) and estimated trajectories by using different methods: dead-

reckoning with encoders and electromagnetic compass (gray dots), dead-reckoning with encoders, 

electromagnetic compass and inclinometer (black circles), DGPS (gray crosses) and EKF (black 

dots). 

 
Figure 10. SILO-6 scanning a natural terrain. 

Desired trajectory 

DGPS trajectory (×)

EKF trajectory (·) 

Dead-reckoning trajectory (·)

Dead-reckoning-plus-inclinometer trajectory (o)
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accurately and reports the implementation of those algorithms in a real walking hexapod. The 

algorithms take care of robot heading, horizontal and vertical body position, trajectory transitions 

and gait selection. 

The first experiment shows how position accuracy tracked with dead-reckoning techniques is 

increased when inclinometer data are used (see Fig. 9). The improvement in the accuracy of dead-

reckoning techniques is of significant importance when the DGPS fails, normally because of signal 

loss. In such a case, the distance that the robot can travel while satisfying position requirements is 

longer. Our system can in fact keep on walking for about one minute, which in most cases is long 

enough to recover the GPS signal. 

The second experiment checks the following of a boustrophedon trajectory over natural terrain, 

such as is involved in humanitarian demining tasks. Data obtained with different techniques have 

been studied and compared. 

We can conclude that including the estimation of lateral body motions in the localization system 

helps maintain the requested tracking accuracy (see Figs. 9 and 11). Again, we can observe how the 

trajectory computed with dead-reckoning techniques taking into account inclinometer data (gray 

23.25

23

22.75

22.5

22.25

22
-0.5 0 0.5 1 1.5 2 2.5

Y
 (m

)

X (m)

0.
75

 m
0.

75
 m

Origin of the 
trajectory

Direction of motion

2 m

 
Figure 11. Theoretical trajectory (solid black line) and estimated trajectories by using different 

methods: dead-reckoning with encoders and electromagnetic compass (dotted gray line), dead-

reckoning with encoders, electromagnetic compass and inclinometer (black circles), DGPS (gray 

crosses) and EKF (dotted black line). 
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circles in Fig. 11) is closer to the trajectory recorded with DGPS. That is, it provides a better 

estimate of the robot’s position than do dead-reckoning techniques using only encoders and an 

electromagnetic compass (dotted gray line in Fig. 11). 

This is especially important when the robot traverses irregular terrain, where sudden body motion 

due to joint backslash and link flexion appears more frequently. 

We wish to highlight the importance of implementing trajectory tracking based on both a crab 

and a turning gait capable of working on irregular terrain with forbidden zones. Simulation and 

experiments have proven that the algorithm is practically insensitive to the number of forbidden 

zones and is capable of following the theoretical trajectory while negotiating forbidden zones and 

terrain irregularities with positioning errors lower than ±2 cm. 

The main conclusion drawn from these experiments is that the algorithms for the localization of 

walking robots presented herein can be applied for the detection and location of antipersonnel 

landmines, an application that requires tracking trajectories to a demanding standard of accuracy. 

 

Appendix A 

The update phase consists of measuring and updating the position using DGPS data. The 

measurement vector, (Z1(k), Z2(k))T, is obtained during this phase; it is equivalent to (X1(k), X2(k))T. 

Z(k) is obtained by transforming the DGPS data in order to compare the estimated X1 and X2 

positions using the positions obtained from the DGPS’s Z1 and Z2. The measurement vector must be 

estimated in order to update the position and orientation of the robot, X. This vector is computed 

based on the measurement matrix, H, and the approximated position during the estimation phase, 

X(k, k−1). In this case, the estimated measurement components of vector Z(k, k−1) are initialized to 

the X1 and X2 components, since the measurement vector cannot be calculated using any other 

method. Therefore, 

 )1,()1,( −=− kkHXkkZ  (23) 

where H is given by: 

 







=

010
001

H  (24) 

         

The Kalman matrix, K, is the gain or blending factor that minimizes the a-posteriori error 

covariance: 

 1)]()1,([)1,()( −+−−= kCHkkHPHkkPkK g
TT  (25) 
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is the matrix representing the error introduced by the DGPS measurement, and σ1 and σ2 are the 

standard deviations for each component. In our experiments we have found σ1 = 3×10-3 m and σ2 = 

4×10-3 m. 

Finally, the robot’s position, X, is calculated and the error covariance matrix, P, is updated as 

follows: 

 )]()1,()[()1,()( kZkkZkKkkXkX −−+−=  (27) 

 )1,(])([)( −−= kkPHkKIkP  (28) 

where I is the identity matrix. 

 

Acknowledgements 
Funding for this work was provided by the Spanish Ministry of Science and Technology under 

Grants DPI2001-1595 and DPI2004-05824. 

 

References 

Acar, E. and Choset, H., (2001), “Robust sensor-based coverage of unstructured environments”, In 

Proceedings of the International Conference on Intelligent Robots and Systems, Maui. Hawaii, 

pp. 61-68. 

Bai, S. and Low, K. H., (2001), “Body Trajectory Generation for Legged Locomotion Systems 

Using A Terrain Evaluation Approach”, Proceedings of the 2001 IEEE International Conference 

on Robotics and Automation, Seoul, Korea, May 21-26, pp. 2279-2284. 

Catalbiano, D., Muscato, G. and Russo, F., (2004). “Localization and self calibration of a robot for 

volcano exploration”, In Proc. IEEE Int. Conf. on Robotics and Automation, pp. 586-591. New 

Orleans, LA. 

Choset, H. and Pignon, P., (1997), “Coverage Path Planning: the boustrophedon cellular 

decomposition”, In Proceedings of the International Conference on Field and Service Robotics, 

Canberra, Australia. 

Cobano, J. A., (2007). “Localization and trajectory tracking with walking robots in natural 

environments”, PhD Thesis, University Complutense of Madrid. 

Cobano, J. A., Estremera, J. and Gonzalez de Santos, P., (2008), “Location of legged robots in 

outdoor environment”, Robotics and Autonomous Systems, Vol. 56, pp: 751-761. 

Estremera, J., Cobano, J. A. and Gonzalez de Santos, P., (2009). “Continuous free-crab gaits for 

hexapod robots on natural terrain with forbidden zones: An application to Humanitarian 

Demining”, Robotics and Autonomous Systems, In press. 

Estremera, J. and Gonzalez de Santos, P., (2002), “Free Gaits for Quadruped Robots over Irregular 

Terrain”, The International Journal of Robotics Research, Vol. 21, No. 2, pp. 115-130. 



 19

Estremera, J. and Gonzalez de Santos, P., (2005), “Generating continuous free crab gaits for 

quadruped robots on irregular terrain”, IEEE Transactions on Robotics, Vol. 21, No. 6, pp: 1067-

1076. 

Garcia, E. and Gonzalez de Santos, P., (2004), “Mobile robot navigation with complete coverage of 

unstructured environments”, Robotics and Autonomous Systems, Vol. 46, N. 4, pp. 195-204. 

Gassmann, B., Zacharias, F., Zöllner, J. M., and Dillmann, R., (2005), “Localization of walking 

robots”. In Proceedings of the 2005 IEEE, International Conference on Robotics and 

Automation, pp: 1483-1488. Barcelona, Spain. 

Gelb, A., Kasper Jr., J.F. Nash Jr., R.A., Price, C.F. and Sutherland Jr. A.A., Applied Optimal 

Estimation, The M.I.T Press, 1986. 

Gonzalez de Santos, P. and Jimenez, M. A., (1995a), ”Generation of Discontinuous Gaits for 

Quadruped Walking Machines”, Journal of Robotic Systems, Vol. 12, N. 9, pp. 599-611. 

Gonzalez de Santos, P. and Jimenez, M. A., (1995b), “Path tracking with quadruped walking 

machines using discontinuous gaits”, Computers and Electrical Engineering, Vol. 21, No. 6, pp. 

382-396. 

Gonzalez de Santos, P., Cobano, J. A., Garcia, E., Estremera, J. and Armada, M. A. (2007), “A six-

legged-robot based system for humanitarian demining missions”, Mechatronics, Vol. 17, No. pp. 

417-430. 

Kalman, R. E., (1960), “A new approach to linear filtering and prediction problems”, Transaction of 

the ASME-Journal of Basic Engineering, pp. 35-45. 

Molfino, R., Armada, M., Cepolina, F., Zoppi, M., (2005), “ROBOCLIMBER the 3 ton spider”, 

Industrial Robot, vol. 32, No. 2, pp. 163-170. 

Lee, J. K. and Song, S. M., (1990), “Path Planning and Gait of Walking Machine in an Obstacle-

Strewn Environment”, Journal of Robotic Systems, vol. 12, No. 3, pp. 801-827. 

Longo, D., Muscato, G., and Sacco, V. (2002), Localization using fuzzy and kalman Filtering data 

fusion. In Proc. Int. Conf. Climbing and Walking Robots. Paris,France 

Orin, D., (1982). “Supervisory control of a multilegged robot,” The International Journal of Robotic 

Research, 1(1), pp. 79-91. 

Roumeliotis, S. I. and Bekey, G. A., (1997), “An extended Kalman filter for frequent local and 

infrequent global sensor data fusion”, In Proceedings of the SPIE (Sensor Fusion and 

Decentralized Control in Autonomous Robotic Systems), pp. 11-22. Pittsburgh, Pennsylvania. 

SILO-6 (2008a), The SILO-6 and DYLEMA Projects' Home Page, Available at: 

http://www.iai.csic.es/users/silo6/.  



 20

SILO-6 (2008b), The SILO-6 and DYLEMA Projects' videos, Available at 

http://www.iai.csic.es/users/silo6/SILO6_pics/SILO6TrajectoryGPSx10.wmv. 

Welch, G. and Bishop, G., (2004), “An introduction to the Kalman filter”, In Department of 

Computer Science, University of North Carolina, Chapel Hill. 

Zhang, F., (2007), “Curve Tracking Control for Legged Locomotion”, Proceedings of the 2007 

American Control Conference, New York, NY, July 11-13, pp. 2836-2841. 


