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Abstract. This paper presents a solution to the problem of manipulation control: target identification and grasping.
The proposed controller is designed for a real platform in combination with a monocular vision system. The objective
of the controller is to learn an optimal policy to reach and to grasp a spherical object of known size, randomly placed
in the environment. In order to accomplish this, the task has been treated as a reinforcement problem, in which the
controller learns by a trial and error approach the situation-action mapping. The optimal policy is found by using
the Q-Learning algorithm, a model free reinforcement learning technique, that rewards actions that move the arm
closer to the target.

The vision system uses geometrical computation to simplify the segmentation of the moving target (a spherical
object) and determines an estimate of the target parameters. To speed-up the learning time, the simulated knowledge
has been ported on the real platform, an industrial robot manipulator PUMA 560. Experimental results demonstrate
the effectiveness of the adaptive controller that does not require an explicit global target position using direct
perception of the environment.
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1. Introduction

Biological and psychological studies on animal be-
havior have influenced robotic applications in the last
decade. The study of animal behavior has provided
a definition of intelligence, and the basis for design-
ing behavior-based robot systems (Arkin, 1998). A
behavior is a sequence of stimulus-response pairs,
thus robotic behaviors generate a motor response from
a given perceptual stimulus. The behavior-based ap-
proach, introduced by Brooks (1986) has recently been
receiving increased attention in robotics and repre-
sents a new direction for building complex systems.
As opposed to the conventional Cartesian approach,
the behavior-based view is more adaptive, robust and
economic to create, since the objective is to decompose
the problem into a set of simpler ones.

In this paper we address the target reaching problem
as a composition of two simpler behaviors:approach-
ing and centeringbehaviors. The grasping problem,
has been addressed in industrial applications, without
knowing a precise location of the target. The problem
has been faced by using visual information to locate
the target and control the manipulator (visual servoing
systems(Hutchinson et al., 1996)).

The camera is mounted on the end-effector (to avoid
occlusion and ambiguity, and to increase accuracy)
and is used to compute the relative position between
the target and the arm (depth) and to derive a control
law. In the field of the Cartesian control vision system
two methods have been proposed:position-basedand
image-basedvisual servo control. The control law is
found by measuring the features of the target extracted
from each acquired image. In the position based system
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(Wilson et al., 1996; Rizzi and Koditschek, 1996; Wong
et al., 1996), features are extracted from the image to
estimate (with the geometrical model of the target) the
pose of the target in the configuration space with re-
spect to the position of the camera. The error between
the actual and the desired position of the end-effector
is evaluated. Thus, for the position based control sys-
tem the control law is expressed in terms of Cartesian
coordinates. In this way, there is a separation between
the control law calculated from a feedback signal and
the estimated positions derived from visual informa-
tion. However, this method has the limitation of being
sensitive to calibration errors, since the feedback signal
is calculated using estimated values that are functions
of the system calibration parameters.

In the image based Cartesian control systems (Good,
1996; Nelson and Khosla, 1996; Grosso et al., 1996;
Khadraoui et al., 1996; Kelly, 1996), the error signal is
calculated by comparing the location of the features in
the current image with the desired location (goal im-
age). The error signal is measured in the image space.
The goal position is a sample image in which the target
satisfies certain constraints (in the image) to be grasped
by the manipulator. The feedback is given by the lo-
cation of the features in the image plane of the current
image. The dynamics of the system are described by a
Jacobian matrix. It relates the changes in the image to
the ones in the arm position. The motion of the object
in the image is computed by inverting the matrix. In
the image based control system, the position accuracy
of the end-effector is less sensitive to camera calibra-
tion errors. A limitation of the image based methods is
that the Jacobian matrix is a function of the distance
between the camera and the target, which is difficult to
calculate. Furthermore, the presence of singular points
in the inverse of the Jacobian matrix makes the system
unstable.

We propose an adaptive architecture image based ap-
proach, for the solution of the reaching problem. The
target to reach and then to grasp is a spherical object
of known size, which is placed randomly in the work
space. The sensor and the manipulation spaces are par-
titioned by considering the features of the images and
the space of the controlled DOF of the manipulator that
is called theconfiguration space. The control law is
provided by learning the mapping of these two spaces
through a trial-and-error method. This control law is
more effective than that of Cartesian systems, which
suffer from calibration problems or the computation
of the position of the target in the configuration space

(i.e. the pose). The grasping task can be seen as a rein-
forcement learning problem, in which the agent needs
to discover how to behave optimally without having
any prior knowledge of the environment. The controller
separately learns the centering and approaching behav-
ior by reinforcement. The agent senses the current state
of the environment and executes an action. Then after
executing the action the environment makes a transi-
tion to a new state, and the agent receives a reward
or a penalty. The goal of the agent is to learn how
to reach a target object in order to maximize overtime
the expected scalar reward. The agent is able to learn
in an unknown environment, to adapt dynamically to
changes and to be reactive.

Reinforcement learning techniques have been exten-
sively applied to the robot control problem for finding
an optimal policy. In Gullapalli (1998) an adaptive con-
troller has been introduced for the peg-in-hole insertion
task, using stochastic real valued units to learn the cor-
rect actions in a continuous space. In Mahadevan and
Connell (1992) the box-pushing task has been treated
as a reinforcement learning problem, in which the con-
troller learned simple behaviors. In Asada et al. (1996)
Q-learning is used to coordinate behaviors for the soc-
cer robot contest, by integrating visual information into
control actions. During the search process of the opti-
mal policy, the time required is related in an exponential
fashion to the state and action spaces. For this reason
reinforcement learning techniques are not applicable
directly to the real world without any prior knowledge.
We ported the simulated knowledge onto the real plat-
form, to avoid the exploration of destructive actions and
to save the learning time. Immediate rewards were used
instead of using only delayed reinforcements, in order
to reduce the execution of inappropriate actions (due
to exploration) that cause an explosion of the learning
time.

An alternative AI method based on fuzzy logic con-
trol has been investigated in De Giuseppe et al. (1999)
for the same experimental setup.

The behavior-based architecture developed is of gen-
eral form, and is independent of the geometrical infor-
mation of the target object to grasp. Section 2 describes
the approach developed and gives a brief description of
the physical system and the vision techniques imple-
mented. Section 3 introduces the Q-learning algorithm,
and Section 4 explains the controller architecture. In
Section 5 the experimental results and an analysis of the
developed controller are shown. Concluding remarks
and future work are presented in the last section.
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Figure 1. Controller architecture.

2. Robot System and Controller Architecture

The experimental setup is an industrial manipulator
(PUMA 560 with 6 DOF) equipped with a sensor sys-
tem and controlled by a PC Pentium 233 MHz running
MS Windows NT operating system. The software in-
terface between the controller and the physical manip-
ulator is constituted by an high level language (VAL II)
and connected through the RS232 serial line.

The sensor system consists of a vision and a proxim-
ity subsystem (Fig. 1). The visual subsystem consists
of a CCD monochrome camera with 11.5 focal lens
and a frame grabber with a resolution of 768× 576
pixels at 50 Hz. The latter subsystem is constituted
by a pair of capacitance sensors to stop the move-
ment of the arm when it collides with objects. The
controller handles the movements of the three joints
(J1, J2, J3) through incremental values of the rota-
tion angles(θ1, θ2, θ3) (Fig. 2). The system does not
need a general analytic model for the problem solution.
Here the idea is to build a reactive system able to map
a sequence of stimulus-responses. In other words, this
mapping does not require complex computations, since
reactivity is achieved by associating a primitive per-
ceived stimulus, with a primitive action (chosen from
its knowledge base built off-line by a teacher).

Figure 2. Controlled rotation angles.

2.1. Image Feature Extraction

The moves of the joints of the arm(J1, J2, J3) are re-
lated to the observation of the target object in the scene.
The features of the image to extract are the parame-
ters of the spherical object in terms of center of mass
(x, y), and radius(r ) of the circle projected onto the
image plane. It is interesting to note that this architec-
ture is of general form. In fact it is possible to extend
the grasping behavior to objects of different shapes,
characterizing them uniquely, simply by considering a
different set of features of the images. The recognition
module must be stable, in other words it must be effec-
tive whenever different objects are in the scene, and it
should perform computation in real-time in order to be
reactive.

Each captured image is given as input to two pro-
cesses, one extracts the edges of the target and the
other detects the parameters (i.e., features) of the tar-
get. The first processing phase is accomplished by using
the Canny operator. The second represents the recog-
nition phase, in which the target is detected between
other objects, using an heuristic method inspired from
the Hough transform (HT) and the Randomized Hough
Transform (RHT).

The HT is a popular and powerful method to ex-
tract global segments from an image by mapping im-
age space into the parameter space. The HT gives
good results even in presence of noise and occlusion.
Major drawbacks of the technique are excessive stor-
age requirements and computational complexity. These
problems are alleviated by using the RHT method. The
RHT selectsn pixels from an edge of the image by
randomly sampling in order to solven parameters of a
curve and then accumulates only one cell in a param-
eter space. In any case, all HT-based approaches use
multi-dimensional array or linked lists, requiring heavy
computational complexity. Our approach does not
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require storage and uses the random sample method.
Our heuristic method does not use an accumulation
array, and the accumulation and pikes computation
phases are omitted. Every curve, definable by an equa-
tion of n parameters, is found by analyzing directly the
input edge image.

The approach presented, makes an analysis of the
geometrical characteristics of the image pixels, with-
out analyzing the parameter space. We presume to find
a curve definite asf (x, y,a1,a2, . . . ,an) = 0. All the
edge pixels are organized in a dynamic structureD. If m
is the number of edge pixels, thenm records of coordi-
nates(x, y) form theD structure. Afterward, ann-tuple
of pixels is randomly sampled from theD structure.
Then parameters(a′1,a

′
2, . . . ,a

′
n) are computed as so-

lution of the equations setf (xi , yi ,a′1,a
′
2, . . . ,a

′
n) for

anyi = 1, 2, . . . ,n. Then parameters(a′1,a
′
2, . . . ,a

′
n)

identify the curve expressible by the equation:

f (x, y,a′1,a
′
2, . . . ,a

′
n) = 0 (1)

in the image plane. At this point, a checking proce-
dure is applied to verify if the curve defined in (1) is
really present in the input image. The checking pro-
cedure consists of computing how many edge pixels
belong to a region, in order to verify which shape fol-
lows the Eq. (1). To do this, a belonging parameter
β = number of matched pixels

number of pixels in the estimated circleis computed and
compared to an offset valueθ . The algorithm imple-
mented is the following:

1. Set the offset valueθ and the number of iterations
2. Create the dynamic structureD
3. Repeat untilβ < θ

(a) Choose randomly ann-tuple from the D
structure

(b) Compute the parameters(a′1,a
′
2, . . . ,a

′
n)

(c) Execute the checking procedure and compute
β

4. If β > θ , then the parameters(a′1,a
′
2, . . . ,a

′
n) de-

scribe the candidate curve, else the curve is not
present in the edge image.

Figure 3 shows the original image and the edge image
on which is defined the structureD of all lighted pixels.
From D, three points (that define an estimated circle)
are randomly selected and the parameterβ is computed.

Experimental results show that the heuristic method
is extremely reliable and quick when it is used for im-
ages with less noise and when not many objects are

Figure 3. In the feature extraction method, from the edge image
the structureD is constructed, that contains all the existing lighted
pixels. A search process is carried out by randomly selecting three
pixels at a time inD and drawing the corresponding circle. The
parameterβ and the thresholdθ control the feature identification.

present in the scene. For simple images, with a few dis-
turbing objects, the computation times obtained from
heuristic method are less than computation times ob-
tained from HT and RHT methods.

2.2. Manipulator Management Modules

The rotation module determines the movement of the
first joint angle(J1) of the arm, in order to point to
the target circle on thex-axis of the image plane. The
input data is represented by thex coordinate and the
radiusr , the output data is the rotation angleδθ1 of
the first joint.

The reaching targetmodule performs the moves of
the second and the third joint(J2, J3) to move the
gripper mounted on the end-effector closer to the target
in order to grasp it. The goal position is reached when
the image plane shows a circle of known parameters
and centered respect to they-axis. Input data are the
y coordinate and the radiusr , while the output data
are the rotation angles of the second and third joint
δθ2, δθ3.

During the manipulation process, it might happen
that the target disappear from the image. This is caused
for several reasons: a large movement of the manipu-
lator; a moving target; other objects in the scene that
disturb the search process. When the target in the image
is lost, a search method is carried out finding it in the
neighborhood of the previous location in which it was
in the image before. The method applies a sequence of
partial recovering moves of the jointsJ1 andJ2, start-
ing from the location before the target was lost. If the
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target is not found after applying 4 recovering moves,
the search method is stopped and a search method on
the entire workspace is applied.

The target searchmodule scans all the workspace
until the target is found. There have been six starting
positions set up in the whole workspace, in order to
guarantee the largest field of view. If the target is found
from one of the six starting positions, then the reaching
behavior is carried out.

Theactivation grippermodule is activated when the
end-effector reaches the goal position, in order to grasp
the target. The manipulator movement is performed by
using the three jointsJ1, J2 andJ3. Once the goal
position is reached,1 the fifth joint is activated and the
gripper closes and grasps the target object.

During the approaching behavior, the manipulator
is constantly controlled to avoid collisions with unex-
pected objects or a rapid approach that could damage
the camera.

3. The Learning Agent

The flat architecture, as we have introduced, presents
two independent behaviors. The learning agent learns
them independently by using the one-stepQ-learning
algorithm (Watkins and Dayan, 1992), a form of model-
free method that learns an optimal policy for the task
at hand. The method converges under the following
assumptions: (a) the environment satisfies the Markov
property; (b) each state-action pair is chosen infinitely
often.

The optimal policy found will be used to behave
safely and optimally every time a spherical object is
shown in the input image. The states are classified from
the features extracted from the visual information: the
x and y coordinates of the centroid and the radiusr
of the spherical object observed in the scene. The ac-
tion space is discrete and determine the movement of
the first three joints. LetS be the state space, and
A the action space of the controller (in our case one of
those defined in Fig. 1, approaching or centering), the
objective is to learn the mapping functionπ : S→ A
that maximizes the cumulative reward received at each
time step:

∞∑
i=0

γ i Rt+i+1 (2)

whereγ is a discount-rate parameter and 0≤ γ < 1.
In each discrete time stept the agent observes a state

st , execute an actionat and the environment makes the
transition in a new statest+1 where receives an imme-
diate reward valueR. State-action mapping is learned
by learning an approximation of the utility of choosing
actionat in the statest . The utility function, called the
Q-function, is approximated by using a table called a
Q-table. Other function approximators extended to the
continuous domain can be found in (Sutton and Barto,
1998). Each entry of the table represent the expected
return once explored the relative state-action pair and
followed a certain policyπ . The entry of the table is
called theQ-valuesQ(st ,at ) (the state-action value)
initially set to zero, and every time an action is taken
the Q-value is updated using the Bellman equation as
follows:

Qπ (st ,at ) ← (1− α)Qπ (st ,at )

+α
(

Rt + γ max
b∈A

Qπ (st+1, b)
)

(3)

whereα is the learning rate (0≤ α < 1) and 0≤ γ ≤ 1
is a discount factor.

Trial and error algorithms need to trade off the gap
between exploration and exploitation, that determine
the degree of optimality of the policy against the per-
formance of the controller. The Boltzmann distribution
is used for choosing the action and gradually moving
from exploration toward exploitation. The probability
of choosing the actionat in the statest is evaluated as
follows:

p(a = at | s= st ) = eQ(s,a)/T∑
a eQ(s,a)/T

(4)

whereT is the Boltzmann constant. Larger values of
T allow the system to choose actions having lower
Q-value and vice-versa. Generally a learning system
must privilege exploration at initial stage, then moving
progressively toward exploitation of knowledge.

After analyzing the target reaching behavior, we
have observed that the joint movements influence in
different way the position and the dimension of the
spherical object represented in the scene. In particular,
the x coordinate is mainly implicated on the rotation
of the first joint leaving they coordinate and the radius
r almost the same. Whereas they coordinate and the
radiusr are mainly influenced on the simultaneous ro-
tation of the second and third joint. The variations of
the spherical object parameters result from the distance
between the camera and the target object. For the above
reason, the target reaching behavior has been split into
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two simpler ones: centering behavior (thex−r coordi-
nates control the first joint movements) and approach-
ing behavior (they− r coordinates control the second
and the third joint movements).

3.1. State and Action Spaces

The controller complexity is affected by the cardinality
of the state and actions spaces. A dense states-action
classification guarantee a convergence to the spherical
object more precise, against long training time to ex-
plore several state-action transactions. Instead, a lim-
ited number of states and actions can compromise the
manipulator grasping behavior. A right tradeoff has
been realized to guarantee the approach convergence
and to restrict the problem complexity.

3.1.1. Centering Behavior. Let Scent be the state
space of the centering behavior defined over thex-
coordinate image pixels domain, and the radiusr of
the target object. Thex coordinate and the radiusr
domains have been discretized into 7 and 6 sets re-
spectively (Fig. 4), leading to a cardinality of|Scent| =
7×6= 42. The behavior is guaranteed by reaching the
x4 andr 4 states. Their dimensions have been defined
by considering the tolerance between the gripper and
the spherical object. The other sets dimensions have
been defined to facilitate the convergence towards the
goal state. The actions defined on this behavior con-
cern the first joint (J1) movements. Nine rotation an-
gles have been defined:δθ1 = (−5◦,−1◦, . . .). This 9
actions guarantee a suitable movements variety.

3.1.2. Approaching Behavior. The approaching
module controls the coordinate movements of the sec-
ond and third joint. The spaceSapp of the approaching
behavior, is defined over they-coordinate, the radius
r and the joint angleθ of the second and third joint
angles, for a reason that will be clear soon (Fig. 5).

Figure 4. State spaceScentof the centering behavior. Gray intervals
represent the goal state.

Figure 5. State spaceSapp of the approaching behavior. Gray in-
tervals represent the goal state.

To overcome the non-linear manipulator behavior, the
angleθ3 betweenJ2 and J3 has been considered as
further input variable. The range of they coordinate
is split into 5 sets, the radiusr values range into 6
sets, and theθ3 into 3 sets. The approaching states are
5 × 6 × 3 = 90. The approaching task is guaran-
teed by reaching they3 andr 4 states. Their dimen-
sions have been defined by considering the tolerance
between the gripper and the spherical object. The other
sets dimensions have been defined to facilitate the con-
vergence towards the goal states. Nine rotation angles
are defined for each joint:δθ2 = (−20◦,−6◦, . . .) and
δθ3 = (−16◦,−5◦, . . .). The total approaching actions
are 9× 9= 81, which guarantee a suitable movements
variety.

3.2. The Reward Module

Reinforcement function attempts to assign credit or
blame to an executed action, in order to evaluate the
action selection at each step. We have used the im-
mediate reinforcement since it can give information
about the just executed action then can help the algo-
rithm to find an optimal solution in a relatively short
time.

The two reward functionsRcent and Rapp, i.e., for
the centering and the approaching behavior, have been
defined to reward the behavior when the agent reaches
the goal state and assign a penalty when it loses the
target in the image. The reward function assign also
credit to every action that bring the end-effector close
to the goal state, as defined below:

Rcent=



100 if the goal is reached (xt ∈ [99 : 108])

100

|xt − 103| if |xt − 103|< |xt−1− 103|
(5)

0 if |xt − 103| ≥ |xt−1− 103|
−100 if the target is lost (rt = 0)
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Rapp=



100 if the goal is reached

(yt ∈ [74 : 82]∧ rt ∈ [32 : 34]

20

|yt − 78| +
50

|rt − 33| if |yt − 78|< |yt−1− 78|
∨ |rt − 33|< |rt−1− 33|

0 if |yt − 78| ≥ |yt−1− 78|
∧ |rt − 33| ≥ |rt−1− 33|

−100 if the target is lost (rt = 0)

(6)

where the subscriptt indicate the current time step.

4. Experimental Results

The final phase of our work has been aimed to check
the effectiveness of the implemented architecture. In
particular, the policy has been first learned in a simu-
lated environment, and then applied to the real PUMA
manipulator. The simulator system estimate a follow-
ing state based on a current state and a current action.
A generic state is characterized from the(x, y) cen-
troid coordinates, the radiusr and the angleθ3. The
possible actions are the angle rotationsδθ1 of the joint

Figure 6. Learning results for the simulated centering (top) and
approaching (bottom) behavior. The number of total actions executed
and the errors computed during learning is shown.

Figure 7. Variations of the three featuresx, y, r respectively at each
step on real experiments. The three curves in each graph represent
different starting points. The quantities below the number of steps
represent the value of the respective feature measured in pixels at
that step. From the top, the graphs refer tox − y− r respectively.

Figure 8. Tracking of the spherical object shown by plotting the
variations of the radiusr at each step. Initially the ball is placed very
far from the camera (10 pixels) then the manipulator reaches in two
moves the image goal and the ball is pushed closer to it (about 60
pixels). In a such situation the manipulator backtracks and tries to
reach the goal image again. Then the ball is moved again and so on
until is stopped and grasped by the end-effector.
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J1 (which influence thex coordinate) and the angles
rotationsδθ2 andδθ3 of the jointsJ2 andJ3 (which
influence they coordinate and the radiusr ). The simu-
lator equations, merges thex coordinate toδθ1 and
the y coordinate and the radiusr to δθ2 andδθ3, have
been determined by applying a linear regression on
a sample of real data. The simulation results of the
centering and approaching behavior are shown in
Fig. 6. The graphs plot the number of total actions ex-
ecuted and the errors computed during learning. The

Figure 9. Successive snapshots of the centering and approaching behavior.

parameters used are set as follows: the discount factor
γ = 0.9, andα has been decreased exponentially from
0.6 and the initial temperatureτ = 1000. After simu-
lating the arm, the knowledge acquired has been tested
on the real robot. The learning process is kept on dur-
ing the real experiments, and the agent refines the
simulated knowledge. The optimal policy obtained in
simulation is still valid in the real environment for the
centering behavior. Only a few training trials applied
on the real robot are necessary to learn the correct
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behavior. However, a long training time is necessary
to learn the optimal approaching behavior on the real
robot, due to the non-linear behavior of the manipula-
tor. Furthermore the starting position is chosen in such
a way as to have the maximum off centering of the cir-
cumference in the image plane with respect to the target
values. The goal position is represented by observing
the three features in the following intervals:xg ∈ [99–
108], yg ∈ [74–92], andrg ∈ [32–34] pixels. In Fig. 7
three graphs corresponding toθ3 ∈ [0◦ : 40◦] intervals
are shown. Each one depicts three curves that corre-
spond to the three different initial distances between the
target and the end-effector as defined above. Also each
curve reports, at each cycle control step, the values of
the characteristic of the image (x, y andr ) measured in
pixels. Note that, the termination condition is reached
when all three image characteristics have their values
within the intervals of the goal position defined above.
Figure 8 shows the results of the tracking of the spher-
ical object, while it is moving in the workspace. As
it could be expected, the curves shown has an oscilla-
tory behavior due to the moving object. Figure 9 shows
an experiment in which the positions of the manipula-
tor and the image processed at each control step are
captured.

5. Conclusions

In this paper, an adaptive controller, that learns by its
errors has been proposed. The controller is also able to
react and to learn in real-time while the environment is
changing. The grasping behavior has been split into two
simpler ones (centering and approaching) and treated
as two independent Markov decision processes. The
knowledge of the two controllers has been acquired
on a simulated robot in a first phase, then on a real
platform later on. On real experiments, the learning
is kept on, and the approaching behavior continued to
find the optimal policy, since the simulator does not
represent perfectly the dynamics of the arm.

The reactivity capabilities of the learning controllers,
are evaluated approaching the target from different
starting position of the end effector, and changing the
target position. Furthermore, the controller has shown
good adaptability while approaching a moving object.

Remember that in the image based methods, the
goal position is characterized of observing the circle
of known parameters in the center of the image. Fu-
ture works are addressed to improve the real-time ca-
pabilities in applying hybrid controllers that embed

prewired knowledge to speed-up the learning process.
Additional work also, is required to enable identifica-
tion and grasping to more complex objects.
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1. Remember that in the image based methods, the goal position is
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center of the image.
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