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Abstract

This research develops a control scheme for visual servoing that explicitly takes into account the delay in-
troduced by image acquisition and processing. For this purpose, a predictor block, i.e., an estimator that
predicts several samples ahead of time, is properly included in the scheme. The proposed approach is an-
alytically analyzed in terms of dynamics and steady-state errors, and compared to previous approaches.
Furthermore, several simulations are comparatively shown in order to illustrate the benefits and limitations
of the proposed control scheme. Finally, some experimental results using a turntable and a 3-d.o.f. Cartesian
robot are provided in order to validate the analytical and simulation results.
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1. Introduction

During the last few years, the use of visual servoing and visual tracking has been
more and more common due to the increasing power of algorithms and computers.
The beginnings of this ‘in fashion’ discipline started in 1973 when Shirai and In-
oue first described [1] a novel method for ‘visual control’ of a robotic manipulator
using a vision feedback loop. This method promised the ability to deal with real-
time changes in the relative position of the part with respect to the robot as well as
greater precision. The proposed method is loosely analogous to the way a human
would observe, navigate to and grasp an object using visual feedback. The term ‘vi-
sual servoing’ was later coined to refer to the real-time, visual feedback control of a
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robotic manipulator, where an appropriate error function is minimized. Robustness,
a major benefit of visual servoing, is achievable because the accuracy is inherently
independent on the hand—eye calibration in this method. As a result, even if the cali-
bration process was erroneous, the final accuracy would not be affected. The ability
to deal with real-time changes makes visual servoing ideal for tasks whereby the
workpiece warps and distorts during the robotic operation (e.g., thermal distortion
during welding). The increased accuracy of visual servoing makes it an ideal choice
for automated assembly tasks where this characteristic is a major requirement. In
this sense, a wide range of applications that use visual servoing are described in
Ref. [2]. The scientific advances in visual servoing have been recently accelerated
because of the fact that current processors can analyze the scenes supplied by the
vision system in real-time in order to generate control actions for the robot. These
advances have given rise to recent special issues on visual servoing in prestigious
journals [3-5].

In Refs [6-9] the basic concepts of visual servoing, which were used in sub-
sequent research, were collected and unified. There are two basic approaches for
visual servoing depending on the used error signal: (i) image-based visual servoing,
in which an error signal is measured directly in the image and mapped to actua-
tor commands, and (ii) position-based visual servoing, in which computer vision
techniques are used to reconstruct a representation of the three-dimensional (3-D)
workspace of the robot, and actuator commands are computed with respect to the
3-D workspace. In an image-based system the pose estimation is solved implicitly
(if the current view of the object matches the desired view, then the object must
be in the desired relative pose). However, there are specific approaches for visual
servoing that cannot be included in the previous classification (e.g., Ref. [10]).

On the other hand, in Ref. [11] the approaches for visual servoing are classified
in two groups depending on the used low-level controller: (i) indirect visual servo-
ing, in which a kinematic controller (usually a proportional controller) commands
the robot in Cartesian coordinates (position or velocity) using the joint controllers
of the robot itself, and (ii) direct visual servoing, in which the controller commands
directly the motor’s voltage or torque (therefore, a specific controller developed for
visual servoing tasks is used). An example of direct visual servoing can be found in
Ref. [12], in which automatic control theory in the larger domain of sensor-based
control is used. Meanwhile, an example of a control scheme for indirect visual ser-
voing can be found in Ref. [13], in which a proportional-derivative (PD) controller
is used as kinematic controller (it is also used the extended Kalman filter to han-
dle noisy image feature measurements). The previous control scheme has two main
drawbacks: the velocity error (steady-state error when the reference is a first-order
ramp) is non-zero (proved in Proposition 4 of Section 3) and it does not take into
account the vision system delays. In this sense, in Ref. [14] an image-based indirect
visual servoing is developed, where it is pointed out that the image processing delay
produces an oscillating behaviour for high feedback gains.
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In fact, one major control problem of visual servoing is to cope with the delay
introduced by image acquisition and image processing. Much research about visual
servoing [12-15] is focused on other aspects and simply ignores this delay in the
control scheme (they usually use an indirect visual servoing scheme based on a
proportional feedback), which is the main reason for limited tracking velocity and
acceleration. One approach to overcome the delay introduced by the visual sensor
is the usage of predictive algorithms, e.g., the Kalman filter, which is also use-
ful to cope with the typically noisy signals. Basically, the unique proposed control
scheme that considers the visual sensor delays is presented by Corke and Good [17,
18], which has been used in subsequent research [19, 20], although it has several
drawbacks that are pointed out throughout the paper. In order to overcome them,
the authors of this work develop a trajectory control-based scheme that takes into
account the mentioned delay by properly including a predictor block, i.e., an esti-
mator that predicts several samples ahead of time, in the scheme. In particular, the
proposed approach is fully described in Section 2 and analytically analyzed (dy-
namics and steady-state errors) in Section 3. Furthermore, several simulations are
comparatively shown in Section 4 to illustrate the benefits and limitations of the
proposed control scheme, while other advantages are pointed out in Section 5. Fi-
nally, some experimental results using a turntable and a 3-d.o.f. Cartesian robot are
provided in Section 6 to validate the analytical and simulation results.

2. Description of the Control Scheme

One usual objective in visual servoing, especially in tracking applications, is to
bring the target to a position of the image plane and to keep it there for any ob-
ject’s movement. The most popular control scheme specifically designed for visual
servoing is presented by Corke and Good [17, 18], which has been used in several
subsequent research [19]. Figure 1 depicts this control scheme (hereinafter it will
be simply referenced as proposed in Ref. [17]) with a block re-arrangement and
with the notation of this work. In this scheme R(z) represents the robot discrete
model (including the joint controllers) and V(z) the camera behaviour (Table 1
shows the nomenclature of the schemes), which is commonly modelled as a pure
delay V (z) = kyz~¢ (usually d = 2) [6-9, 17, 21, 22]. In fact, the delay block z~¢

Vision AXref

Controller

Position Velocity
Estimator|” | Estimator

Estimator

Figure 1. Control scheme developed by Corke and Good [17, 18] for visual servoing.
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Table 1.
Nomenclature for control schemes of Figs 1-3

Symbol Description

k discrete time step

d vision system delay

m(i) value of the discrete signal m at the discrete step time i

V(z) discrete transfer function of the vision system

E(2) discrete transfer function of the estimator/prediction filter

C(z) discrete transfer function of the controller that corrects the position error
Der(z) transfer function of the first-order discrete derivator, i.e., (z — 1)/(T - z)
R(2) discrete transfer function of the robot global behaviour

4 discrete transfer function of the delay of d samples

Xr robot position

Xr robot velocity

Xt target position

Xt estimation of the target position

it estimation of the target velocity

Xp output of the controller that corrects the position error

Ax vision system output (equal to xt — xr)

AXRef desired difference between the target position and the robot position

Xr Cont discrete command obtained by C(z) to control the robot

Xr Ref estimation of the robot reference

);cr Ref first-order time derivative of the estimated robot reference

D(z) discrete transfer function of the low-level dynamic controller

M(z) discrete transfer function of the low-level velocity estimator based in the encoder signals
R'(s)/s low-level continuous robot model

Uy control action obtained by the low-level dynamic controller to command the robot
ZOH zero-order hold

Th (high/slow) sample time of the discrete kinematic control loop

Ts (small/fast) sample time of the discrete dynamic control loop

is introduced in the diagram to make the step time of the variables agree. The vi-
sion system delay d is usually one or two sample times. It is one when the image
processing time Tproc is negligible with respect to the image acquisition time Taqq,
or vice versa, and both computations are carried out in one sample time. Meanwhile,
it is two when both computation times (7proc and Taqq) are similar and each one re-
quires one sample time, i.e., a kind of segmentation is applied: there is one data per
sample time with latency 2. In the scheme an estimation block E(z) (e.g., a Kalman
filter in Ref. [19]) is used to generate the feedforward signal xi, i.e., the estimation
of the first-order time-derivative of the target position. Meanwhile, the controller
C(z) minimizes the deviation (error) between Ax (difference between the target
position x; and the robot position x;, which is obtained with the vision system and,
therefore, is delayed d samples) and Axger (desired difference between the target
position and the robot position) with the signal x,. In short, a classical trajectory
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control is used as position/kinematic controller: a first-order time-derivative feed-
forward plus a position correction.

This research proposes to use the control scheme of Fig. 2 (the step times of
the different signals have been explicited), where the estimation block E(z) takes
into account that the measurements are delayed (step time k — d) and predicts the
outputs for the current step time k. Another important modification with respect
to the scheme of Fig. 1 is that the prediction filter output Xx((k) and the current
robot position x;(k) are used in Fig. 2 (apart from Axger) as input for the kinematic
controller, instead of the vision system output Ax(k — d) and the delayed robot
position x;(k — d). This allows us to make the position correction using values of
the current step time k instead of values of the past step time k — d. The output
of the block group that represents the kinematic controller is the control signal
Xr cont (k) that commands the robot. This kinematic controller represents, as before,
the classical trajectory control: a first-order time-derivative feedforward of the robot
reference x; rer (i-€., Xt — AXRef) plus a position error correction with the controller
C(z). Note that, the controller C(z) uses the discrete derivator Der(z) to generate
the first-order time-derivative feedforward of the robot referente x; ref. However, it
may be alternatively removed if the estimator predicts the current target velocity x,
apart from the current target position.

Meanwhile, the robot global behaviour R(z) has been detailed in Fig. 3 with the
low-level dynamic controller D(z), which is usually discrete and corrects the robot
velocity error, and the low-level continuous robot model R’(s)/s, which consists
on the robot inertia (the robot intrinsic integrator is considered explicitly) and the
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Figure 3. Detailed operation diagram of the robot behaviour R(z).
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actuator dynamics. Note that a possible velocity estimator M (z) for the case that
the robot velocity X, is obtained discretely from the robot encoders (e.g., if the
backward Euler approximation is used M (z) = (z — 1) /(z - Ts)), has been included.
In the diagram two sample times have also been considered: a small (fast) sample
time 75 for the internal robot joint loop (usually near to 1 ms) and a high (slow)
sample time 7Tj, given by the acquisition of the external robot joint loop (usually
near to 40 ms in visual servoing applications for PAL and RS170 standards). In
order to change from one sample time to the other and between continuous and
discrete signals, two zero-order holds (ZOH) and two samplers have been included
in the control scheme.

In short, in the scheme of Figs 2 and 3 there are three loops: the outer loop
(planning loop) establishes dynamically the robot position reference x; rer (i-€.,
Xt — Axger) from the sensors, the outer-medium loop (kinematic loop) corrects the
error of the position signal and the inner-medium loop (dynamic loop) corrects the
error of the velocity signal. Moreover, there is a fourth loop: the inner loop (cur-
rent loop) that corrects the error of the acceleration signal. However, it has not been
represented in Fig. 3 because it is usually integrated within the actuator and its dy-
namics (given by the actuator electric components) is very fast. In the next sections
the medium loops, i.e., kinematic and dynamic loops, will be simply referred to as
the outer and inner loops. Note that the sensors (e.g., vision system) and/or planners
give one scalar reference for each coordinate of the robot. In this sense, the scheme
of Fig. 2 would be replicated for each coordinate as long as the robot control of
each coordinate is decoupled. This is the case of a Cartesian robot with small (neg-
ligible) variations in the joint frictions due to the accelerations of other robot axes.
Otherwise, the signals of Fig. 2 are vectors and the robot joint control is performed
coupled in the block R(z). Note that, in that case several blocks (i.e., inverse ve-
locity kinematics and direct position kinematics) must be added in the robot block
R(2) to transform the Cartesian coordinates in joint coordinates and vice versa.

3. Dynamics and Steady-State Errors
3.1. Definitions and Assumptions

The pure kinematic framework is said to be when the low-level dynamic control
is considered instantaneous, e.g., the robot inertia and the actuator dynamics are
negligible.

The discrete kinematic framework is said to be the pure kinematic framework
where the kinematic controller is discrete, i.e., T 7~ 0. In that case, R(z) = Int(z) =
Th/(z — 1) (discrete integrator), see Fig. 3.

The continuous kinematic framework is said to be the pure kinematic framework
where the kinematic controller is continuous, i.e., Ty = 0. In that case, R(z) = 1/s
(continuous integrator), see Fig. 3.

A dynamic framework is said to be when the low-level dynamic control is not
considered instantaneous.
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It is said that the position/velocity/acceleration error of a system is null if the
steady-state error of the output signal is zero when the reference (input) is a
zero/first/second-order ramp.

The perfect estimator is said to be the estimator that estimates the output vari-
ables with no error, e.g., X¢(k) = x¢(k), X Ref(k) = Xx; Ref(k), €(k) = e(k), etc.

The discrete/continuous ideal framework is said to be the discrete/continuous
kinematic framework with the perfect estimator.

Assumption 1. In order to focus on the control capabilities of the different control
schemes for visual servoing, a perfect estimator will be assumed in this section.

Assumption 2. The kinematic loop sample time 7j, is a synchronised multiple of
the dynamic loop sample time T, i.e., T, = n - Ts, where n is the sample time ratio.

Assumption 3 (Only for Propositions 2, 3 and 4). The total system (including the
control scheme) is stable, i.e., the transient of the forced and free response con-
verges to zero.

In order to simplify the notation, the same symbol will be used in the next sub-
sections for the variables regardless of the domain considered: ¢, s or z.

3.2. Propositions

Proposition 1. For the control scheme proposed in this research (Fig. 2) and under
a continuous kinematic framework (i.e., the kinematic controller is continuous, i.e.,
Ty, = 0, and the low-level dynamic control is instantaneous) the error converges
exponentially to zero for a proportional kinematic controller (i.e., C(z) = K with
K > 0) as long as the robot reference trajectory x; ref(#) (i.e., the target trajectory
x¢(¢) minus the vision system reference trajectory Axgres(¢)) is continuous.

Proof. Since the low-level dynamic control is instantaneous, we have:
Xr Cont = Xt. (1)
The continuous kinematic control is given by:
€ = Xr Ref — Xr ()
Xr Cont = Xr Ref + Ke. (3)

Replacing (3) in (1) and using the first-order time-derivatives of (2), we obtain:

).Crzxr Ref+K€ (4)
e+ Ke=0 5)
e(r) = e(0)e K. (6)

Note that the robot reference trajectory x; ref(t) (i.e., the target trajectory x(z)
minus the vision system reference trajectory Axger(#)) has to be continuous in order
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to avoid impossible (i.e., infinite) control actions in (3). Using the same procedure
of this proposition, we easily obtain that the control scheme proposed by Corke for
visual servoing (Fig. 1) has exponential error convergence if and only if x; ref(?) is
continuous (again) and the vision system reference trajectory Axges(?) is constant,
which is more restrictive than the only previous condition.

Proposition 2. For the control scheme proposed in this research (Fig. 2) and assum-
ing that the low-level controller D(z) (Fig. 3) has an integral action, the steady-state
error is null iff (if and only if) the second-order time-derivative of the robot refer-
ence Xy ref 1S null.

Proof. From Fig. 3 and assuming that 75 # 0, the transfer function between the
low-level discrete control action u#; and the robot discrete position x;1s (both with
sample time Ty) is:

/ _ a—TIs
xr Ts(2) —Zm [£_1 [R (s)(1—e )]] _ LR(z) o

ur(z) 52 "~ Der(z)’

where Zi[-] is the Z-transform with respect to the discrete time variable k.

Using (7) and considering the backward Euler approximation as a low-level
velocity estimator, i.e., M(z) = Der(z) = (z — 1)/(T - z), the low-level robot be-
haviour Rts(z) (i.e., without including the high-level ZOH and sampler) is:

xrrs(z) D(z)LR(z)/ Der(z)

———— =Ry = , 8
emn@ &)= O RG) ®

where X cont Ts 1S the control signal after the ZOHry, that commands robot. The
low-level discrete controller D(z) with an integral action can be rewritten as:

D(z) =D"(z) + ki/(z - Der(z)) = D" (z) / Der(2). )
From (8) and (9), we obtain:
D" (z)LR(z)/Der(z) _ DR(z)/Der(z)
Der(z) + D" (z)LR(z)  Der(z) +DR(z)’
where Rts(z) Der(z) has unit static gain. Note that, any discrete transfer function
with unit static gain can be rewritten as X (z)/(Der(z) + X (z)). In order to obtain
R(z), ZOHty and the kinematic sampler 7 have to be included in the previous
transfer function Rts(z) (10), e.g., analytically with the impulse response method
or numerically with the command d2d in Matlab. However, it can be proved that

R(z) has the same form of Rrts(z) (10), since the ZOH and the kinematic sampler
do not change it, i.e.:

Rrs(2) =

(10)

X (2) N (z)/Der(z)
T~ =R@) =
Xr Cont(2) Der(z) + N(z)

The kinematic control loop of Fig. 2 is given by:

€(z) = X Ref(2) — x:(2) (12)

(In
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Xr Cont(2) = Der(z)xr ref(z) + C(2)e(z). (13)
Substituting (13) and (12) in (11), we obtain:
e(z) _ 1—Der(z)R(2)
Xr Ref(2) 1 +C(2)R(2) ‘
Note that, when the first-order time derivative and integrative operations are ap-

plied to a discrete signal v(k) (e.g., xr ref and all the signals present in the discrete
kinematic controller of Fig. 2), we obtain the discrete derivator and integrator:

(14)

v(z) = Zx[v(k)] = Der(z) Zx[v(k)] = Der(z)v(z) (15)
v(z) = 2% |:/ O(k)i| = Int(z) Zx[v(k)] = Int(z)v(2). (16)

From (11), (14) and (15), the error transfer function is:
e 1 a7

frref(2)  Der’(z) + N(z) Der(z) + C@N(2)

Therefore, and assuming that the system is stable (Assumption 3), the steady-
state error is null iff the steady-state value for the second-order time derivative of
Xr Ref 18 null:

e(00) =0 iff X Rref(00) =0 <«—  X(00) — AXRef(00) =0. (18)

A very similar demonstration can be obtained for a continuous low-level con-
troller, i.e., for D(s) instead of D(z).

Proposition 3. For the scheme proposed by Corke and Good [17] (Fig. 1), and
assuming that the low-level controller D’(z) has an integral action, the steady-state
error is null iff both first-order time-derivative of the robot reference x; rer and
second-order time-derivative of the target x; are null.

Proof. Expressions (11) and (12) are also valid for this proposition because the

robot block R(z) is the same one (Fig. 3). In this case the kinematic controller is
given by:

i cont(2) =277 (1(2) + C(2)e(2)) (19)

Xt(2) = Axref(z) + Xr Ref(2), (20)

where x, Axrer and x; Rer are discrete signals.

From (11), (12), (15), (19) and (20), and with the same procedure used in Propo-
sition 2, the error expression and the null error condition are obtained as:
_ Girref(@) + N@((1 — 27Dk Ref(z) — 277 AdRe(2)))
- Der?(z) + N(z) Der(z) + z~4C(z)N(2)

e(00) =0 iff AXgpef(c0) =0 and Xx¢(oc0)=0. (22)

e(z)

2n

Note that, (22) is more restrictive than (18).
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Figure 4. ‘Black box’ representation of the system.

Proposition 4. For the control scheme proposed in Ref. [13], where a PD kinematic
controller with no feedforward is used, the steady-state error is null iff the first-
order time-derivative of the robot reference x; ret (i.€., the target position x; minus
the vision system reference Axger) is null.

Proof. Expressions (11) and (12) are also valid for this proposition. In this case the
kinematic controller is given by:

Xr cont(2) = K1e(z) + Kze(2), (23)

where x; cont and e are discrete signals.
The error expression and the null error condition are obtained from (11), (12),

(15) and (23) as:

B e Ref(@) + N (D) Ref(2)
Der?(z) + N(2)((K2 + 1) Der(z) + K1)
e(00) =0 iff X Rer(00) =0, (25)

e(2)

(24)

where (25) is one order more restrictive than (18).

3.3. Transfer Functions

Figure 4 shows a ‘black box’ representation of the control scheme of Figs 1 and 2.
In particular, there are two inputs, the vision system reference Axger (an arbitrary
modifiable signal, i.e., the reference) and the target position x; (a kind of perturba-
tion), and one output, the vision system output Ax. Therefore, the output signal Ax
is related with the input signals, Axger and x¢, through two transfer functions, F1(z)
and F>(z), 1.e.:

Ax(z) = F1(2) Axref(2) + F2(2)x¢(2). (26)

These transfer functions can be easily obtained for the control scheme of Fig. 1
[17] and Fig. 2 (referred with subscripts ¢ and p, respectively) using the block dia-
gram simplification method:

R(2)(C(z) + Der(z))
14+ R(2)C(2)
1+ R(2)(C(z)(1 — E(z)) — Der(z))
1+ R(2)C(z)

Flp(Z) =
(27)
FZp(Z) =
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R(z)C(2) 1 — z79R(2) E(z) Der(z)
1 —d FZC(Z) = —d
+2z279R(2)C(2) 14+z779R(z)C(2)

Both control schemes can be compared computing the previous transfer func-
tions under the discrete ideal framework (i.e., E(z) = 1 and R(z) = Int(z) =

Th/(z = 1)):

Fic(z) =

(28)

1+ C@Inte) _ 1—1

1+C@)ntz) Fp ideal (z) = e = 0 N

Flp ideal () =

C(2)Int(z) P et (2) (1-z"E@)
1+2z-9C(z) Int(z) 2eideal) = () Int(z)

Fic ideal () =

Therefore, for the proposed approach the output is always perfect (assuming
that the control action value respects the actuator limits and that the initial error
is null) and there is a full disturbance rejection, i.e., Fp igeal = 0. Meanwhile, for
the scheme proposed in Ref. [17] (Fig. 1) this does not happen, although ideal con-
ditions are considered. This scheme uses a two-step filter estimation (Fig. 1) with
no kind of prediction and can be improved if the estimator predicts d samples ahead
of time. With this modification, the second elements of (28) and (30) become:

1 — R(z)E(z) Der(z)
14+2z79R(z)C(2)

and, therefore, a full disturbance rejection is obtained, although the output is not
perfect like in (29).

Foem(z) = Foem ideal (z) =0, (31)

4. Simulation

Several simulations are designed in this section to illustrate the propositions of the
previous section and the stability limits. They consider the typical vision system
delay d of 2 (see Section 2), which will be also used in the next section. Moreover,
a proportional controller, i.e., C(z) = K, will be assumed hereinafter. The results
obtained for the control scheme proposed by Corke and Good [17] (Fig. 1) are
plotted in thick dashed lines and those for the one proposed in this research (Fig. 2)
in thick solid lines.

Figure 5 shows several simulation results for different values of {K, 7} under
the discrete kinematic framework when the target position varies sinusoidally with
time. For the first two simulations (Fig. 5a and 5b), the error signals converge to
zero, although this convergence is more exponential as long as the kinematic sam-
ple time 7; tends to zero (Fig. 5b), which confirms Proposition 1. Moreover, the
behaviour of the control scheme proposed by Corke and Good in [17] is more os-
cillating than the control scheme proposed in this research and achieves instability
before, i.e., for a lower value of K - Ty, i.e., for 0.618 (Fig. 5¢) instead of 2 (Fig. 5d).
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Figure 5. Simulation for {R(z) = Int(z), x¢(#) =2 - cos(t - ®/2) m, d =2, Axgrer = 0, x:(0) = 0}.
@ T, =004s, K=1.(b) T, =0.002 s, K =1.(c) T}, = 0.04 s, K = K¢ ideal max ~ 0.618/T}, =
15.46. (d) T, = 0.04 s, K = K} ideal max = 2/ Th = 50.

Next, several simulations are developed considering the general case of a dy-
namic framework. Note that the sample time of a discrete control should be small
enough compared to the dynamics of the closed loop transfer function. In other
words, it makes no sense to speed up a discrete control if the sample time is
not going to effectively reconstruct the signals (Shannon—Nyquist sampling the-
orem) and, therefore, give rise to instability. In this sense, we can easily obtain
from the denominator of (14) or (29) that under the discrete kinematic framework
(R(z) =Int(z) = Ty/(z — 1)) the maximum gain K of the kinematic controller of
Fig. 2 that makes the system stable is:

Kp ideal max = 2/ T, (32)

and, therefore, the following relationship, between the kinematic loop gain (i.e.,
kinematic loop dynamics) and kinematic loop sample time 7}, will be considered:

K= Kp =K. = Kp ideal max/5 = 0-4/ T. (33)

In the same way, the low-level sample time 75 will be implicitly considered when
assuming the dynamics of the low-level robot transfer function Rts(z). The follow-
ing relationship will be used:

Ts = 15t 5(99%) / 20, (34)
where g ¢ is the setting time given by Rrs(z) Der(z). The low-level robot transfer
function Rts(z) is one integrator multiplied by a transfer function with unit sta-
tic gain. This transfer function will be considered, for example, as a second-order
system with 20% of overshoot and setting time #g s (34):

Ts 0.125z 4 0.1057

RTS (Z) = . 2 .
z—1 z%—1.3758z + 0.6065

The global robot behavior R(z) in Fig. 3 is obtained from (35) for a specific
value of the sample time ratio n = T,/ T, e.g., with the command d2d in Matlab.

(35)
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Therefore, the simulations of Figs 6 and 7 have been carried out for the dy-
namic framework (35), and the relationships (33) and (34) between the inner and
outer loop dynamics and the corresponding loop sample time. In particular, Fig. 6
shows that the behaviour of the control scheme proposed by Corke and Good [17]
is more oscillating than the control scheme proposed in this research. In fact, for
n =1 and n = 2 Corke and Good’s control scheme is unstable (Fig. 6a and 6b);
meanwhile, the control scheme proposed here is unstable only for n = 1 (Fig. 6a),
which agrees with the second advantage pointed out in the next section. Moreover,
the velocity error (the robot reference is x; ret = X¢ — AxRrer) is null if the system is
stable (Fig. 6¢). Meanwhile, the acceleration error is non-zero because the steady-
state error is non-null when the target position is a sinusoidal wave (Fig. 6d). These
simulation results agree with Proposition 2.

To illustrate the differences between (18) and (22), i.e., between Propositions 2
and 3, the simulations of Fig. 7 have been developed. In particular, it can be seen
in both Fig. 7a {X; = AXRrer = 0, Axgrer 7 0} and Fig. 7b {(X;{ — AXRer) = 0, X¢ # 0}
that the steady-state error is null for the control scheme proposed in this research
and non-zero for that proposed in Ref. [17].

In short, the proposed control scheme has the following two limitations:
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e Under the kinematic framework (e.g., the dynamics of the low-level dynamic
loop is negligible) the kinematic loop dynamics, which are given by controller
C(z), have to be slow enough to effectively reconstruct the signals with sample
time Ty, so that instability is avoided (Fig. 5).

e The dynamics given by the low-level dynamic loop must be faster than that of
the kinematic loop to guarantee stability, assuming that both loops are separately
stable (Fig. 6 and Figs 11 and 12 in Section 6.1).

However, the previous two limitations are also qualitatively present in the control
scheme developed by Corke and Good [17], which is quantitatively more lim-
ited with respect to the previous two points, i.e., instability arises before (see Figs
5 and 6).

5. Other Advantages of the Proposed Scheme

The control scheme of Fig. 2 (proposed in this research) improves that of Fig. 1
(proposed by Corke and Good [17]) basically in three ways:

(1) Figure 2 considers the general case of a non-constant vision system refer-
ence Axger by including it in the time-derivative feedforward. This gives rise to a
less restrictive condition for zero steady-state error (see Propositions 2 and 3).

(i1) The time-derivative feedforward of the robot reference is obtained in Fig. 2
for the current step time, since the estimator E(z) predicts d samples ahead of time.
Meanwhile, the control scheme proposed by Corke and Good (see Fig. 1) used a
two-step estimator E(z) with no kind of prediction and, therefore, the delay d is
ignored.

(i) The position error signal, which is the input to the controller block C(z),
is obtained in Fig. 2 for the current step time. Evidently, the error signal used in
Fig. 1, which is directly computed with the delayed vision system output, will have
more error than if the estimator/predictor output had been used (in the worst case
it will be the same if the uncertainty of the process model used in the estimator is
very high).

Other advantages of the proposed control scheme are:

(i) It allows working with one high (slow) sample time 7, given by the outer
loop sensors (e.g., vision system), and another small (fast) sample time 7 (or even
continuously), given by the inner loop sensors (e.g., enconders).

(ii) It is easy to guarantee the stability if the inner loop is much faster than the
outer loop and both loops are separately stable (see Fig. 6).

(iii) The steady-state error would be null for any continuous robot reference if
its time-derivative varies smoothly with respect to the dynamics of the inner loop
as long as the sample time of the outer loop can effectively reconstruct the first
time-derivative of the reference (Nyquist—-Shannon sampling theorem).
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6. Experimental Results
6.1. Configuration Set-up

For the experimentation, the elements of Fig. 8 have been used. A turntable, which
consists of a disk with a circle painted (in another color) near the border, pro-
vides a visual characteristic. This turntable/disk is moved by an asynchronous
electrical motor (Siemens 3~Mot. ILA7060-4AB60) driven by a Micromaster 440
(6SE6440-2UC13-7AA0). In front of the turntable, the end-effector of a 3-d.o.f.
Cartesian robot is placed with a uEYE USB2.0 camera (UI-2310-C, 640h-480v
configured for 25 frames/s, i.e., T, = 40 ms) (Fig. 9a). The image plane of the
camera is parallel to the turntable. Two d.o.f. of the Cartesian robot are used to
follow the visual characteristic in a tracking task. This visual characteristic is ac-
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Figure 8. Schematic representation of the elements used for visual servoing experimental results.

Figure 9. Cartesian robot developed at the Miguel Hernandez University for visual servoing. (a) Con-
figuration set-up: turntable and camera. (b) Global view of the Cartesian robot.
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quired by the camera and processed (d = 2) to obtain its ‘center of mass’ using
a color-based blob detection algorithm (OpenCV). The Cartesian robot (Fig. 9b),
whose modeling equations can be found in Ref. [23], is 1.7 m high, 2.3 m long
and 1.4 m wide, and is moved by three AC servo-motors (synchronous) manu-
factured by Siemens (1FK6 series) with the following characteristics: for X- and
Y -axis: torque at @ = 0:16 Nm, nominal torque: 10.5 Nm; for Z-axis: torque at
@ =0:11 Nm, nominal torque: 6 Nm.

The following control algorithms have been implemented in the PC: the low-
level joint velocity controllers of Fig. 3; the control scheme of Fig. 2 (proposed
here for visual servoing) or (alternatively) the control scheme of Fig. 1 [17] and
the prediction filter described in Ref. [20], which is based on a fuzzy system that
combines different filters: linear interpolation, Kalman filter, a8 (y) filter, etc. The
‘Control card’ used (Fig. 8) is the NI PCI 6024E. The ‘start’ signal is provided by
a PC, the turntable begins the movement and the robot is controlled depending on
the visual feature position to maintain it in the center of the image plane.

6.2. Turntable Experiments

Figure 10 depicts the low-level joint control for the X- and Y -axis of the Cartesian
robot. In both cases the joint velocity reference is 0.7 m/s. It can be seen that the
setting time (99% criteria) is approximately 0.33 s for the X-axis, i.e., fy din x =
0.33 s, and 0.25 s for the Y-axis, i.e., 5t din y = 0.25 s. Moreover, a low-pass filter
will be applied to the measured velocities in the visual servoing control scheme in
order to avoid noisy signals (Fig. 10) and a saturation of 1.5 m/s is considered in
the control schemes for the control signal x; con¢ that commands the robot. Using
the turntable, two sinusoidal movements are generated in the X- and Y -axis. The
combination of these sinusoidal movements is the circular trajectory of the visual
characteristic to be tracked (Axgrer = 0). The frequency of these signals depends
on the angular velocity w of the turntable, in this case w = 2 - /2.5 rad/s, their
amplitude value is 0.177 m (distance from the black circle with respect to the axle
of the turntable) and their offset value depends on the robot initial position. The
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Figure 10. Low-level velocity control. (a) X-axis. (b) Y-axis.
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resolution in the image plane, which is given by the camera resolution and the
distance from the turntable to the image plane, is 400 pixels/m.

Figure 11 shows the comparative experimental results obtained for the con-
trol scheme proposed here (Fig. 2) and for the one proposed by Corke (Fig. 1):
the thin solid line is the estimation of the target position/velocity, the thick solid
line is the robot position/velocity obtained using the control scheme proposed in
this research (Fig. 2) and the thick dashed line is the robot position/velocity ob-
tained using the control scheme of Corke (Fig. 1). The kinematic loop gain used
for the X-axis is Ky = 3 and for the Y-axis is K, = 4. These gains imply that
the setting times of the kinematic loops are # kin x & 5/3 = 1.66 =5 - t gin » and
fstkiny ~5/4=1.25=35 -ty din y, i.€., the kinematic loops are significantly slower
than the dynamic loops and, therefore, stability is guaranteed. In fact, it can bee seen
in Fig. 11 that both control schemes have a very similar and satisfactory behavior,
because the vision system delay d = 2 (0.08 s) is negligible with respect to the kine-
matic loop dynamics. Another experimental comparison is shown in Fig. 12 (the
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Figure 11. Experimental comparison using the turntable. (a) X-coordinate. (b) Y -coordinate.
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Figure 12. Experimental comparison for a more critical kinematic loop dynamics. (a) X-coordinate.
(b) Y -coordinate.
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variables representation is the same one that in Fig. 11) for the kinematic loop gains
K, =15 and Ky = 20. In this second case the setting times of the kinematic loops
are approximately equal to the ones of the dynamic loops, i.e., s kinx = st din x and
fst kin y ™ tst din y» and, therefore, stability is not guaranteed (Fig. 6b). In fact, for
these more critical gains, Fig. 12 shows that the approach proposed here has clearly
better performance than the one proposed by Corke, which is virtually unstable
since the robot velocities change between the saturation values (1.5 m/s) and the
position error is permanently significant.

It is interesting to remark that, from the experimental point of view, the estima-
tion accuracy of the predictor and the accuracy of the robot model used are very
important in practice. In fact, another (practical) limitation of the control scheme
must be added to the two indicated at the end of Section 4:

e The inaccuracy of the predictor and the unmodeled dynamics (e.g., nonlineari-
ties, sensor dynamics, low-level control dynamics. . .) have to be small enough in
order to avoid instability.

This means that the limit values for stability (e.g., maximum controller gain,
maximum vision system delay, etc.) are lower in real experimentation than in
simulation. For example, under the kinematic framework the proposed control
scheme (Fig. 2) should never be unstable, regardless of the value of the vision
system delay d. Nevertheless, the inaccuracy of the predictor and the unmod-
eled dynamics (e.g., in this case the low-level dynamic loop) cause instability
for a certain value of the vision system delay. In particular, Fig. 13 shows the
experimental result for the control scheme of Fig. 2 with K, =3, Ky, =4 and
d = 14. Therefore, the global system becomes unstable for approximately a vi-
sion system delay of 0.56 s, i.e., around the fourth part of the turntable pe-
riod.
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Figure 13. Experimental result for a vision system delay of 0.56 s (d = 14). (a) X-coordinate.
(b) Y -coordinate.
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7. Conclusions

The major contribution of this research is the proposed control scheme (Fig. 2)
for visual servoing that explicitly takes into account the vision system delay by
properly including a predictor block, i.e., an estimator that predicts several sam-
ples ahead of time, in the scheme. In particular, it has been shown analytically that
this new scheme improves in several ways (conditions for zero steady-state error;
transfer functions and condition for exponential error convergence, both under the
ideal framework; additional advantages, etc.) the performance of the control scheme
proposed in Refs [17, 18], which has been widely accepted by the international
scientific community and that has been used in several subsequent well-known re-
search [19] and conference contributions [20]. The benefits and limitations of the
proposed approach have been comparatively illustrated by simulations and by ex-
periments using a 3-d.o.f. Cartesian robot. In this sense, the experimental results
validate both analytical and simulation results.
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