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Neuro-adaptive augmented
distributed nonlinear dynamic
inversion for consensus

of nonlinear agents with unknown
external disturbance

Sabyasachi Mondal™ & Antonios Tsourdos

This paper presents a novel neuro-adaptive augmented distributed nonlinear dynamic inversion
(N-DNDI) controller for consensus of nonlinear multi-agent systems in the presence of unknown
external disturbance. N-DNDI is a blending of neural network and distributed nonlinear dynamic
inversion (DNDI), a new consensus control technique that inherits the features of Nonlinear Dynamic
Inversion (NDI) and is capable of handling the unknown external disturbance. The implementation
of NDI based consensus control along with neural networks is unique in the context of multi-agent
consensus. The mathematical details provided in this paper show the solid theoretical base, and
simulation results prove the effectiveness of the proposed scheme.

Cooperation among agents, i.e., the consensus, is a fundamental and essential requirement to execute a com-
plex task cooperatively. In a real-world scenario, the agents face a variety of issues while making the consensus.
These issues are associated with communication among the agents, plant’s uncertainty and unknown external
disturbances. The former does not affect the agent dynamics, but the latter does a lot resulting in a mission
failure. Considering the importance of a mission, the researchers focused on designing adaptive controllers
capable of handling unknown disturbances. These controllers implement adaptive control laws, including the
neural network (NN) based approximation scheme and the conventional linear or nonlinear control theory
depending on the plant dynamics. The primary reason for selecting the NN is that it is an efficient technique to
approximate unknown nonlinear functions’, especially the radial basis function (RBF) neural network, which is
widely used due to its simple structure. Such neuro-adaptive controllers are proposed to solve a variety of con-
sensus problems. A few examples are mentioned here. A leader-follower synchronization problem for uncertain
dynamical nonlinear agents was solved using neuro-adaptive scheme?® A cooperative tracking problem of agents
with unknown dynamics® was proposed using a neural network-based controller. A bipartite consensus* was
achieved using a neural network to learn the uncertainties of agents. Another leader-follower output consensus
problem was solved® using a neuro-adaptive controller for a class of uncertain heterogeneous non-affine pure-
feedback multi-agent systems in the presence of time-delay and input saturation. An adaptive leader-following
consensus control for a class of strict-feedback agents® was solved using neuro-adaptive control. An exciting
example of distributed finite-time formation tracking control problem for multiple unmanned helicopters was
presented by Wang et al.”. The authors used the radial basis function neural network (RBFNN) technique to
design a novel finite-time multivariable neural network disturbance observer (FMNNDO) to approximate the
unknown external disturbance and model uncertainty law. In addition to nonlinear systems, a neural-network-
based leaderless consensus control problem of fractional-order multi-agent systems (FOMASs) with unknown
nonlinearities and unknown external disturbances was reported®. The effect of actuator fault on consensus
asymptotic convergence of nonlinear agents with unknown dynamics was discussed by Li et al.>. Other examples
include event-triggered consensus control problem for nonstrict-feedback nonlinear systems with a dynamic
leader, fixed-time leader-follower consensus problem for multi-agent systems (MASs) with output constraints,
unknown control direction, unknown system dynamics, an unknown external disturbance!!, stochastic nonlinear
multi-agent systems with input saturation'? etc.
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These papers implemented a variety of nonlinear controllers (e.g. feedback linearization, Lyapunov function,
sliding mode, backstepping etc.) and a neural network approximation for uncertainty and unknown disturbances.
In this paper, we have presented a neuro-adaptive augmented distributed controller, which is designed based
on Distributed Nonlinear Dynamic Inversion (DNDI)!*. We named it N-Distributed NDI (N-DNDI). It can be
mentioned that the adaptive control expression in the papers mentioned earlier contains a linear or nonlinear
error feedback term, and an adaptive term is added to it. However, N-DNDI is a new neuro-adaptive structure
augmented in the DNDI frame. The primary reasons for selecting NDI are given as follows.

e The NDI is an effective way to design a controller for plants with nonlinear dynamics. The nonlinearities in
the plant are eliminated by using feedback linearization theory. Moreover, the response of the closed-loop
plant is similar to a stable linear system.

e The NDI controller has many advantages. Examples of these advantages include 1. simple and closed-form
control expression, 2. easily implementable, global exponential stability of the tracking error, 3. use of non-
linear kinematics in the plant inversion, 4. minimize the need for individual gain tuning, etc.

Many researchers have used NDI to solve their research problems. Enns et al.'* implemented NDI to design a

flight controller. Singh et al.'* developed a controller for autonomous landing of a UAV. Padhi et al.’® described
reactive obstacle avoidance schemes for UAVSs in a Partial Integrated Guidance and Control (PIGC) framework
using neuro-adaptive augmented dynamic inversion. Mondal et al.!” applied NDI to propose a formation flying
scheme. They presented how the NDI is implemented for tracking the leader’s commands in terms of coordi-
nate, velocity, and orientation. Caverly et al.'® used NDI to control the attitude of a flexible aircraft. Horn et al."?
designed a controller of rotorcraft using Dynamic Inversion. Lombaerts et al.?° proposed NDI-based attitude
control of a hovering quad tilt-rotor eVTOL Vehicle.
The contribution is given as follows.

e In this paper, a novel neuro-adaptive Distributed NDI (N-DNDI) is proposed to achieve the consensus among
a class of nonlinear agents in the presence of unknown external disturbance. It can be mentioned that DNDI
is a new consensus protocol"® and augmentation of the neural network with DNDI is a new formulation.
Hence, this is new in the context of MASs and not reported in the literature.

e The main advantage of N-DNDI is it inherits the features of NDI. Moreover, the augmentation of the neural
network provides a very good approximation of the unknown external disturbances. Therefore, N-DNDI
is a perfect combination for designing consensus controllers for nonlinear agents. The realistic simulation
study justifies the effectiveness of blending DNDI and neural networks.

e The formulation to accommodate the neuro-adaptive structure in the DNDI framework is a significant
contribution. Moreover, the mathematical details for convergence are provided to show the solid theoretical
base of this new controller.

The rest of the paper is organized as follows. In section “Preliminaries’, preliminaries are given. Section “Prob-
lem formulation” presents the problem definition. The mathematical details of the DNDI are provided in sec-
tion “Nominal distributed nonlinear dynamic inversion (DNDI) controller”. The mathematical details of N-DNDI
are given in section “Neuro-adaptive augmented DNDI for consensus”. The simulation study is presented in
section “Simulation results” The conclusion is given in section “Conclusion”

Preliminaries
The topics which are relevant to the problem considered in this paper are given in this section.

Consensus of multiple agents. The consensus of MASs on communication network is discussed in this
section. The definition of the consensus is given as follows.

Definition 1 Let us consider a MASs with N agents, where X;, (i = 1,2,3,..., N) denotes the states of the ith
agent. The MASs will achieve the consensus if | X; — X [|— 0,Vi # jast — +oc.

The consensus protocol aims to minimize the error in similar states of the individual agent with their neigh-
bour by sharing information over the communication network, which is generally described using graph theory.

Graph theory. The communication among the agents can be represented by a weighted graph written by
G = {V, E}. The vertices V = {v1, v2,...,vn} of the graph denote the agents, and the set of edges, denoted b%
E C V x V,represents the communication among the agents. The weighted adjacency matrix A = [a;j] € RN>
of Gis denoted by a;; > 0if (vj,v;) € E, otherwise a;; = 0. There is no self loop in the graph. This fact is expressed
by selecting the diagonal elements of the adjacency matrix A as zero, i.e., i € V, a;; = 0. The degree matrix
is denoted by D € RN*N = diagl{d, d, ...dy)}, where d; = ZjeNi ajj. The Laplacian matrix is written as
L = D — A. A graph with the property that a;; = aj; is said to be undirected graph. If any two nodes v;,v; € V,
there exists a path from v; to v;, then the graph is called a connected graph. In this paper, we suppose that the
topology G of the network is undirected and connected.
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Radial basis function neural networks (RBFNNSs). Due to the ‘linear in the weight’ property, the Neu-
ral networks are widely implemented to approximate unknown functions and the radial basis function neural
network (RBFNN) is a good candidate®!. A continuous unknown nonlinear function ¢ (X) : R" — R" can be
approximated by

CX) = Wiy®X) + ex (1)

where X € 8" is input vector, Wyn € RT*™ is the weights of RBFs, ®(X) = [¢1(X) ... ¢q(X)]T denotes the
basis function vector. ‘g denotes the number of neurons. ex € $R™ is the approximation error. The ith basis
function ¢; is given by

¢i(X) = exp vi ;i=1,2,...,q. )

where u; € R" is the center of the receptors and v; is width of the ith gaussian function.
Useful lemma. The useful lemmas used in this paper are given as follows.

Lemma 1 * The Laplacian matrix L in an undirected graph is semi-positive definite, it has a simple zero eigenvalue
and all the other eigenvalues are positive if and only if the graph is connected. Therefore, L is symmetric and it has
N non-negative, real-valued eigenvalues0 = 4; < 1y < ... < An.

Lemma 2 2 Let ¢, (¢), Y2(t) € R™ be continuous positive vector functions, by Cauchy inequality and Young’s
inequality, there exists the following inequality:

V1O (t) <| Y1 (@) Il v2(0) ||

< I 1//1@ ” n IRZIGER (3)
A ¢
where
1 1
-+ - =1
A€

Lemma 3 ** Let R(t) € R be a continuous positive function with bounded initial R(0). If the inequality holds
R(t) < —BR(t) + nwhere, B > 0,1 > 0, then the following inequality holds.

R(t) < R(0)e P + %(1 —e ) @)

Problem formulation

In this section, the problem definition is given. The objective is to design a neuro-adaptive consensus protocol
that enables a class of nonlinear agents to achieve the consensus in the presence of external disturbance. Let us
consider a group of N nonlinear agents. They are connected by the undirected and connected network topology.
All the agents are homogeneous, i.e., they have similar dynamics. The dynamics of ith agent is given by Eqs.
(5)-(6) as follows.

Xi = f(X;) + g(Xi)U; + Di(X;) (5)

Yi=X; (6)

where, X; € ", U; € R" are states and control respectively. fis a continuously differentiable vector-valued
function representing the nonlinear dynamics. D;(X;) € R" is the unknown bounded and smooth external
disturbance term with V¢ > 0.

Assumption 1 The matrix g(X;) is invertible for all time.

Nominal distributed nonlinear dynamic inversion (DNDI) controller
It is relevant to get an overview of the DNDI controller'® and its convergence behaviour before augmenting
neuro-adaptive structure is explained.

Brief overview of DNDI. A brief overview of DNDI controller is presented here. The block diagram of the
consensus control scheme with nominal DNDI is shown in the Fig. 1.
The nominal dynamics of ith agent is given as follows.

Xi = f(X;) + g(Xi)Uia 7)
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Figure 1. Block diagram of distributed NDI or DNDL
Yi=Xi (8)
where, X; € R",U;y € R". e; denotes the consensus error of ith agent given by
e = (,_i,'X,‘ — ﬁiX (9)

wheree; € R, d; = (d; @ I,) € W4 = (a; ® L) € RN, and X = [X] X] ... X[1T e WV Lyisn x n
identity matrix. ‘®” denotes the Kroneker product. Enforcing the first order error dynamics we get

é + Kie; =0 (10)
Differentiation of Eq. (9) yields

e = (_11').(,‘ — Zl,‘X

_ . (11)
=d;(f(Xi) + gX)Uiq) — aiX
Substitution of the expressions for e; and €; in Eq. (10) gives
di(f (X)) + gX)Uia) — aX + Ki(diX; — 3,X) = 0 (12)
Simplification of Eq. (12) gives the expression of control Uj4 for ith agent as follows.
Ui = @)™ [~ (X0 + 37 X — Ki(@X; - @X) (13)

Convergence of DNDI. Convergence study of DNDI is presented here. Let us consider a smooth scalar
function given by

1
V= ExT(L L)X (14)
L ® I, can be written as

L®I, =SAST (15)

where,§ € RN "N s the left eigenvalue matrix of L ® I, A = (diag{0, 2(L), 23(L), ..., in(L)} ® I,) € RN>nN
is eigenvalue matrix, §Tg = 88T = LiNxnN-
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V= %XT@ ® L)X
= %XTSASTX

%XTSx/Z«/ZSTX

- %XTS\/E\/F\/F\/ESTX

1 _
EXTSAA_I ASTX

1 _
SXTsa (sTs) A (sTs) ASTX

1 _
= X7 (SAST> (SA_15T> (SAST)X
1
= 5XT(L L)AL ®I)X
1
= ~ETAE
2

where A= (diag{zzl(VL),zz(L),@(L),...,AN(L)} ®I,) e RN - E—[elel ...

A = SAT1IST ¢ RN >N,

Remark 1 It can be observed from Egs. (14) and (16) that

j~min(A)

1B s v < )
2 -~ 2

I E |12

17 17
v=_X"0®L)X = X"E

Remark 2 According to Lemma 1, 2, > 0. Hence, A is invertible.

e]E]T e RN | and

Remark 3 A = SA~'ST is positive definite matrix. Hence, V is positive definite subject to consensus error and

qualify for a Lyapunov function.

Differentiating Eq. (14), we get

N
V=X"LoL)X =E"X=> el [f(X) +g(X) U]
i=1
T

where, E = [elT e ... e{,]T e RN, Substituting the control Uy expression in Eq. (19) yields

N
V=Y el [a7 @X - Keo)|
i=1

N N
= Z —eld 'Kie; + Z eld'aX
i=1 i=1

According to Lemma 2, we can write

2 1= % |12
- . - . e; d; a;X
fa Ak <ler 11 3 ek < Loy 1A AR
Substituting the inequality relation in Eq. (20)

N 2 —1= % 112
. - e d: a;X
VfZ[_edei ey | ;n 1 g I
i=1

Let us design the gain K; as follows.

(19)

(23)
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X >X, > Xg4

Figure 2. Philosophy of neuro-adaptive control.

N J—1=~ 112
. aj , 2, |l di aiX |
V< D max(A) || € | 2
_Z; 5 Amax(A) i | 5 "
<—aiV+n
d-17.x12
where,n = f\lzl M. Applying Lemma 3 we get
ng+(wm—ﬁ)fw (25)
i i

Hence, we conclude that V' is bounded as t — oo. In addition, we show the Uniformly Ultimate Boundedness
(UUB) here.
Using Eq. (17), Eq. (25), and Lemma 1.2 presented by Ge et al.** we can write

Amin(A v
W(ﬂstv$1+(wm—ﬁyﬂﬂ (26)
2 o i
Eq. (26) can be written as follows.
Amin (A
W“)HEW51+(wm—1}”ﬂ
2 o (o4}
27
21 4 2(\/(0) - gi>e—aif @7)
IEI =< -
/Lmin(A)
It can be observed that, if V(0) = O% then
I Ell<«* (28)

Vt>0andk™* = ,/W. IfV(0) # alithen for any given x > «* there exista time T > Osuch that V¢t > T,
I E ll< .

22+ 2<V(0) - aix_)e—"‘fT
/lmin(A)

(29)

K =

Therefore, we can conclude

li E ||=«*
Aim | E =« (30)

Neuro-adaptive augmented DNDI for consensus
Before going to the main derivation of Neuro-adaptive DNDI, we present the philosophy of neuro-adaptive
control design®.

Philosophy of neuro-adaptive control. The sole objective of the design is to drive the actual state X to
desired state X;. The scheme adopted is to make actual state X to track the desired or nominal state Xz through
the virtual state X, as shown in Fig. 2.

The tracking of X to X, and X, to X is achieved by enforcing error dynamics to obtain the control considering
nonlinear plant dynamics. We use the same philosophy to design the Neuro-adaptive distributed NDI controller
in the next section.

Mathematical details of neuro-adaptive augmented DNDI (N-DNDI). Neuro-adaptive augmented
DNDI is a blending of neuro-adaptive control and DNDI. The block diagram of the control scheme is shown in
Fig. 3. The portion of the diagram inside the blue border is the proposed design of neuro-adaptive controller.

In case of neuro-adaptive augmented DNDJ, the consensus error of ith agent is defined such that, the virtual
state of ith agent, i.e., X;; € PR" reach consensus with the neighbours. Therefore, the consensus error of ith agent
is given by

Scientific Reports |

(2022) 12:2049 | https://doi.org/10.1038/s41598-022-05663-4 nature portfolio



www.nature.com/scientificreports/

Neighbour Uin Nom
ominal agent
agents’ state E 4; N-DNDI d nami(?s X;
information y
Ly Y
! 1
! 1
! 1
! 1
: : +
1 | Eai
N SR S VG
I | I
| | I -
1 v !
! Weight |
! update X
I
S S W
Y Y
- Xai
—>| Virtual Plant
Figure 3. Block diagram of Neuro-adaptive DNDI or N-DNDI.
Egi =Y aj(Xai — X))
jeN; (31)

= diXai — ;X
where Eg; € )", X € "N denotes the actual states of all the agents. The actual dynamics of ith agent is given by
Xi = f(Xi) + g(X) Uiy + D(X)) (32)
where D(X;) is the external disturbance added to ith agent. The virtual dynamics for ith agent is given by
Xai = f(X0) + gXDUin + D(Xi) + Kai (Xi — Xai) (33)

where D(X;) is the approximation of D(Xj).

It is important to note that, the consensus error Eg; in Eq. (31) is designed to measure the error in virtual state
of ith agent and actual states of its neighbours. To drive this error to zero (i.e., E; — 0), we define a Lyapunov
function V; as follows.

L7
Vi= EEdiEdi (34)
Differentiating Eq. (34) yields
Vi = ELEa (35)

According to the Lyapunov stability theory, let the time derivative of the Lyapunov function should be

Vi = —EjKaiEai (36)
where K; € SR"*" is a positive definite diagonal matrix. The expression of V; in Eqgs. (35) and (36) are equated
to obtain

ELEg = —ELKgEq; (37)
Eq. (37) is simplified as follows
Egi + KgiEgi = 0 (38)

Substituting the expression of E4; in Eq. (38) we obtain
diXai — aiX + Kgi(diXai — 3X) = 0 (39)
Putting the expression of X,iin Eq. (39) yields
d; (f (X)) + g(X) Uiy + D(X3) + Kai(X; — Xai)) — X + Kgi(diXe — 3;X) = 0 (40)

The expression of control U;y can be obtained by simplifying Eq. (40) as follows.
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Un = [g&)1 [ = £(X0) — D(X)) — Kai(Xi — Xai) + d; " (aX — Kai(diXai — 3X))] (41)

It can be observed that the control expression in Eq. (41) is different from Eq. (13). Next, the error dynamics is
enforced for driving the actual state of ith agent to its virtual state, i.e., X; = Xg;.

Egi + KaiEai = D(X;) — D(X)) (42)

where E;; = X; — Xgi. To approximate the unknown disturbance a single layer neural network is designed as
shown in Eq. (43).

DXy = Wl ox) (43)

where ® (X;) is a basis function vector. It is important to note that the ideal value of W;is W; and thus the distur-
bance D(X;) can be approximated by

D(X;) = W (X)) + ex, (44)
where €y, is the error tolerance. Eq. (42) is rewritten as
Eai + KaiEai = W] ®(X)) + €x, (45)
where W; = W; — W;. The weight update rule is given by
W=y [‘I’(Xi)EuTi — oW (46)

where y; is learning rate and o; is stabilizing factor of ith agent. It is important to note that W; = —W; because
W, is constant and W; = 0.

Convergence study of E;j.  The convergence study of the error E,; is important. We have selected a Lyapu-
nov function as follows.

_prp L
Vi= SEEa+ S W (v Wi 47)

= Ve, + Vy, (48)

where Vg, = L1ETE . and Vi, = wl yfl> Wi

— 27ai

1
2
Differentiation of Eq. (48) yields
Vi = E;'Eai =+ WiT)/fl W,'
= BN (X — Xai) — Wy ty; [‘D(Xi)EaTi - GiWi]

~ B R (49)
= EL (W (X)) + ex, — KaiFai) = W] [®OE], - 0 W]
= ( VEX, — EZ;'KaiEai) + oW W;
Using Lemma 2 and Wi =-—Wi+ W, Eq. (49) is written as
I Ea 1* llex; |17 ~ ~
Vis =+ ELKaiEai — 07 || Wi 1> +o0i | Wi [[ll Wi ||
I Eai I Il ex; I ~ 1 ~ 1
<t ~ EaKaiBai — i | Wi |2 4200 | Wi I 450 || Wi |1?
(50)
I Eai 17 Il ex; II? 1 ~ 1
=+~ EaKaiFai — Soi | Wi |? 4201 || Wi |
| Eai 12 1 ~
=~ EaKaiFai = 501 | Wi I +¢
2
where ¢; = ”Qg [ 107 | Wi ||%. Let us define
1 1 .
Kai =6 7& + E and o; > (Si/lmax()/i )
where, §; > 0. Hence, we can write the Eq. (50) as follows.
. S 8/ 1 -
Vi< =2 I Eai | —% I Wi lI® +&i (51)

Using Eq. (17) we can write
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1
5 I Eai I2< Ve, < Vi (52)
Jomin(vD -
% I Wi lI>< Vg, < Vi (53)
Therefore, Eq. (51) is written as follows.
Vi< —8iVi, —8iVyy +&i (54)
=—=6iVi+¢i (55)
Applying Lemma 3 we can write
Vit < S (Vi) — )i (56)
8i 8i
Lemma 4 2* Consider the positive function given by
1 1 r/ N\
v = ZemTQwen + 5 Wl (1) W, (57)
where e(t) = x(t) — x4(t) and W = W — W*. If the following inequality holds:
V() = —aVt) +eo (58)
then, given any initial compact set defined by
Q = {x(0), x(0), W()}(0), W(O)finite, x4 (0) € 24} (59)
we can conclude that
1. the states and weights in the closed-loop system will remain in the compact set defined by
2= {x(t), WO (0 1= e+ max (1 %4(2) 1) %4(6) € | WIS Cir gt | W ||} (60)
2. the states and weights will eventually converge to the compact sets defined by
_ ~ . % . " —
Q= {x(, WOl lim || e®) |I= 3, lim | W) 1= w5, } (61)
where constants
2V(0) + 22
Ce max — 7‘:1 (62)
AQ min
2V(0) + 22
c. O+ (63)
W max )vl" min
2(,‘2
re =1l (64)
C1AQ min
2C2
*
Wiy = . (65)
w C1AT min

We will present the Uniformly Ultimate Boundedness (UUB) here using conclusion 2. Using Egs. (52), (53),

and (56) we can write
gi Gi\ g4
| Eai 1< 4/2— +2( Vi(0) — — |e™* (66)
8; 8;
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28 +2(Vio) - § et

I Wi ll< — (67)
/Lmin(yi )
IfV;(0) = § then|| Eqi |I< i, Vt > 0.
2¢;
%
WE, =] <
Eax 81,
IfV;(0) # %then for a given wg,, > u  there exista Tg > Osuch that V¢ > Tg, we get|| Eq; [|< g,
é‘i é‘i —a:T
pE, = 1/22 +2( V() — 2 )ewiTe (68)
8; 5i
Therefore, we conclude
Jim || Eqi ll= KE,; (69)
In a similar fashion, we can conclude
. 7 *
Am Wi = py, (70)

Therefore, according to conclusion 2, the proposed controller is able to make the approximation error to converge
in the compact set defined by 2.

Simulation results
Simulation results are presented here. The simulation study is performed on PC with AMD Ryzen 5 processor
and 8 Gb RAM.

Agent dynamics. The agent dynamics are given as follows.

Xi; = Xj, sin(2X;;) + Uy, (71)

Xiz = Xi1 COS(3X,‘2) —+ Uiz (72)
where X; = [X,»l Xiz} T Equations (71) and (72) give

oy = [z
and
= {(1) ﬂ (74)
and
o [gﬂ (75)

The values of the parameters used in this simulation study are given as follows.

12 0 10 0
Kg = {o 10}’ Ko = {0 10}
The learning rate y; =30. We have selecte(LgREArT#N_‘ﬂ basis functions given by
D) = [p1(Xi) $2(Xi) ... d30(X)]T, where, ¢;(X;) = exp Y . The centers of the basis functions

are spaced evenly in the range of [-10, 10] x [—10, 10]. The width of each basis function is selected as v/; = 2.
The value of o; is chosen as 0.12. The disturbance added is given by

JTXil T
D; = |20 cos 5 0

which is unknown to the controller. The state trajectories of all the agents are shown as X; and X,
where, X; = [X1, X3, ... Xi0,] and X, = [Xy, X3, ... Xi0,]. Similarly, the controls for the agents are
shown by Uy = [Uy, Uy, ... Uy, ], and Uy = [Uy, Uy, ... Ujg,]. Also, the virtual states are given by
Xa, = [Xa1, Xa2, -+ - Xa10,], and Xy, = [Xa1, Xa2, - - - Xa10,]- The initial values of the states of all the agents are
given in Table 1.

The adjacency matrix is given by
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Table 1. Initial conditions of the states of the agents.
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Figure 4. Performance of N-DNDI in approximating unknown external disturbance.
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The unknown external disturbance is approximated by a neuro-adaptive controller. The approximated and real
disturbance is shown in Fig. 4a and the approximation error is shown in Fig. 4b.

It can be observed that the approximation is very good, which can be confirmed using the approximation
error plot. Consequently, the states of the agents achieved the consensus in a few seconds. The state trajectories
of all the agents, i.e., X; and X5, are shown in Fig. 5a and 5b respectively. The states of the agents reach the con-
sensus in finite time.

The consensus is achieved by neuro-adaptive consensus controls U; and U, which are shown in Fig. 6a and 6b
respectively.

The convergence of the states is shown by the consensus errors Ey; in state X; and X,. They are shown in
Fig. 7a and 7b respectively. The errors converged in a few seconds. This means the virtual states X, and X,
successfully reach the consensus.

The virtual states X;, and X, are shown in Fig. 8a and 8b respectively. It can be observed that the consensus
value of the virtual state and the actual states are the same. Therefore, the actual states tracked the virtual states
accurately. The proof of the tracking can be given by virtual errors.

The virtual errors Eg; in states X; and X are shown in Fig. 9a and 9b respectively. They have converged in
finite time.
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Figure 5. Actual state trajectories.
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Figure 6. Neuro-adaptive control.

Conclusion

The augmentation of neuro-adaptive structure to distributed nonlinear dynamic inversion (DNDI) frame pro-
duces a unique adaptive controller (N-DNDI) that efficiently handles the external disturbance. The N-DNDI
inherits the features of the NDI technique and handles the unknown external disturbance. The convergence study
provided in this paper explains the correctness of the design. The simulation results show that the neural network
embedded in the controller approximates the unknown external function and the DNDI controller computes the
consensus control signal accordingly. Consequently, the consensus is achieved in finite time. Hence, the proposed
N-DNDI is a deserving candidate for consensus control in the presence of unknown external disturbances. We
consider the heterogeneous agents along with communication issues as part of our future research plan. Also,
we will present a comparison study of the proposed controller with the existing controllers.
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