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Abstract

To address the multi-task allocation problem of collaborative multi-automated guided vehicle (AGV) operations in
automated loading systems, an adaptive multi-feature distributed k-Winners-Take-All (k-WTA) task allocation method
is proposed. By integrating information such as AGV position, payload, battery level, and operational capacity, a task
fitness evaluation model is constructed. Furthermore, by incorporating time-varying communication topologies and a
data-driven adaptive gain, rapid and stable convergence is achieved in dynamic environments. A Power-arctan
activation function is specifically designed to enhance the noise immunity of the system. Simulation results demonstrate
that the proposed method can effectively suppress dynamic state oscillations, maintain fast and stable convergence

performance under various topologies and swarm sizes, and realize effective multi-AGYV task allocation.
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Introduction

Systems such as multi-AGVs are deployed in various

applications, including warehouse management,
industrial factories, aviation logistics, and the food and
beverage (F&B) industry. Compared to single-AGV
operations, multi-AGV systems can enhance overall
system efficiency through the collaborative execution of
multiple transportation tasks [1]. However, as the number
of AGVs and the scale of tasks increase, rational and
efficient task allocation becomes a critical factor
affecting system performance.

To address this challenge, numerous solution methods
have been put forward in existing research. These
approaches cover a wide range of categories: market and
auction mechanisms, game theory approaches, heuristic
and swarm intelligence algorithms, machine learning and
self-organizing maps (SOM), coalition formation and
collaborative planning, and neural networks together
with k-WTA competition. In

mechanisms and auction algorithms, researchers address

terms of market

the mapping between resources and tasks by simulating
the bidding process.
For example, in edge computing and multi-agent task
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offloading, Wang et al. proposed a truthful auction
resource allocation mechanism with a flexible task
offloading scheme [2]. Zhang Lianming et al. developed
a joint scheduling algorithm based on double auctions
and mobility awareness [3]. For multi-robot systems,
Choi et al. designed the Consensus-based Bundle
Algorithm (CBBA) to achieve decentralized and robust
allocation [4]. Furthermore, related studies have
developed allocation algorithms based on anxiety models
and improved contract net protocols, centralized
allocation modeling for unmanned aerial vehicle (UAV)
swarms, agent-based dynamic Nectar allocation
algorithms, and task allocation methods based on
combinatorial bidding [5-8]. These methods are logically
intuitive, but in large-scale AGV automated loading
scenarios can easily lead to a surge in communication
overhead and decision delays.
To achieve adaptive task allocation in dynamic
environments, some scholars have turned to game theory
and reinforcement learning, driving the system to
achieve a Nash equilibrium by constructing payoff

models among agents. Zhang Meiyan et al. utilized



Scientific Research Bulletin

2026,3(4):6-19

game-theoretic approaches to solve the target hunting

task allocation problem for heterogeneous formations [9].

Huo et al. proposed a game-theoretic task allocation
framework for multi-mobile robot systems with
minimum requirements [10]. To further improve solving
efficiency, Xing et al. combined reinforcement learning
with potential game models to achieve efficient multi-
agent task allocation [11]. Similar mechanisms also
include anonymous hedonic game models for large-scale
systems and potential game frameworks for handling
dynamic tasks [12,13]. Although game theory possesses
excellent self-organizing properties, in highly dynamic
warehousing environments, solving for equilibrium
states often requires a long iteration time, making it
difficult to meet the demands of instantaneous
scheduling.

Facing practical loading tasks involving complex
constraints such as load capacity, distance, and deadlines,
heuristic algorithms, machine learning, and coalition
formation strategies have been widely applied. At the
machine learning algorithm level, J. Wu et al. combined
an improved self-organizing map (ISOM) with an
attention mechanism for dynamic allocation, while Y. Liu
and S. Ma utilized SOM combined with the fast-
marching method and unsupervised k-means learning
strategies, respectively to optimize task execution order
[14-16]. At the heuristic algorithm level, research covers
multi-task allocation using genetic algorithms, an ant
colony-parthenogenetic genetic hybrid algorithm (AC-
PGA) for handling large-scale traveling salesman
problems, capacity-constrained pickup and delivery task
allocation integrated with path planning, and distributed
deadline-constrained algorithms [17-20].

Furthermore, researchers have proposed a variety of
coalition formation and hierarchical strategies to execute
tightly These

communication-aware distributed coalitions, hierarch-

coupled tasks. strategies include
ical strategies that guarantee distance optimality,
reallocation methods based on heuristic cost evaluation,
and heterogeneous robot coalitions built with the 1Q-
ASyMTRe bidding

mechanisms [21-26]. Although such methods possess

framework and combinatorial

strong global search capabilities, their computational
complexity is usually high, which heavily consumes the
computing resources of the underlying hardware.

To completely overcome the computational bottlenecks
of traditional algorithms in high-frequency dynamic
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scheduling, competitive neural networks based on k-
WTA (k-Winners-Take-All) have stood out due to their
extremely low computational complexity and distributed
solving characteristics. Liu and Wang pioneered the
conversion of k-WTA operations into quadratic
programming problems and solved them using dual
neural networks, laying the theoretical foundation for
this field [27].

Subsequently, Qi et al. generated robust k-WTA
networks and applied them to multi-agent coordination,
while S. Liu et al. proposed a gradient-based differential
k-WTA network to solve multi-robot competitive
cooperation problems [28,29]. In the evolution of
distributed architecture, Y. Zhang et al. designed a
distributed k-WTA network from an optimization
perspective [30]. K. Liu et al. evaluated the task
allocation performance of this network on dynamic
undirected connected graphs [31]. M. Liu et al. further
constructed a TDCI-kWTA network
communication interference and time delays [32].
These

continuous-time dynamic networks have prominent

considering

research  breakthroughs demonstrate that

advantages in speed and decentralization for distributed
solid

theoretical foundation for our work. Specifically, this

decision-making. This finding also lays a

paper design a noise-tolerant multi-feature N-k-WTA
automated loading task allocation framework for AGV
swarms. The aforementioned k-WTA networks have
shown great potential in computational efficiency and
decentralized architecture.

However, they face tough challenges when applied to
AGYV swarms for automated loading. These challenges
include highly heterogeneous physical constraints and
high sensitivity of electromechanical systems. The
physical constraints cover load status, available battery
level, and dynamic A* planning distance. The underlying
electromechanical systems are extremely sensitive to
high-frequency environmental noise.

For these reasons, existing models commonly have
several defects: limited input dimensions, poor topology
adaptability, and insufficient noise tolerance. To bridge
this research gap, this paper proposes an automated
loading AGV task allocation framework integrating
distributed state heterogeneous scalarization (DSHS) and
noise-tolerant dynamic N-k-WTA. The specific design

consists of the following three core modules.
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(1) A multi-feature adaptation layer for the decision
frontend is designed. By introducing a task pattern matrix
and a dynamic weight adjustment mechanism, this layer
uniformly maps the high-dimensional heterogeneous
states of AGVs with inconsistent physical dimensions
into a low-dimensional decision priority scalar.

(2) A data-driven adaptive gain control strategy based on
time-varying topologies is designed. It switches topology
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Task
RCELUJ rements
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states according to time and dynamically adjusts the
convergence step size based on system state errors,
achieving a coordination between fast response and
stable convergence.

(3) A novel Power-Arctan activation function is designed
to mitigate the impact of system input noise on the
system.

The overall system design diagram is shown in Figure 1.
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Multi-state heterogeneous scalar layer

For a multi-robot system comprising m AGVs, the
position of the i-th AGV is defined as v; € R?, where
i€{1,23,---,m} .
dimensional vector, whose two elements represent the X-
i -th AGV,
respectively. In addition, the position of the target AGV
is defined as v, € R2.

In this paper, v; is a two-

coordinate and Y-coordinate of the

Therefore, this paper can define a variable to represent
the distance between the i-th AGV and the target, whose
expression is: 1;(t) = —||v;(t) — vo(t)||, which can
take the distance 7;(t) as the input, and model it as the
k-WTA problem based on this input.

In actual collaborative task scenarios, the task decision-
making of AGVs is influenced not only by spatial
distance but also closely related to multi-dimensional
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heterogeneous states such as remaining battery level,
environmental risk, and task load.

Due to differences in dimensions and physical meanings
among various state variables, it is difficult to directly
in  multi-AGV
These state variables cover

use them for task competition
collaborative scenarios.
motion status, remaining energy, and load capacity of
each vehicle, which carry distinct units and evaluation
criteria. Therefore, unified modeling and fusion are
required to construct a scalar evaluation index that can
comprehensively reflect the task adaptability of AGVs
under complex working conditions.

On this basis, a time-varying communication topology is
introduced to construct a distributed k-WTA competitive
network. This network allows intermittent information

exchange among agents, enabling AGVs to complete



Scientific Research Bulletin

2026,3(4):6-19

task selection and allocation in dynamic communication
environments with unstable signal connections and
changing neighbor sets.

TACMC-adaptation layer model

In the distributed k-WTA network, the input variable 7;
of each agent is used to represent its priority or task
adaptability in the current task. The larger the input value,
the higher the probability that the agent will be activated
and become a winner during the competition process.
This paper designs a distributed state heterogeneous
scalarization model (TACMC-adaptation layer). The
core idea of this model is to construct a nonlinear
the
heterogeneous physical sensing space to the low-

mapping mechanism from high-dimensional
dimensional scalar decision priority manifold, which is
used to adaptively generate the input variable of the k-
WTA network according to task types and constraint
conditions.

First, define the task mode selection matrix A;. Acting
as a dimension aligner, A; dynamically screens active
constraints and eliminates redundant perturbation terms
according to the current task mode. Its row-column
structure is determined by the task type i, and it is used
to filter the state indicators participating in the
calculation. Its expression is:
1 - 0

P (1

The system introduces a dynamic weight modulation
matrix to reflect the sensitivity of the agent to specific
constraints. According to different task requirements,
weights are assigned to each state to construct a weight
matrix, which is a diagonal matrix whose diagonal
elements represent the importance of each state under the
current task. Its expression is:
w, = 0

2

w; = ¢
0 o wiCXC

Further, the task-driven mapping operator z; is obtained:

3)

Subsequently, the local utility state vector T; is

z; = Ajw;

introduced into the above result:

Tiy

T,

T; =|Ti3
L

Ti.

(4)

ex1
The decision manifold projection component is obtained,
with the expression as follows:
w; = Ajw;T; (5)
Finally, by summing the contributions of each state, the
comprehensive priority scalar r; of the agent is obtained:
(6)

The overall structure is shown in Figure 2. Based on the

AT
rp=1" Mo w;

selected, the model computes its comprehensive value
for all idle agents to select the winning agents.
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Figure 2. Multi-state heterogeneous scalar layer architecture diagram.
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Dynamic adaptive distributed k-WTA network
model

In practical warehouse environments, nodes are situated
in highly dynamic, time-varying environments. Static
topology communication may experience disconnection
due to agent changes or environmental occlusion,
thereby undermining overall system stability.

The AGV nodes in such spaces frequently adjust their
positions and sensing states as handling tasks proceed.
How to enable these nodes carrying standard inputs to
quickly and stably complete distributed cooperative
competition under conditions of communication
constraints and noise interference is the core challenge in
achieving reliable final task allocation.

To this end, this paper designs a dynamic topology
adaptive k-WTA model to cope with frequent topology
shifts in real-world warehouse scenarios.

Graph theory fundamentals for communication and
dynamic topology definitions

A communication network composed of n AGVs can be
represented by an undirected graph G=(V,E) Here,
V={v;,v,,..,v,} represents the vertex set of the graph,
and assuming there are m edges, E={e;e,,..en}
represents the edge set of the graph. An edge e; in
(v, vj) the set is formed by a vertex pair meaning that a
connecting edge is established between vertices v; and
v;. The topological relationship of the entire graph can
be described by an adjacency matrix A=[ajj]nxn. When
(vi,vj) € E, the matrix element a;; > 0; otherwise,
a;j = 0.If vertex v; can be reached starting from vertex
vj, it is considered that a path exists between the two
vertices.

Two vertices with a path between them are said to be
connected. When any two vertices in graph G remain

connected, graph G is a connected graph. For v; € V

and (v;,v;) € E, itindicates that v; is a neighbor of v;.

All neighboring vertices of vertex v; constitute the
neighbor set, denoted as N (i).

For an undirected graph, the total number of neighbors
possessed by vertex v; is its degree. At this point, the
degree matrix of the graph is expressed in the form of a
diagonal matrix, written specifically as:

D = [dijlaxn Ay = SuUmM(jen,)aij) (7)
Correspondingly, the Laplacian matrix of the undirected

graph can be computed as:
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L=D—-A (8)
Let the set of all possible static communication
topologies be denoted as P = {1,2, ..., M} where each
index p € P corresponds to an undirected graph G, =
(V.E).

V ={1,..,N} isthe vertexset,and E, €V X Vtimes V
is the edge set under topology p. The adjacency matrix
and Laplacian matrix of graph Gp are denoted as A, =
[a?j] and L, = L(Gp), respectively.

However, considering that communication links in
practical applications may change due to factors such as
distance variation, environmental interference, or node
paper
communication topology switches among a finite set of

motion, this assumes that the system
undirected graphs {G;, G, ..., Gy}, and the switching
process is determined by a switching signal o(t)
thereby forming a dynamic undirected topology Gg ).
The variation of the communication topology over time
is described by a switching signal:

o(t):[0,4x) = P (9)
Where o(t) =p indicates that the communication
topology of the system at time t is Gp.Thus, the actual
communication graph of the upper-layer k-WTA
network at time t can be written as:

G,(t) = (V,E,(1)) (10)
Its adjacency matrix and Laplacian matrix are
respectively denoted as:

A = Aoy L(Gory) = Lo (11
The switching signal o(t) is a piecewise constant
function. There exists a sequence of increasing time
instants0 =ty < t; < t, < ---, such that on each time
interval [ty t, +T),0(t) takes a constant value oy €
P, thereby keeping the topology Gg(;) unchanged
within this interval, and switching occurs only at the
discrete time instants t,. The number of switches is
finite in any finite time interval.

Under the topology Gg(;), the neighbor set of the 7 -th
node is defined as

Noey (D) = {j € VI(i,)) € Eqp)) (12)
The corresponding edge weight is denoted a;;(t) =
af}, a;j(t) = a;;(t) = 0, and when an edge exists, it has
a uniform lower bound and upper bound,
1.e.aljo (O max,y,;,,y Where amaxpygn,are constants.
This paper set the topology graph of transformation to be

Gp, and now set its switching expression as:

10
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G, 0<t<t,
)G, t<t<t,
Gp = G; t,<t<t; (13)

Gy t35t<ty,

As shown in Figure 3, the time-varying joint undirected
network (a)-(d)

respectively represent the topology state graphs at four-

topology graph, where graphs
time instants. The superposition of the edge sets of
graphs (a)-(d) constitutes the joint connected total

topology is a connected undirected graph.

A

Figure 3. Time-varying joint undirected network
topology graph.

Let there exists a constant 7 > 0 such that for any

initial time ¢t; >0 , the union graph of all
communication graphs on the time window ty,ty + T).
G([to,to +T)) = (V. Uttty o) Eot) (14)

This assumption relaxes the requirement that “the graph

is connected at every instant,” allowing local
disconnections within a short time, as long as the nodes
remain indirectly reachable among each other over a
longer time scale. This is a more realistic topology model
for mobile multi-agent networks. The topology can
temporarily disconnect within a short time scale, but
within a sufficiently long-time window, nodes remain
indirectly reachable through a series of time-varying
edges. This mechanism realizes the temporal propagation
and global interaction of information through topology
switching, enabling the distributed k-WTA network to
still complete global competition and consistency
optimization under dynamic communication
environments.

Distributed k-WTA model under dynamic topologies

In this section, this paper first introduces the distributed
k-WTA model in Literature. The distributed model in the

literature is as follows:
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&y =—Yi+fo (in - Ai)
€Z; = iZ JeN o Fij i = 4)
ey = i(ﬂ - % = LjeN o G (2 - 7) _>
YjeN p Aij (Ai = A7)
Where y; = dy;/dt. z = dz;/dt, 1; = dA;/dtare the

first-order derivatives of each variable with respect to

(15)

time, respectively; 7; is the input of the i -th AGV; y;
is the output of the 7 -th AGV.

If y; = 1, it indicates that the corresponding input 7; is
among the top-K largest values globally; otherwise y; =
0; z;and A; are two introduced state variables; a;; is
the element in thei -th row and j -th column of the
adjacency matrix; @ and ¢ are two positive constants.

The piecewise expression of the function f,(-)is as

follows:
1 )’i > 1,

faQ) = {0 ¥ <0, (16)
y, 0<y; <1

As can be seen from Eq.(15), agent i only needs to
exchange information with its neighbor j to complete
the update of the agent's output y;.When we introduce

the multi-dimensional heterogeneous feature dimension-
ality reduction mapping model, the model becomes:

( 1 - 0
llT [: . :l
= P
o - 1 cxc
[wl 5 l
eV = —v 0 - w,
yi=—Yi+ fa exe
Tia
Tia (17)
Tig| =4
Tic cx1
. 1
€z; = ;Zjezvq,(t) aij (A = 45)
k
ei =1 ()’i —n ZjEN,p(t) aij (Zi - Zj) —>
boa Zjezvq,(t) a;j (A; — 4;)

\
Furthermore, the formula can be simplified as:
ey =-yit+fa G 17 A;0;T; — Ai)
€2 = %ZjEN(p(t) a;j (A = 4;)
S/ii _ %(:Vi - S - Zjezv,p(t) aij (Zi - Zj) —>
Zjezvq,(t) a;j (A; — 4;)
Lety=[y1,¥2, ..., Yu |7, Ao T=[17 400, T1,1" A’0’T?, ...,
1TA" 0" TV, z=[z1, 22, ..., za JT, A=[A1, A2, ..., A |7 The

original system can be rewritten as:

(18)
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ey =~y + fo (5 (A7) - 2)

. LA
EZ = —

(19)

a
1

ei=;(y—%1—Lz—L/1)
Under the aforementioned time-varying topology model,
replacing the neighbor set N(i) and edge weight
a;jwith time-dependent Ny (i) and a;;(t), yields the
distributed k-WTA network model applicable to

dynamic undirected graphs:

( 1T
(0 = () + fo ( e )
. 1
ezi(t) = EZ]ENq,(’i) a;j (D) A;(0) — 4;(1)) (20)
yi(®) — o ZjENq,(t) a;j (t)(z (1)
eh(D) =7 ~2(1))
\ — Yjen, @ aij (O (4:(t) — 4;(1)
Similarly, the system can be simplified as:
ey = —y(t) + fo (3 (AWT(H) — (1))
£z = == L(Go()A(t) o

i l<y(t) —<[1,..1]7 >
F\=L(Go))z(t) — L(Go))A(D)

Figure 4 shows the transformation topology graph with
100 nodes, and Figures 5-8 show the system response
graphs when selecting 5 winning nodes out of 100 nodes.
Figure 5 is the evolutionary trajectory graph of the output
state y with respect to time t. Figure 6 is the time
response curve of the sum of output states of all
agents,sumy.

Figure 7 shows that the system can find a new steady
state when the topology switches. Figure 8 displays the
optimization trajectory of the Lagrange multiplier A,
showing that after an initial rapid response, thed of all
100 nodes perfectly converges to the same steady-state

value.

(©) (@

Figure 4. Transformation topology diagram of 100
nodes.
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Figure 5. System state response curves.
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Figure 6. Evolution curves of the number of winning

agents.
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Figure 7. Transient behaviors of the state variables.
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Figure 8. Response curves of the A core constraint
condition.
Activation functions directly determine the response
characteristics of individual states to input information,
affecting the convergence speed and steady-state
accuracy of the network. Especially under dynamic

topology environments, periodic changes in the network

12
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communication structure may lead to local bias in
information reception, causing response lag in some
nodes. Therefore, the activation function needs not only
to possess rapid response capability, but also to balance
stability during the network convergence process.
Traditional activation functions usually adopt fixed and
unchangeable mathematical forms, making it difficult to
simultaneously balance rapid response capability and
smooth convergence performance in neural network
training.
To tackle

conventional activation functions for neural network

these inherent problems existing in
training, this study systematically analyzes the input-

output response curve characteristics of typical
activation functions used in deep learning models. On
this basis, it innovatively introduces a flexible power
adjustment mechanism together with the bounded
nonlinear property of the inverse tangent function.

A novel power-adjusted activation function named the

Power-arctangent activation function (Power-arctan) is

therefore rationally constructed for network optimization.

This newly designed function adaptively adjusts the
response intensity in different input intervals and fully
utilizes the unique bounded saturation feature of the
inverse tangent function to limit excessively large output
responses and suppress gradient explosion issues.
Thereby achieving an effective and reliable trade-off
between rapid convergence speed and superior steady-
state stability in model training. Its specific mathematical

expression is scientifically defined as follows:

arctan(yx)

— 1

arctan(y) lxl < (22)
sgn(x) - |x|* |x] =1

F(x) =

where, 7 > 1lis the external acceleration gain hyper
parameter, andy > 0 is the internal shape adjustment

hyperparameter. The function is divided into two

response regions based on the amplitude of the input state:

When |[x| <1a normalized arctangent mapping is
adopted; when |x| = 1a signed power mapping is
adopted.

Small-deviation region arctangent response

When the system state gradually approaches the target
state, |x| < 1. At this time, it adopts:

F(X) _ arctan(yx) (23)

arctan(y)
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The arctangent function possesses the characteristics of
being continuous, monotonic, and bounded, thereby
avoiding excessively drastic nonlinear responses when
approaching the equilibrium state. Meanwhile, through
the parameter y , the response curvature in this region
can be adjusted, thereby changing the adjustment
characteristics of the system under small deviation
conditions.

In addition, at the piecewise boundary x = +1 :

arctan(y) _

F(l_) - arctan(y) (24)
And:

F1H)=1"=1 (25)
Similarly:

F(-1)) =F(-1*)= -1 (26)

Therefore, the activation function has function value
continuity at the piecewise boundary, which can avoid
extra state disturbances caused by sudden changes in
function values.

Power response in the large-deviation region

When the system is affected by topology switching and
produces a large state deviation, i.e., |x| =1, the
activation function adopts:

F(x) = sgn(x) - x| 27)
At this time, the parameter 7 determines the response
intensity in the large-deviation region. When 7 > 1, the
activation function exhibits superlinear growth
characteristics, which can enhance the state adjustment
capability of the system under large deviations; when
0 < T < 1, it can decelerate the response growth rate.
Therefore, by rationally selecting, 7 the large-deviation
response capability of the system can be adjusted
according to specific network scales and dynamic
topology variation characteristics. The K-WTA function

at this time is:
ey = —y(t) + F (3 (AWT() - A(t)))
e2 = —=L(Go())A(t)
i’ :l<y(t) = =[1,..1]7 )
F\=L(Gg))2(t) — L(Ggry))A(E)

To test the noise-filtering performance of the power-

(28)

arctan function, constant noise and random noise are sct
for comparison with the agent signals generated without
noise.

Figure 9 is the waveform in a noise-free environment,

Figure 10 is the waveform under constant noise 6 =

13
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5 y =4, t=5 and Figure 11 is the waveform under

random noise 6 € (3, 6), y =8, Tt =5.

_________

ky

II-I 2 .l. fi p. 10
Figure 11. Random-noise waveform curves.
Adaptive gain strategy
In traditional fixed-gain models, the control gain
parameter is often set as a fixed constant throughout the
entire operation process. However, if an extremely high

gain value is manually set in advance, although the

system can achieve an ultrafast response speed in the
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initial stage of iteration, it will produce severe numerical
oscillations and unstable fluctuations when dealing with
large-scale swarms or extremely large initial errors.
Conversely, if an extremely low gain is adopted, the
convergence process of the system will be extremely
sluggish and time-consuming, failing to meet the strict
real-time requirements of complex practical engineering
scenarios.

To overcome the inherent contradictions and
performance limitations brought by the aforementioned
fixed gain parameters that cannot adapt to dynamic
system states, this paper proposes an innovative adaptive
dynamic gain strategy (proposed adaptive gain strategy).
The core idea of this effective strategy is to dynamically
adjust the real-time gain magnitude according to the
current global convergence error of the system
throughout the whole iteration process, so as to balance
the system convergence speed and operational stability
in real time. The global competitive tracking error of the
system at time is defined as:

e(t) = X% () — K| = 117y (t) — K| (29)
Based on the aforementioned error feedback, the specific
expression of the dynamic adaptive control gain &(t)
designed in this paper is as follows:

gt)=¢ (1 - e_%e(t)z) minmax,y (30)
Where: &,,,, 1sthe maximum allowable upper bound of
the gain set by the system, used to provide the maximum
energy control under extreme conditions. &,,;,1s the
lower bound of the gain to ensure the basic convergence
capability and steady-state accuracy of the system.

To further verify the adaptability and robustness of the
proposed adaptive gain strategy, we focus on complex
dynamic communication topology changes in practical
AGV swarm operation scenarios. For this purpose, a
typical scenario with periodic communication topology
switching is adopted to carry out simulation verification.
In the experimental setup, four different network scales
with n=30, 50, 100, 200 are adopted to simulate swarm
systems of different sizes, while the target selection
number is fixed at k=5 for all comparative test groups to
ensure consistent experimental variables.

Figure 12 intuitively presents the detailed convergence
comparison results between the optimized adaptive gain
method and the traditional fixed gain method under
diverse network scales.

The time taken for the system to re-reach the preset
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convergence criterion after each topology switch is
defined as the topology recovery time T,. To avoid the
influence of initial states on the experimental results, the

recovery times after three topology switches are
statistically averaged. The experimental results are
shown in Table 1.

Parameter Sensitivity Analysis of Control Strategies

 Ad

44444

Time t (s)

(a)

Parameter Sensitivity Analysis of Control Strategies

Sum of State Variables (17 y)

Time t (s)

(b)

Parameter Sensitivity Analysis of Control Strategies

Timet (s)

(d)

Figure 12. Convergence comparison between adaptive gain and fixed gain under different network scales.

(a) is the gain convergence comparison for n=30, (b) is the gain convergence comparison for n=50, (c) is the gain

convergence comparison for n=100, and (d) is the gain convergence comparison for n=200.

Table 1. Recovery times after topology switching under different network scales.

e\n 30 50 100 200
100 0.1730 s NC NC NC
500 0.1477 s 0.2073 s 0.3079 s 0.3666 s

1,000 0.1362 s 0.1827 s 0.2044 s 0.2428 s

5,000 0.0196 s 0.0997 s 0.1072 s 0.1374 s

10,000 0.0064 s 0.0252 s 0.0909 s 0.1164 s

Adaptive 0.0036 s 0.0176 s 0.0676 s 0.0857 s

Note: NC= Not converged within the prescribed simulation time.

As can be seen from the experimental figures, high gain
can suppress the state sum at an extremely fast speed;
however, observing the locally enlarged regions of each
subfigure reveals that when approaching the target state,
excessively large control gains induce obvious
undershoot phenomena, destroying the local stability of
the system. This indicates that fixed gain is difficult to
simultaneously  balance the rapid convergence
requirement in the large-error stage and the dynamic
stability requirement in the small-error stage.

In contrast, the proposed adaptive gain strategy can
recover to a steady state within a relatively short time

under different network scales, with average recovery

https://www.wonford.com/

times of 0.0036 s, 0.0176 s, 0.0676 s, and 0.0857 s,
respectively.

Especially in large-scale networks with n=100 and
n=200, the recovery time of the adaptive gain is reduced
by approximately 25.63% and 26.37% compared to the
fixed gaine = 10000, respectively. This indicates that
the proposed method can dynamically adjust the control
gain according to the system state after topology
switching, thereby accelerating the recovery process of
the network from the topology-perturbed state to the
steady state. Therefore, the proposed adaptive gain
strategy exhibits faster recovery speed and better
network scale scalability under dynamic topology
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environments.

Experimental verification

In practical intelligent logistics and automated truck
loading scenarios, the AGV fleet scale is often relatively
large, and unexpected situations such as single-vehicle
equipment failure or battery depletion inevitably occur
during task execution. To verify the high efficiency of
the proposed K-WTA-based task allocation model under
large-scale fleets and its dynamic self-healing capability
against sudden failures, a multi-AGV cooperative
handling and task allocation experiment with n=100 was
designed. The experiment constructed a 50 X 50 two-
dimension- al grid-based storage area. The initial
positions, current battery levels, and working statuses
(Idle/Busy) of the 100 AGVs are randomly initialized
and generated by the system.

A core loading task point (represented by the red
pentagram in the figure) is set in the center of the
environment. The system sets the optimal number of
AGVs required for a single cooperative handling task to
k = 5. The system noise is a constant value of 8 = 2,
the maximum driving speed of the AGVs is set to
Umax and the acceleration range during operation is
strictly limited between [-1.5, 1.0] m/s. In the TACMC-
adaptation layer:
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Ty = exp(=0.05][v;(t) — vo (D)) (29)
Where T € (0,1].The closer the distance, the closer T is
to 1.

Ei(t)

Emax

T, (30)

The more sufficient the battery level, the largerT,,
indicating a stronger capability to continuously execute
tasks.

T _{1, Idle
370, Busy

€2y
Figures 13 (a) and (b) show that the system uses a single
distance-based metric, i.e.,r; = —||v;(t) — v (t)|| , to
select MR9, MR16, MR41, MR70, and MR100 as
winning AGVs. Figures 13 (¢) and (d) show that the

system uses two metrics - distance and battery level -

1 0 0]1[0.8 0 O01[T1
ier;=(0 1 0]l 0 0.2 O0f|T|, to select MR9,
0 0 ollo 0 11173

MR10, MR29, MR43, and MR51 as winning AGVs.
Figures 13 (e) and (f) show that the system uses three
indicators - distance, battery level, and workload status -

1 0 0][0.8 0 01[T%
ite,; =[0 1 0|0 0.2 0]]|T:],toselect MR76,
0 0 1lLlo 0 111T;

MR79, MR62, MR48, and MR39.
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Figure 13. Multi-state heterogeneous AGV experimental diagrams.

Conclusion

To address the task allocation problem in multi-AGV
automated truck loading systems under dynamic
communication environments, this paper proposes a
robust adaptive distributed K-WTA task allocation
method under time-varying topologies. The method
integrates heterogeneous features to represent task
information and utilizes time-varying topologies to
enhance node collaboration.

A power-arctan activation function and an adaptive gain
strategy are adopted to dynamically adjust the network
response. Simulation results confirm that the method
possesses certain anti-noise capabilities, and its recovery
speed after topology switching outperforms that of fixed-
gain schemes.

Parameter analysis provides a basis for parameter tuning,
and the truck-loading scenario simulation verifies the
effectiveness of task allocation, offering a viable scheme
for distributed task allocation of multiple AGVs under
dynamic communication. Future work will consider
realistic factors such as communication delays and
packet loss and will conduct large-scale cluster
simulations and AGV physical experiments to examine

the engineering application effectiveness of the method.
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  F ( x ) = sgn ( x ) ⋅ | x  |  𝜏    


  𝜏 > 1


  0 < 𝜏 < 1


   {    𝜀   y . = − y ( t ) + F  (  1  𝛼 ( A W T ( t ) − 𝜆 ( t ) ) )   𝜀   z . = −  1  𝛼 L (   G  𝜎 ( t ) ) 𝜆 ( t )   𝜀   𝜆 . =  1  𝛼  (     y ( t ) −   k  N [ 1 , … , 1  ]  T    − L (   G  𝜎 ( t ) ) z ( t ) − L (   G  𝜎 ( t ) ) 𝜆 ( t ) )


  𝜃 = 5 ,   𝛾 = 4 ,   𝜏 = 5


  𝜃 = 5 ,   𝛾 = 4 ,   𝜏 = 5


  𝜃 ∈ ( 3 ,   6 ) ,   𝛾 = 8 ,   𝜏 = 5


  e ( t ) =  |   ∑  i = 1  n    x  i ( t ) − K | = ‖  1  T y ( t ) − K ‖


  𝜀 ( t )


  𝜀 ( t ) =   𝜀  ( 1 −   e  −  1 2 e ( t  ) 2 ) m i n m a x  m i n


    𝜀  m a x


    𝜀  m i n


      T  r ¯


  𝜀 = 10000


  k = 5


  𝜃 = 2


    v  m a x


    T 1 =   e x p ⁡   ( − 0 . 05  ‖   v  i ( t ) −   v 0 ( t ) ‖ )


  T ∈ ( 0 , 1 ]


      T 1  


    T 2 =     E  i ( t )    E  max


    T 2


    T 3 =  {    1 ,  I d l e   0 ,  B u s y


    r  i = −  ‖   v  i ( t ) −   v 0 ( t ) ‖


    r  i =  [    1  0  0   0  1  0   0  0  0 ]  [    0 . 8  0  0   0  0 . 2  0   0  0  1 ]  [      T 1     T 2     T 3 ]


    r  i =  [    1  0  0   0  1  0   0  0  1 ]  [    0 . 8  0  0   0  0 . 2  0   0  0  1 ]  [      T 1     T 2     T 3 ]

