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Abstract. In this paper, a decentralized robust zero-sum optimal con-
trol method is proposed for modular robot manipulators (MRMs) based
on the adaptive dynamic programming (ADP) approach. The dynamic
model of MRMs is formulated via joint torque feedback (JTF) technique
that is deployed for each joint module, in which the local dynamic infor-
mation is used to design the model compensation controller. An uncer-
tainty decomposition-based robust control is developed to compensate
the model uncertainties, and then the robust optimal control problem of
MRMs with uncertain environments can be transformed into a two-player
zero-sum optimal control one. According to the ADP algorithm, the
Hamilton-Jacobi-Isaacs (HJI) equation is solved by constructing action-
critic neural networks (NNs) and then the approximate optimal control
policy derivation is possible. Experiments are conducted to verify the
effectiveness of the proposed method.

Keywords: Modular robot manipulators -
Adaptive dynamic programming - Optimal control * Zero-sum game

1 Introduction

Modular robot manipulators have attracted wildly attentions in robotics com-
munity since they are possessed of better structural adaptability and flexibility
than conventional robot manipulators. An MRM is composed by standardized
robotic modules, which consist of actuators, speed reducers, sensors and com-
munication units. These modules can be assembled to desired configurations via
standard mechanical interfaces according to the requirements of various tasks.
Benefitting from the advantages above, MRMs are often utilized in dangerous
and complex environments. Correspondingly, appropriate control systems are
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required to guarantee the robustness and precision of MRMs with uncertain
environments.

In order to seek out appropriate control for MRMs, joint torque feedback
techniques have attached attentions of both robotic researchers and industrial
manufacturers. JTF technique can not only eliminate the necessity of contact
model in motion control of robot-environment interactive tasks, it also facilitates
in suppressing the effect of uncertain contact force created between the end-
effector and payloads [1-3]. However, the existed JTF-based motion/force control
methods have not considered the issue of optimal implementation between the
error performance of joint motion and the output torque of actuator. Indeed,
an ideal controllers for MRMSs should be possessed of the properties that ensure
the robustness of the robotic systems, and simultaneously take into account the
optimal realization of the composite of error performance and output power.

Adaptive dynamic programming methodology is considered as one of the key
directions to address the optimal control problems in complex systems. Some
investigations reported the latest research progress of ADP-based optimal con-
trol methods for robot manipulators systems [4-6]. These strategies both follow
the premise that the dynamic models of the robotic systems are completely
unknown, thus the application of these methods are limited to address the
optimal control problems of specific classes of robotic systems without imple-
menting dynamic compensation. Dong et al. address the optimal control prob-
lems of MRMs by combining the model-based compensation control with ADP-
based learning control [7], and their researches are further expanded to deal
with the optimal tracking control issues of MRMs with uncertain environments
[8]. However, the existing methods consider the disturbance torques, which are
introduced by environmental contacts, as a class of dynamic uncertainties, and
ignoring the intractability of decomposing the effects of model uncertainties and
environmental contact disturbance targetedly. Indeed, there is less discussion on
ADP-based robust optimal control for robot manipulators with both dynamic
decomposition and optimal compensation, especially, for MRMs with uncertain
environmental contact.

In this paper, a novel decentralized robust zero-sum neuro-optimal control
method is presented for MRMSs with uncertain environments. First, the dynamic
model of the MRM systems is formulated via JTF technique, and a model-based
compensation controller is designed by effectively utilizing the local dynamic
information of each joint module. Second, a decentralized robust controller is
proposed to deal with the compensation control issue of model uncertainties.
Then, the robust optimal control problem of uncertain environment-contacted
MRMs is transformed into a two-player zero-sum optimal control one. The ADP
algorithm is employed to solve the HJI equation, in which the cost function, opti-
mal control policy and worst disturbance can be approximated by constructing
one critic NN and two action NNs, and then the decentralized robust zero-sum
neuro-optimal control is developed. Finally, experiments are performed to verify
the effectiveness of the proposed method.
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2 Dynamic Model Formulation

We consider the MRMs comprise n joint modules installed in series, and each
integrated with a DC motor, a speed reducer, two encoders and a joint torque
sensor. By referencing the modelling methods of JTF-based robot manipulators
with multi-degree of freedom (DOF) [9,10], we formulate the dynamic model of
the MRM system as a synthesis of interconnected robotic joint subsystems, in
which the ith joint subsystem dynamic model is represented as:

. . . e Tsi
LiviGs + fi (@i, 45) + 2i (0,4, G) + P +d; (q;) = i, (1)

?

733
1

where the subscript indicates the ith subsystem; I,,,; is the moment of inertia
of actuator rotor about the rotation axis; «; denotes the gear ratio; ¢;, ¢; and §;
are the joint angular position, velocity and acceleration respectively; f; (¢;,d;)
represents the joint lumped frictional torque; z; (¢, ¢i, ¢;) denotes the intercon-
nected dynamic coupling (IDC) among the joint subsystems; 7; represents the
coupling torque at the torque sensor location; d; (¢;) is the disturbance torque
and 7; indicates the control torque.
(1) Joint friction

The friction term can be defined as a function with respect to joint angular
position and velocity, which is given as:

Fildir i) = foidi + (fsie(_f”‘ﬁ) + fci) sgn(di) + foi(ai, ) + Y (@) Fi,  (2)
where F;, = [fbi — fbi fei — fci fsi — fsi fri — fﬂ]T indicates the parametric
uncertainty of the friction; fy;, fsi, fri and f.; represent the ideal parameters
of the friction model; fy; (¢:, ¢;) denotes the position dependency of friction and
the other friction modeling errors; sgn (¢) is a classical sign function; fbi, fsi, fﬂ-
and f.; are estimated parameters of the friction model and Y (¢;) is defined as:

Y (@) = [di, sn (60) e sgn (), —Fuudze D sgn ()] (3)

(2) Interconnected dynamic coupling

The IDC term z; (g, 4, ), which is considered a complex nonlinear function,
can be defined with respect to the positions, velocities and accelerations of the
lower joint modules (from joint 1 to 7 — 1), that is given as:

i—1 i—1 j—1
2 (4,6,4) = Tmi Y Didij + Imi Y Ohsdnd; = Ui + Vi,
j=1 j=2 k=1
i-1 T i—1j-1 T
Usi =Y [IniD5 T [d5 i) Ve = | 1niO% T [dnd; €}y
j=1 j=2 k=1

(4)
where D;- and @ij are given as D; = z%izlj and @ij = sz- (z1 X zlj) respec-
tively, zms, 21; and zj, are the unity vectors along the axis of rotation of the
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ith robot, jth joint and kth joint respectively. Moreover, we have the relations
Dj DZ Dl and @k] = @,ZW @k], where D and @,ZW are the alignment errors.
(3) Jomt torque and disturbance torque

The coupled joint torques 7g;, which are measured by using the embedded
torque sensors, can be represented as the following form:

Tsi = Tsri + Tsciy (5)

where 74,; indicates the joint torque that is obtained in free space and 7s.; denotes
the torque produced by environmental contact in constrained space. Besides, the
disturbance torque term d; (¢;) can be defined as:

d;i (qi) = dis (¢:) + dic (¢:) (6)

where d;s (q;) represents the disturbance of torque sensor and d;. (¢;) indicates
unmeasured environmental contact torque in joint space.

the fric-

%

Y (q) E;

tion modeling error is bounded by

bounded by | fpi (¢i,Gi)| <prpi-

< Y(di)PFm and fpi (gi, ;) is

Assumption 2. The terms U,; and V,; are bounded by |U.;| < pui, [Vl < pvi.

Assumption 3. The disturbance d;5 (¢;) is bounded by |d;s (¢;)] < pasi and the
unmeasured environmental contact torque d;. (¢;) is bounded by |d;c (¢;)| < paci-

Then, define B; = (Imi%-)_l € Rt and the state vector z; = [:cﬂ xig]T =

[qi q'i]T € R*>*! and the control input u; = 7; € R'¥1,i = 1,2,...n, the state
space of ith subsystem can be formulated as

i1 = Tj2
Si = &io = ¢; (x;) +vi (x) + pi (x;) + B, (7)
Y = Ti1

where ¢; (z;), v; (x) and p; (x;) are represented as follows:

- (fsz‘e(ff”q?) + fcz) sgn (¢;)
i (v;) = B; Tai
~ s = | (8)
v; () = B; (_Uzi_ Vi — foi (¢5,6:) =Y (i) Fi)
pi (i) = Bi (=dis (¢i) — dic (i)

Next, a decentralized robust zero-sum optimal control method is presented
for MRMs to ensure that both position and velocity of the closed-loop robotic
systems are asymptotically stable.
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3 Decentralized Robust Zero-Sum Neuro-Optimal
Control Based on ADP

Consider the MRM systems with the dynamic model formulation (1) and the
state space description (7), if the contact disturbance p; (z;) is viewed as a system
control input, the robust optimal control problem can be transformed into a two-
player zero-sum optimal control issue, in which the continuously differentiable
infinite horizon local cost function can be defined as follows:

o [ si(e; (1) Qisi (€5 (7)) + us (1) Ryws (7)
Ji (si0(€;)) = dr, 9
(8i0 () /o {—viimxz— () pi (i (7)) } ¥

where

5i () = € + Qi€ (10)

is a filtered error function with the initial filtered error s;o (e;) = s;(0); e; =

Ti1 — Tiq and é; = x;0 — &;q indicate the position and velocity tracking error of

the ith joint module respectively; x;q4, ;g and %;q represent the desired angular

position, velocity and acceleration that are known and bounded reference states.

QT = Q;, RI = R; denote the positive constant matrixes; ae; and Ypi are
determined positive constants.

According to (9), one can define the local Hamiltonian as:
H; (si,ui,pi, Vi) = 5] Qisi + uj Riu (1)
+ VI (80) (i + Vi + pi + eii + Biwi — Eia) — Yoi0; Pi’

where VJ; (s;) = (0J;(s;)/0s;) denotes the partial derivative of J; (s;) with
regard of s;. Define the utility function as
i (83, u,pi) = 8§ Qisi +uj Rivg — vaipy pi- (12)

Then, one obtain that the optimal local cost function J* satisfies:

J7(85) mln max / 02; (si,ui,p;)dr = maxmln / 02; (85, ui,p;) dr
(13)

According to (11) and (13), the local optimal control pair (u},p}) satisfies
the following HJI equation:

0 =VJ T (s:) (¢i +vi + P} + iy + Biuf — #4q) + 2; (55,45, p}) - (14)

On the basis of the principle of optimality, the local optimal control pair
(uy,py) can be represented as follows:
1 —1nT * * *
u; = *iRi B;VJ;, p;= WVJ (15)
Rewriting the optimal control law w; of the ith subsystem as:

U: = Uj1 + U2 + uf3 (16)
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to deal with modeled dynamic term ¢;, model uncertainty term v; and contact
disturbance term p; respectively, then, the HJI equation can be modified as:
4 v + f+0& 67"Ed
0 — VJ,L* ¢1 ) pz et *1 + .QZ (Si,’U/;p:) ) (17)
+ Biuil + BZ‘U,’Q + Biui3
Therefore, the zero-sum optimal control problem has been transformed into
the one of obtaining the decentralized control laws u;1, u;2 and ujy respectively,
and therefore, to realize the optimal compensation of model uncertainty and
environmental contact disturbance of the MRM system.
First, we can design control law u;1, that is given as:

Ujp = — (— (fsie(_fTix?2) + fa) sgn (wi2) — foitio — By 'dia — % + Bi_laeiéz)

(1s)

Second, we consider that the MRM systems, which work in free space, is

possessed of accurate joint torque sensing. Thus, substituting (18) into (17), one
obtains:

0=41 (Si, ’U,;(,p;k)+ VJ:( (’Ul"i’ p;;k+ Biuio + Bluf3) . (19)

Note that we have p; = uj; = 0 when the MRM system works in free
space, therefore, combining the time derivative of (10) and the model-based
compensation control (18), one obtains

$i= By (= fpi (@i, zi2) — Uni = Y (w32) Fi — Vi) + Biugo. (20)

Here, we introduce the decentralized robust control u;5 to compensate the
effects of model uncertainties. For the unmodeled friction in (2), we decomposed

F; as the summation of constant part and variable part, which is given as:
E; = Fio + Fy, (21)

where Fj. indicates an unknown constant vector and Fj, denotes an unknown
variable vector that is bounded as:

’Fiv < PFion, M = 1727?”4’ (22)

. . T . .
in which ppivn = [PFivi PFiv2 PFivs PFiva) 1S a determined constant vector.
Then, one can design the robust control law u;2r, which is given as:

Uinf = Uinfy + Y (Ti2) (Uizge + Wizfo) , (23)
where w;or, is designed to compensate friction term fu; (zi1,Zi2); Wizfe, Wizfo

are used to compensate the effect of uncertainties F;. and Fj, respectively:

(24)

—pspitey i Isil > €ipu
Wi2 fu = o
—pppizi if Isil < €ifu ’
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t
Ui2fc = —Eifc (/ Y(le)SdeT + 81') y (25)
0

—prion 2 if |Y (wi2)si] > €igon

_pFivnM if Y(xi2)si| < e€ifon

Eifun

uizfv: ,n = 172,3,4 (26)

where €;f4, €ifc and €;5,, are determined positive parameters. Moreover, we
decomposed the terms of U,; and V,; as:

Uzi = Uzic + Uziva Vzi = ‘/zic + VYzi'LM (27)
where U,;. and V,;. are with known up-bounds; U;, and V,;, are bounded as:
|Uz'w| < PUiv, |Vziv| < Pviv, (28)

where py;, and pyy, are constant up-bounds to be determined.
Then, by adopting the decomposition-based analysis of the uncertainties, we
can design the robust control law u;2p, which is formulated as:

Ui2h = Ui2hU + Ui2nV, (29)
where wu;opy is used to compensate the effect of the term U,;, that is given as:

Wi2hU = Wi2hUc T Ui2hUv,
EiUsSi 4
¢ —PUiv |Ei[[{,53i‘ if lewssi|>evn ,
UighUe = —E€iUs €iUsSidT + Si |, Uizhvv= ciasi
0 —puiv Lt if |eissi| <eius
(30)
where ¢,y and €;yp are positive parameters to be determined. Moreover, one
can design the control law ;o5 to compensate the effect of the term V;:

UighV = Ui2hVe T Ui2hVo
EiVsSi

K —pvivietiif lewvssi >eivp,
Ui2hVe = —EiVs EivsSidT 4 8 ) s Uionve =

0 —pviv i f |eivssi| < €ive

(31)
where €;vs and €; g are positive parameters to be determined. Then, by com-
bining (23) with (29), one obtain the decentralized control law w;2, which is given
as follows:

Ujp = Ujof + Uj2p- (32)

Then, we introduce the critic NN, u-action NN and p-action NN to approx-
imate the performance index function J; (s;), the optimal control law u}; and
the worst contact disturbance p; respectively.

By employing RBF NN, the ideal critic NN is represented as:

Ji (si) = whoei (si) + i, (33)
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where w,; is the unknown ideal NN weight, ¢.; represent the finite approximation
error of the critic NN, o,; (s;) indicates a standard activation function. Besides,
the gradient of the approximated cost function is given as:

VJ; (Si) e VO'Ci(Si)T’LUCi + Vé"z;, (34)

where Vo (s;) = Jo¢; (si)/0s; indicates the gradients of the activation function
and Ve; is the gradient error. Then, one can rewrite the Hamiltonian and obtain
the following relation:

Hi (i, w5, pis wei) = £2; (8, w3, pi) + (whVoe (si)) $ — ecri = 0, (35)
where e.pr; denotes the approximation error of the critic NN:
€cHi = .QZ + (wchVJCZ) 8z (36)

Let w,; be the estimated weight vector of w,;, therefore, one obtains:

Ji (1) = whoe (si) . (37)

Then, one can define the approximate Hamilton function as:

Hi (85, U5, pis Wei) = $2i (85, u5,pi) + (05 Ve (s4)) $i. (38)
Define the weight approximation error w. = w¢; — W, then, one obtains:
Cei = i — W5V 0 (8i) 8. (39)

Define the residual error function E.; = %e?i, which is minimized to adjust

the weight vector of the critic NN, that is updated by

i = s (o) = o Lalbatet )
ci ci 611301' ci (pz;pm + 1)2

; (40)

where «; > 0 is the learning rate of the critic NN, and p.;=Vo; (s;) ;.
Then, we employ the action NNs to approximate uj; and p} respectively. The
ideal u- and p-action NNs are given as follows:

ufg = wz;tfaz‘ (Sz) + €ais P}k = w;:ffpz' (Sz) + €pi, (41)

where wg;, wy; represent the ideal weight vectors, o4, 0p; denote the activation
functions and €44, €,; are the finite approximation errors of u- and p-action
respectively. Let w,; and wy; be the estimation weight vectors of wq; and wy;,
then we have:

Uiz = W2i0ai (1), P = Whiopi (si) . (42)
Since (81:11 (sl,ﬁl,ﬁz,ﬁ)m)/é)ﬁl ) =0 and (aﬁz (Sl,ﬂl,ﬁl,’lz)m)/aﬁ1 ) = 0, SO

that ;3 and p; can be further described as follows:

1 1
T3 = —ER;lBiTvog (8i) Wei, Pi= 2—2vo§; (85) Wes, (43)
’Ypi
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where the update laws for u- and p-action NN weights are given as:

T
: . 1 .
Wai = —QaiTai (i) - <w¢,{io—ai (si) + 5B ‘Bl Vo (Si)’wci) ; (44)
. AT 1 T A r
ﬁ)pi = _apiapi (57,) . (wpl'api (51) - 272 vo—ci (Sz) wci) s (45)
pt

where ay; and «; are the positive learning rates of u- and p-action NNs.
Then, by combining (18), (32) with (43), the proposed decentralized robust
zero-sum neuro-optimal control law v is given as:

P 1. Tsi —1 .
— foiTia — By g — P + B iy
* 1
u; =— . - (_UiZhU - Uith)

— (Asie(_f”‘x??) + fcz) sgn (z42) - (46)

1
— (—Uigfu — Y (zi2) (i pe + Uingv)) — 2R 1BTVU i Wei

Theorem 1. Consider an n-DOF modular robot manipulator, with the dynamic
model of the ith joint subsystem formulated in (1); the model uncertainties existed
in (2), (4) and the environmental contact disturbance given in (6). The closed-
loop robotic system is asymptotically stable under the decentralized robust zero-
sum neuro-optimal control law proposed by (46).

Proof. A Lyapunov function candidate is selected as:

n n 531’5?51‘ + 00idi (8i)
Vo) =S V. (t) = o0 , A7
ACEDMOEDY +(Spi/ P ()i () dr (47)
t

i=1 i=1

where dg; > 0 and 0p; > dp; > 0 are determined positive definite constants.
Then, one obtains the time derivative of (47) that is given as:

n 1 . n
<3 (25% (Isll+ 3B ) ) =3 (5= s = 8,0 220l

i=1

mln z) ||51||2 + )\min (Rl) HU”LIH
*Z 2 * 12

+ Amin (R2) [[wiz]]” + Amin (R:) (|3l

n

=— Z (O2iAmin (Qi) — 205i) [Isill* =Y~ (62iAmin (R2)) [luin ||
i i=1

—Z (Gt (B) il = 3 (Sesbuin (i) = 8ua| Bal”) s

i=1

_ Z — (8a2i = Spi) i) Ipil|?
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Therefore, we know that V, (t) < 0 when the following condition holds:

204 Osi Osi
Z 5_(2‘ ) )\min (Rz) > < 712 92> 5;01' 2 5(21 + W (49)

)\min 7 =
(@) 591‘Ir2m%‘ Ypi

Besides, from (48), one obtains that if (49) is satisfied, then V, (t) < 0 for
any s; # 0. Therefore, by the Lyapunov theory, the closed-loop robotic system is
asymptotically stable under the proposed decentralized robust zero-sum neuro-
optimal control (46). This completes the proof of the Theorem 1.

4 Experimental Results

In this section, the experimental results are presented based on the experimental
platform as illustrated in [8], and the experimental results are collected to verify
the effectiveness of the proposed control method. We consider the environmental
contact as a kind of instantaneous collision between the MRM link and the
collision object that may create instantaneous contact forces.

Table 1. Parameters setting

Name Value Name Value Name Value

fbi 12 mNms/rad fci 30 mNm fsi 40 mNm
fn- 202 /rad2 Yi 100 Ii 120 gem?
PFivl 30mNms/rad | prive 60 mNm | privs 80 mNm
PFiva 502 /md2 Pdsi 10mNm | pgei 50 mNm
PViv 2.3 Prpi 0.5 PUiwv 2.6

Qlei 0.5 Eifu 0.1 Eife 1

Qei,y Opiy Qai | 0.8 €ifvl,Eifv2 | 0.01 €ifv3, Eifva | 0.01

Vpi 1.87 gius,€ivs | 0.02 eivBs,&un | 0.02

The parameter definition is represented as follows: The critic NN is chosen
as 2-5-1 with 2 input neurons, 5 hidden neurons and 1 output neuron, and
the weight vectors are selected as w.; = [12)611 We12 We13 Weld wcls]T for joint
1 and we. = [wcm Weo2 Wea3 Weaa 1I)025]T for joint 2, with the initial values
We1 = ez = [0]. The NN structures and initial weight values of the and action
NNs are selected as the same of the critic NNs. The other model parameters,
uncertainty up-bound parameters and control parameters are given in Table 1.

Figure 1 illustrate the position and velocity error curves under the situation
of instantaneous collision contact. In this figure, obvious position and velocity
deviations are captured, which are due to the effect of collision force. Moreover,
we also observe that the error values decreased to normal ranges with very short
time periods, which may attribute to the performance of the proposed zero-sum
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Fig. 1. Error curves under the collision contact, (a) position errors, (b) velocity errors.

neuro-optimal controller that realized the optimal compensation of unknown
contact disturbance.

Figure 2(a) illustrate the control torque curves under the situation of instan-
taneous collision contact. From this figure, the reliable control torque outputs
are obtained, in which the instant increase of control torques keep in safe limits.
This is attribute the contribution of the proposed optimal control that realizes
the optimization of tracking errors and output torques.

Figure 2(b) illustrate the variations of the estimated critic NN weights under
the proposed method. From this figure, one obtain that the critic NN weights
may converge in certain ranges for each isolated joint subsystem. With the critic
NN weight estimations, the HJI equation and the optimal control law can be
solved and derived respectively.

]
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T T
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=

Control torque (mNm)
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— Wer Weiz = Wei =" Weig —— Wers |
120 10 20 30 _40 50 6 70 s %0 10 20 30 40 50 60 70 80
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S-120 10 20 30 40 50 60 70 80 20 30 40 50 60 70 80
Time (s) Time (s)

(a) (b)

Fig. 2. Control torque and weight adjustment curves, (a) control torque, (b) weight
adjustment.
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5 Conclusion

In this paper, we develop a decentralized robust zero-sum neuro-optimal control
scheme for MRMs. Based on local dynamic information of each joint module
and the JTF technique, a model-based compensation controller and an uncer-
tainty decomposition-based robust controller are designed for controlling MRM
systems. Based on ADP algorithm, the HJI equation is solved by constructing
the action-critic NNs, and then the decentralized robust zero-sum neuro-optimal
control is developed. Finally, experimental results are illustrated to verify the
effectiveness and advantages of the proposed method.
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