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Memory-augmented adaptive flocking control for multi-agent
systems subject to uncertain external disturbances
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This paper presents a novel flocking algorithm based on a memory-enhanced disturbance observer. To compensate
for external disturbances, a filtered regressor for the double integrator model subject to external disturbances is designed to
extract the disturbance information. With the filtered regressor method, the algorithm has the advantage of eliminating the
need for acceleration information, thus reducing the sensor requirements in applications. Using the information obtained
from the filtered regressor, a batch of stored data is used to design an adaptive disturbance observer, ensuring that the esti-
mated values of the parameters of the disturbance system equation and the initial value converge to their actual values. The
result is that the flocking algorithm can compensate for external disturbances and drive agents to achieve the desired col-
lective behavior, including virtual leader tracking, inter-distance keeping, and collision avoidance. Numerical simulations
verify the effectiveness of the algorithm proposed in the present study.

Keywords: flocking control, multi-agent systems, adaptive control, disturbance rejection
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1. Introduction
Cooperative control of multi-agent systems has been a hot

topic in the field of control theory and applications. Cooper-
ative control deals with the problem of controlling a multi-
agent system to fulfill a common goal, such as consensus
control,[1–3] formation control,[4–7] containment control,[8–10]

and flocking control.[11–13] The common advantage of these
algorithms is the theoretical and practical value of using lo-
cal information in the system to achieve the desired collective
motion, thereby reducing costs and improving robustness.

Inspired by biological systems, flocking control focuses
on the collective motion of multi-agent systems in which
each agent has a limited communication distance, with ap-
plications ranging from swarm of unmanned aircraft vehicle
(UAV) drones robots[14] to mobile sensor networks.[15] The
core advantage of flocking control is that it guarantees col-
lision avoidance, lattice-like formation, leader-tracking, con-
nectivity preservation at the same time. However, most ex-
isting flocking algorithms, e.g., in Refs. [16–23], do not take
into account the presence of external disturbances in a sys-
tem, which makes them unsuitable for applications with high
robustness requirements.

External disturbances can negatively affect the system, in-
cluding degrading the performance, preventing the control sys-
tem from converging to the desired state, or causing agents to
collide. Therefore, disturbance rejection is an important prac-
tical issue confronting flocking applications. In the existing
literature, disturbance-rejection flocking algorithms, e.g., in
Refs. [24–26], utilize different control techniques to stabilize
the flocking systems. In Ref. [24], the authors took advantage

of the sliding mode control to compensate for bounded exter-
nal disturbances. The advantage of sliding mode control is
that once knowledge of the upper bound on the disturbance is
obtained, the disturbance can be compensated for by setting a
sufficiently large sliding mode gain. However, large gains re-
quire very high control frequencies, which impose significant
costs on the application and inevitably cause chattering as a
side effect. In Ref. [25], the authors proposed a flocking algo-
rithm based on a full-order disturbance observer to compen-
sate for matched and unmatched modelable disturbances. The
benefit of this approach is that it enables the controller to com-
pensate for external disturbances in general, both bounded and
unbounded. However, this approach requires the controller to
have precise prior knowledge of the form of the disturbance
equation, which is difficult to obtain in practice. In Ref. [26],
the authors designed a flocking controller using multiple adap-
tive gains for linear models with time-varying uncertainties
and external disturbances. The highlight of this method is that
it uses continuous inputs to compensate for unknown bounded
perturbations by setting exponential adaptive gains. However,
the adaptive gains induce two negative effects. One is that the
exponential form of the gains is likely to be too large, making
it difficult to apply, and the second is that the algorithm does
not make the positions of the agents converge to a configura-
tion that is a minimum of the potential energy field and thus
does not guarantee that the formation will be as expected.

It can be seen that the existing disturbance-rejection
flocking algorithms in the literature have different shortcom-
ings, and it is necessary to develop a disturbance-rejection
flocking control algorithm with continuous input and a low re-
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quirement for a priori knowledge of external disturbances. In-
spired by the filtered regressor,[27–29] in this study we propose
a novel disturbance-rejection flocking algorithm using adap-
tive disturbance observers, where each agent can estimate the
disturbance without knowing the parameters of the external
disturbance system equation or the initial value of the distur-
bance, thus allowing the agents to compensate for the exter-
nal disturbance without chattering. In addition, we also use
recorded data to further improve the performance of the dis-
turbance observer.

We summarize the contributions of this paper as follows:
(1) A disturbance-rejection flocking algorithm is proposed to
use an adaptive control method for the first time. Compared
to the existing disturbance-rejection flocking algorithms, our
proposed algorithm does not require knowledge of the param-
eters of the external disturbance system equation. To achieve
this goal, we propose a new disturbance observer that uses the
filtered regression approach to decompose the external distur-
bance into the product of a known regression matrix and an un-
known constant parameter vector. (2) It is remarkable that the
proposed flocking algorithm uses the recorded data to guaran-
tee that the disturbance estimation given by the observer con-
verges to the actual value of the disturbance. In classic adap-
tive control systems, the convergence of the estimated param-
eters depends on whether the regression matrix satisfies the
persistent excitation (PE) condition. When the PE condition is
not satisfied, adaptive control can not guarantee the parameters
to converge to the actual values, resulting in degraded perfor-
mance. In this paper, a new adaptive law based on a filtered
regressor is designed, in which the estimated disturbances con-
verge to the actual disturbances as well as stabilize the system
if only the recorded data satisfy the full rank condition.

The rest of this paper is organized as follows: In Section
2 we provide the basics of system models, assumptions, and
the virtual potential functions for flocking control. In Section
3 we introduce the novel disturbance observer for the double-
integrator dynamics using filtered regressors. In Section 4 we
give the flocking algorithm and its theoretical analysis. In Sec-
tion 5 we verify the effectiveness of the proposed algorithm
through a numerical simulation. Finally, in Section 6 we give
some conclusions and future perspectives.

2. Preliminaries
2.1. System model

Consider a multi-agent system consisting of N double-
integrator particles, which can be expressed by

q̈i(t)+di(t) = τi(t), (1)

where qi(t) ∈ Rn, q̇i(t) ∈ Rn and q̈(t) ∈ Rn are the posi-
tion, velocity, and acceleration of the ith agent, respectively;

di(t) ∈ Rn is the external disturbance, and τi ∈ Rn is the con-
trol input of the ith agent. Furthermore, we assume that there
exists a virtual leader in the system. The leader’s position q0

and velocity q̇0 are smooth enough so that q̈0 exists and is
continuous. Next, we assume that the disturbance di can be
expressed as

di(t) = Diωi(t), (2)

where Di ∈Rn×m is an unknown matrix satisfying rank(Di) =

m, ωi ∈ Rm×1 and

ω̇i(t) = Aiωi(t), (3)

with Ai ∈ Rm×m being an unknown matrix. Therefore, each
disturbance di can be captured if the unknown parameters Di,
Ai and the initial value ωi(t0) are estimated. Note that by the
assumption of Di, there exists a Moore–Penrose pseudoinverse
D†

i such that D†
i Di = Im.

2.2. Communication topology

The proximity-induced topology[30,31] is employed to de-
scribe the information flow in system (1). Consider an undi-
rected graph 𝒢 = (𝒱,ℰ ,𝒜), where elements in vertex set
𝒱 , {1, . . . ,N} index agents, edge set ℰ , {(i, j)|i, j ∈𝒱,‖qi−
q j‖ ≤ r} represents the communication links between neigh-
boring agents, and 𝒜= [ai j] ∈ Rn×n is the weight matrix with
each ai j ∈ [0,1]. Note that ai j = a ji∀(i, j) ∈ [1,N], and ai j = 0
if (i, j) /∈ ℰ . Here, the constant r > 0 is known as the maximal
communication radius. The jth agent is called a neighbor of
the ith agent and vice versa if (i, j) ∈ ℰ , and the neighborhood
set of i can be defined as 𝒩i , { j|(i, j) ∈ ℰ}.

2.3. Virtual potential field functions

Following the approach in Ref. [30], a bump function
ρh : R≥0 → [0,1] is needed to construct the virtual potential
field function as well as the weights in the communication
topology. Since all existing bump functions to our knowl-
edge are not twice differentiable and the algorithm proposed
in this paper will use the twice differentiable of the potential
field function to stable the flocking system, we propose a new
bump function ρh as follows:

ρh(z) =


1, z ∈ [0,h),

1− z−h
1−h +

sin
(

2π(z−h)
1−h

)
2π

, z ∈ [h,1],
0, otherwise,

(4)

where constant h ∈ (0,1). Hence, the weights in 𝒢 can be de-

fined as ai j = ρh(
‖qi−q j‖2

r2 ). Similar to Ref. [30], we define the
virtual potential field function using the integral of the prod-
uct of bump function (4) and a continuous differential action
function ϕ : R≥0 → R which satisfies{

ϕ(z)< 0, z ∈ (0, l2
a),

ϕ(z)> 0, z ∈ (l2
a ,∞),

(5)
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where la is the expected inter-distance of neighboring agents.
Then, the virtual potential field function ψ : R≥0 → R≥0 can
be defined as

ψ(z) =
1
2

∫ z

l2
a

ρh

(
z
r2

)
ϕ(z)dz. (6)

Hence, the virtual potential field function between agent i
and agent j is given by ψi j , ψ(‖qi − q j‖2) and the cor-
responding interaction is denoted by φi j = ∇qi−q jψi j. Note
that since the bump function (4) is twice differentiable,
φ̇i j =

(
∇qi−q j φi j

)T
(q̇i − q̇ j) is continuous. The positivity of ψ

can be obtained by checking its minimal value. Based on the
definition, ψ decreases monotonically in [0, l2

a ] and increases
monotonically in (l2

a ,r
2]. Therefore, ψ reaches its minimal

value at z = l2
a , resulting in ψ ≥ ψ(l2

a ) = 0. Similarly, to
track the virtual leader, the leader’s potential field function
ψd : R≥0 → R≥0 is defined as

ψ
d(z) =

1
2

∫ z

0
φ

d(z)dz, (7)

where φ d(z) is a positive continuously differential function
and φ d(‖z‖2) = 0 if and only if z = 0. For convenient, the
virtual potential field function between agent i and the virtual
leader is given by ψd

i , ψ(‖qi −q0‖2) and the corresponding
interaction is denoted by φ d

i = ∇qi−q0 ψd
i .

3. Disturbances observer
3.1. Filtered regressors

The double-integrator dynamics in Eq. (1) can be devel-
oped as

d
dt

(q̇i(t))+di(t) = τi(t). (8)

Then, the following lemma is used to introduce the filtered re-
gressor.

Lemma 1 The following equation holds:

q̇i(t) = v f ,i −Diω f ,i + τ f ,i, (9)

where

v̇ f ,i =−aiv f ,i +aiq̇i(t), v f ,i(t0) = q̇i(t0), (10)

ω̇ f ,i =−aiω f ,i +ωi(t), ω f ,i(t0) = 0, (11)

τ̇ f ,i =−aiτ f ,i + τi(t), τ f ,i(t0) = 0, (12)

with any appropriate positive constant ai.
Proof Equations (10)–(12) can be expressed in the form

of convolution as

v f ,i(t) = ai e−ait
∫ t

t0
eaiσ q̇i(σ)dσ + e−ai(t−t0)q̇i(t0), (13)

ω f ,i = e−ait
∫ t

t0
eaiσ ωi(σ)dσ , (14)

τ f ,i = e−ait
∫ t

t0
eaiσ τi(σ)dσ . (15)

Then, using integration by parts we have

v f ,i(t) = e−ait (eaiσ q̇i(σ)) |tt0 − e−ait
∫ t

t0
eaiσ

d
dt

(q̇i(t)) dσ

+e−ai(t−t0)q̇i(t0). (16)

Substituting Eq. (8) into Eq. (16), we can continuously get

v f ,i(t) = e−ait
(

eait q̇i(t)− eait0 q̇i(t0)
)

−e−ait
∫ t

t0
eaiσ (τi(t)−di(t)) dσ

+e−ai(t−t0)q̇i(t0)

= q̇i(t)− τ f ,i +Diω f ,i, (17)

which completes the proof.
Remark 1 From Lemma 1, it can be seen that signal

Diω f ,i can be captured using measurable signals q̇i, v f ,i, and
τ f ,i.

Similarly, the filtered regression can also be applied for
external system (3).

Lemma 2 The following equation holds:

ωi = aiω f ,i +Aiω f ,i + e−ai(t−t0)ωi(t0), (18)

where ω f ,i is defined in Eq. (11).
Proof Using integration by parts for Eq. (14), we have

ω f ,i =
1
ai

e−ait
∫ t

t0
ωi(σ)d eaiσ

=
1
ai

e−ait (eaiσ ωi(σ)) |tt0

− 1
ai

e−ait
∫ t

t0
eaiσ ω̇i(σ)dσ

=
1
ai

ωi(t)−
1
ai

e−ai(t−t0)ωi(t0)−
1
ai

Aiω f ,i. (19)

Then, multiplying ai at its both side, it follows that

ωi(t) = aiω f ,i +Aiω f ,i + e−ai(t−t0)ωi(t0), (20)

which completes the proof.

3.2. Disturbance observer

Using Eq. (18) and noting that D†
i Di = Im, one obtains

di(t) = aiDiω f ,i +DiAiω f ,i + e−ai(t−t0)Diωi(t0)

= aiDiω f ,i +DiAiD
†
i Diω f ,i + e−ai(t−t0)Diωi(t0)

= aiDiω f ,i +
(
(Diω f ,i)

T ⊗ In
)

A*
i + e−ai(t−t0)ω*

i,0, (21)

where A*
i =
(

DiAiD
†
i

)
vec

and ω*
i,0 =Diωi(t0) are unknown but

constant vectors. Here, (·)vec denotes the column-wise stack
of z.

Noting that in Eq. (21) A*
i and ω*

i,0 are both vectors,
Eq. (21) can be equally expressed as

di(t) = aiDiω f ,i(t)+Yi(t)θi, (22)
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where Yi(t) = [
(
(Diω f ,i)

T ⊗ In
)
, e−ai(t−t0)] and θ =

[(A*
i )

T ,(ω*
i,0)

T]T. Hence, a disturbance observer can be de-
signed as

d̂i(t) = aiDiω f ,i(t)+Yi(t)θ̂i, (23)

where θ̂i = [
(
Â*

i
)T

vec ,(ω̂
*
i,0)

T]T with Â*
i and ω̂*

0,i, respectively,
estimate A*

i and ω*
i (t0), and the adaptive law of θ̂i will be de-

signed later. Therefore, the disturbance error d̃i = di − d̂i can
be developed as

d̃i(t) = Yi(t)θ̃i, (24)

where θ̃i , θi − θ̂i.

4. Observer-based flocking algorithm
4.1. Controller design

For convenience, let us define position, velocity and co-
ordination error signals as

xi(t) = qi(t)−q0(t), (25)

vi(t) = q̇i(t)− q̇0(t), (26)

si(t) = q̇i(t)+ξi(t), (27)

where ξi , ∑
N
j=1, j ̸=i φi j + φ d

i − q̇0. After differentiating both
sides of Eq. (27), one obtains

ṡi(t) = q̈i(t)+ ξ̇i(t). (28)

Substituting Eqs. (27) and (28) into Eq. (1) yields

ṡi(t) = τi(t)+ ξ̇i(t)−di(t). (29)

Then, we give the control input τi as

τi(t) =−k1,isi(t)− k2vi(t)− ξ̇i(t)+ d̂i(t), (30)

where d̂i is defined in Eq. (23) and constants k1,i > 0, k2 > 0.
Note that the continuity of ξ̇i ensures that τi is continuous. Af-
ter substituting Eq. (30) into Eq. (29), we have

ṡi(t) = −k1,isi(t)− k2vi(t)− d̃i(t). (31)

Next, substituting Eq. (24) into Eq. (31) yields

ṡi(t) =−k1,isi(t)− k2vi(t)−Yi(t)θ̃i. (32)

Now, we are ready to give the adaptive laws for Âi and ω̂0,i in
a compact form as

˙̂
θi = Γi

(
−Yi(t)Tsi + ∑

t∈Mi

𝒴T
i (t)

(
𝒲i(t)−𝒴i(t)θ̂i

))
, (33)

where Γi is a positive matrix, and data (𝒴i(t),𝒲i(t)) are de-
fined as

𝒴i(t) =
∫ t

t−δi

Yi(σ)dσ , (34)

𝒲i(t) = τ f ,i(t)− τ f ,i(t −δi)+ v f ,i(t)− v f ,i(t −δi)

−(q̇i(t)− q̇i(t −δi)) , (35)

where Yi is defined as in Eq. (23), τ f ,i is defined as in Eq. (12),
v f ,i is defined as in Eq. (10), constant δi > 0, and Mi =

{ti,1, . . . ti,m} is a set contains time instants when the data pair
(𝒴i(t),𝒲i(t)) is recorded. Here, we assume that the data pairs
are sufficiently recorded such that the following assumption
holds.

Assumption 1 For each agent i, the data pairs
(𝒴i(t),𝒲i(t)) are sufficiently collected in a finite duration
such that there exits a constant βi > 0 satisfying

λmin (Yi)≥ βi, (36)

where λmin(z) means the minimal eigenvalue of matrix z and
Yi = ∑t∈Mi 𝒴

T
i (t)𝒴i(t).

Remark 2 Following Ref. [32], assumption 1 can be ver-
ified online during the collection and once Yi is full rank, the
data collection process can be stopped. Note that we can se-
lect a larger βi to guarantee a better convergence rate of the
estimated parameters. Moreover, real-time applicability is an
issue that needs to be considered in applications. Since the
amount of data to be gathered in the proposed algorithm is
hard to determine beforehand, the amount of computation re-
quired by the flocking algorithm increases in the event of too
much data being collected. For this reason, data selection can
help to improve the real-time performance of the system. See
Ref. [33] for more information.

4.2. System analysis

Consider a Lyapunov function as

V (t) =V1(t)+V2(t)+V3(t), (37)

where

V1(t) =
1
2

N

∑
i=1

sT
i si, (38)

V2(t) =
1
2

k2

N

∑
i=1

N

∑
j=1, j ̸=i

ψi j + k2

N

∑
i=1

ψ
d
i , (39)

V3(t) =
1
2

N

∑
i=1

θ̃
T
i Γ

−1
i θ̃i. (40)

Then, we have the following theorem.
Theorem 1 Consider a multi-agent system (1) applying

flocking controller (30) with disturbance observer consisting
of Eqs. (23) and (33). Then, if V (t0) is limited and assump-
tion 1 is satisfied, the following statements holds:

(1) (Velocity consensus) q̇i(t)→ q̇0(t) as t → ∞.
(2) (Formation) q = [qT

1 , . . . ,q
T
N ] converges to an equilib-

rium point that is a local minima of V2.
(3) (Disturbance observation) d̂i(t)→ di(t) as t → ∞.
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(4) (Collision avoidance) Given V (t0) < (k + 1)ψ(0).
Then, at most k distinct pair of agent could possibly collide.

Proof Differentiating both sides of V1, we have

V̇1 =
N

∑
i=1

sT
i ṡi. (41)

Substituting Eq. (32) into Eq. (41) yields

V̇1 =
N

∑
i=1

sT
i
(
−k1,isi − k2(q̇i − q̇0)−Yi(t)θ̃i

)
. (42)

Hence, it follows that

V̇1 = −
N

∑
i=1

k1,i‖si‖2
2 − k2

N

∑
i=1

‖q̇i − q̇0‖2
2 (43)

−k2

N

∑
i=1

(
N

∑
j=1, j ̸=i

φi j +φ
d
i

)T

(q̇i − q̇0) (44)

−
N

∑
i=1

siYi(t)θ̃i. (45)

Differentiating both sides of V2, we have

V̇2 = k2

N

∑
i=1

(
N

∑
j=1, j ̸=i

φi j +φ
d
i

)T

(q̇i − q̇0). (46)

Differentiating both sides of V3 and using Eq. (33), one can
obtain

V̇3 =
N

∑
i=1

θ̃
T
i Γ

−1
i

˙̃
θi (47)

=
N

∑
i=1

θ̃
T
i Yi(t)Tsi

−
N

∑
i=1

θ̃
T
i ∑

t∈Mi

𝒴T
i (t)

(
𝒲i(t)−𝒴i(t)θ̂i

)
. (48)

Next, substituting Eq. (22) into Eq. (8), we have

q̈i(t)+aiDiω f ,i(t)+Yi(t)θi = τi(t). (49)

After substituting Eq. (9) into Eq. (49), we can continuously
obtain

q̈i(t)+ai
(
v f ,i(t)− q̇i(t)+ τ f ,i(t)

)
+Yi(t)θi = τi(t), (50)

which yields

Yi(t)θi =−aiτ f ,i(t)+ τi(t)−aiv f ,i(t)+aiq̇i(t)− q̈i(t). (51)

Then, using Eqs. (12) and (10), we can continuously reach

Yi(t)θi = τ̇ f ,i(t)+ v̇ f ,i(t)− q̈i(t). (52)

Next, integrating both sides of Eq. (52), one obtains∫ t

t−δ

Yi(σ)dσθi

=
∫ t

t−δ

(
τi(σ)−aiv f ,i(σ)−aiτ f ,i(σ)

)
dσ . (53)

Therefore, we have

𝒴i(t)θi =𝒲i(t). (54)

Now, substituting Eq. (54) into Eq. (48), we can obtain

V̇3 =
N

∑
i=1

θ̃
T
i Yi(t)Tsi −

N

∑
i=1

θ̃
T
i Yiθ̃i. (55)

Then, after merging Eqs. (45), (46) and (55), the derivative of
Eq. (37) is calculated as

V̇ = −
N

∑
i=1

k1,i‖si‖2
2 − k2

N

∑
i=1

‖q̇i − q̇0‖2
2 (56)

−
N

∑
i=1

θ̃
T
i Yiθ̃i (57)

≤ −
N

∑
i=1

k1,i‖si‖2
2 − k2

N

∑
i=1

‖q̇i − q̇0‖2
2 (58)

−
N

∑
i=1

βi‖θ̃i‖2
2. (59)

Using LaSalle’s invariant set principle, all solutions stared
from

{
qi, q̇i, θ̂i|V ≤V (t0)

}
asymptotically converge to the

largest invariant set contained in

Ω , {si = 0, q̇i = q̇0, θ̂i = θi,∀i ∈ [1,N]}. (60)

Here, si = 0 and q̇i = q̇0 imply ∑
N
j=1, j ̸=i φi j + φ d

i = 0, which
guarantees that statement 1 and statement 2 hold. Next, θ̂i = θi

implies Â*
i and ω̂*

i,0 respectively convergent to A*
i and ω*

i,0,
yielding d̂i(t) → di(t) as t → ∞. The last statement can be
proved by a contradiction. Supposing that there exits more
than k pairs of distinct agent collide at time t ′, then we have
V (t ′) ≥ (1 + k)ψ(0), which contradict the fact that V (t) is
monotonically decreasing and therefore V (t ′) < (1+ k)ψ(0).
This completes the proof.

Remark 3 Theorem 1 ensures that Â*
i converges to A*

i ,
thus allowing the algorithm to compensate for disturbances
di using measurable signals. If Di is known, we can further
obtain Ai according to the equation Ai = D†

i (A
*
i )matDi, where

(·)mat is the inverse operation of (·)vec, i.e., recovering from a
vector to a matrix.

5. Numerical study
Flocking control originates from imitations of biologi-

cal imitation in nature, and therefore numerical simulation of
flocking systems has been an important research method. In
the early days, the Boids model[34] based on heuristic rules
was proposed in order to graphically implement the imitation
of bird flocks. Subsequently, Vicsek et al.[35] and Couzin
et al.[36] proposed mathematical models of flocking that fo-
cus on revealing the behavior in complex systems. To facili-
tate the theoretical analysis of the behaviors of flocking sys-
tems, models such as Cucker–Smale’s model[37] and Olfati’s
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model[30] have been proposed, which model the agents as
double-integrator, reducing the difficulty of analyzing flocking
systems using stability theory and thus obtaining the theoreti-
cal conditions for velocity consensus, collision avoidance, and
so on. The double-integrator model is a highly abstract model
that uses only the position and velocity of a agent as states
and the acceleration as control input. Therefore, this class of
flocking algorithms is suitable for applications in multi-robot
systems with inertia, such as quadrotor swarms[38] and au-
tonomous surface vehicles.[39]

To show the control effect of the proposed algorithm, let
us consider the double-integrator multi-agent system (1) con-
sisting of 10 agents with a prescribed trajectory q0(t) designed
as

q0(t) =

 r0 cos(h0t)
r0 sin(h0t)

0

 . (61)

The initial positions and velocities of all agents are ran-
domly selected in [−5,5]. The communication radius r = 1.2
and the expected inter-distance la = 1. The initial values of dis-
turbances are randomly selected in [−3,3], and Ai is randomly
generated such that Ai =−AT

i , and Di = In for all agents. The
parameter of the smooth bump function ρh is set as h = 0.9.
The continuous differential action function ϕ is designed as

ϕ(z) = z− l2
a , (62)

and the leader’s potential field function is designed as

ψ
d(z) =

1
2

z2. (63)

In the filtered regressors (9), we set ai = 1 for all agents. In the
controller (30), we set k1,i = 1 and k2 = 1 for all agents. The
simulation starts at t0 = 0 and ends at t = 30, and data defined
in Eq. (33) is collected every 0.3 s.

↩.


.

z







y


x
↩

↩ ↩
↩ ↩

Fig. 1. Flocking trajectories of all agents.

v
i
↩
v


t (s)

-10

-5

0

5

10

0 10 15 20 25 305

Fig. 2. Velocity consensus of all agents.

As shown in Fig. 1, all agents track the virtual leader
while maintaining inter-distance without collision, where
crosses, dots and lines denote the initial positions, final po-
sitions and trajectories of agents, respectively; the crosses and
dashed line represent the position and trajectory of the virtual
leader. The velocity differences between agents and the vir-
tual leader are plotted in Fig. 2, where all agents reach veloc-
ity consensus after 5 s. Figure 3 illustrates the convergence of
the estimated parameters. Figure 4 shows that the disturbances
estimated by all observers converge to the actual disturbances.
Furthermore, as shown in Fig. 5, no collisions occur during
the simulation, and minimum inter-distances of all agents are
close to la = 1, as is expected.

θ
i

-100

-50
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50

100

∼
0 10 15 20 25 30
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Fig. 3. Parameter convergence of all agents.
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Fig. 4. Disturbance observation errors.
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Fig. 5. Minimum inter-distances of all agents.

6. Conclusion
A novel flocking algorithm using adaptive disturbance

observer is proposed. Based on the designed filtered regres-
sor, the disturbance observer estimates the disturbances in a
way without the need of the acceleration information. The
concurrent learning adaptive control method is employed to
guarantee the convergence of the estimated disturbances, and
LaSalle’s invariant set principle is used to guarantee the sta-
bility as well as collision avoidance and velocity consensus.
Numerical simulation shows the perfect performance of the
proposed algorithm.
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Data Availability Statement The latest source code is
available at https://doi.org/10.5281/zenodo.5813300
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Montréal, Canada, p. 504

[30] Olfati-Saber R 2006 IEEE Trans. Automat. Control 51 401
[31] Zhu J, Lu J and Yu X 2013 IEEE Trans. Circuits I 60 199
[32] Parikh A, Kamalapurkar R and Dixon W E 2019 Int. J. Adapt. Control

Signal Process. 33 1775
[33] Girish C and Eric J 2011 2011 American Control Conference (ACC),

June, 29–01, O’Farrell Street, San Francisco, CA, USA, p. 3547
[34] Reynolds C W 1987 ACM SIGGRAPH 21 25
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