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Abstract

To address the complexity and uncertainty of battlefield environments, adaptive
adjustment of command and control structures has emerged as a key research
focus. This study describes the basic entities of force organization and command
and control structures, proposes a method for decision entity load measurement,
establishes optimization models for adaptive adjustment of command and con-
trol structures under two battlefield scenarios, designs an artificial bee colony
algorithm for solving these problem models, and presents the specific steps and
flow of the algorithm. Finally, case simulations are conducted, where the ad-
justment method based on the artificial bee colony algorithm achieves favorable
command and control structure adjustment effects, thereby demonstrating the
feasibility of the artificial bee colony algorithm in adaptive adjustment of com-
mand and control structures.
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Abstract: To address the complexity and uncertainty of the battlefield envi-
ronment, research on adaptive adjustment of command and control structure
has become a focal point. This paper describes the basic entities and command
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and control structure of force organizations, presents a method for measuring
the load of decision-making entities, and establishes optimization models for
adaptive adjustment of command and control structure under two battlefield
scenarios. An artificial bee colony algorithm is designed to solve these models,
with detailed steps and procedures provided. Finally, case simulations demon-
strate that the proposed method achieves effective command and control struc-
ture adjustment, proving the feasibility of the artificial bee colony algorithm for
adaptive adjustment of command and control structures.

Key Words: command and control organization; organizational structure;
adaptive adjustment; artificial bee colony algorithm

0 Introduction

A force organization is an operational whole, with various combat units within
the organization closely connected around specific operational objectives. On
future complex and dynamic informationized battlefields, organizations face in-
creasingly intense and complicated environmental changes. During mission ex-
ecution, action plans may change, and unexpected situations such as decision-
making entity failures and platform damage may occur. Force organizations
must possess adaptive adjustment capabilities to cope with evolving battlefield
situations and gain battlefield control over adversaries to achieve established
operational objectives.

The core of a force organization is its command and control structure. To
enable this structure to respond to dynamic battlefield environments, it must be
capable of adaptive adjustment. Current research has achieved certain results in
this area, but two limitations require further investigation: (a) when evaluating
the performance of the current organizational structure, the impact of past
organizational states on the current structure is often not considered; and (b)
research on the replacement of damaged decision-making entities is limited. To
address these issues, this paper presents a performance measurement method
for command and control structures, establishes adaptive adjustment models
under two battlefield scenarios, and uses an artificial bee colony algorithm to
find optimal solutions.

1.1 Entities in Force Organization
The entities within an organization primarily include task entities (T), platform
entities (P), and decision-making entities (DM).

a) Task Entities: Also called combat tasks or simply tasks, these are neces-
sary military actions taken by force organizations to achieve established oper-
ational objectives. In a typical task-platform relationship, completing a single
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task requires deploying one or more platforms. The set of task entities in an
organization is denoted as {T},75,...,Ty,_}, where Ny is the number of task
entities.

b) Platform Entities: Also called platform resources or simply platforms,
these carry combat resources within the organization and are the basic units
that directly execute and complete combat tasks, such as fighter aircraft for-
mations or infantry companies. The set of platform entities is denoted as
{P1, Py, ..., Py}, where Np is the number of platform entities.

c) Decision-Making Entities: Also called decision units, these are responsi-
ble for implementing command and control activities within the organization.
Based on their responsibilities, decision-making entities can be divided into
operational decision-makers (ODM) and tactical decision-makers (TDM). The
operational decision-maker exercises centralized control at the global level of
the entire force organization, while tactical decision-makers control platform en-
tities to execute specific combat tasks. There is typically only one operational
decision-maker in an organization, but multiple tactical decision-makers exist.
The set of tactical decision-makers is denoted as {T' DM;, TDM,, ..., TDMND},
where N, is the total number of tactical decision-makers.

1.2 Force Organization Structure

The structure of a force organization can be divided into three layers: the
decision layer, task layer, and platform layer. These layers are closely intercon-
nected, collectively forming the organizational structure, as shown in [Figure 1:
see original paper].

In this structure, relationships between entities include command relationships,
collaboration relationships, allocation relationships, execution relationships, and
temporal relationships. Command relationships refer to the command and con-
trol relationships between the operational decision-maker and tactical decision-
makers, as well as between tactical decision-makers and platform entities. Col-
laboration relationships refer to communication and cooperation among tactical
decision-makers. Allocation relationships refer to the demand relationships be-
tween task entities and required platform entities. Execution relationships refer
to the relationships where tactical decision-makers execute task entities. Tem-
poral relationships refer to the sequential order of task execution.

1.3 Performance Measurement of Force Organization

During combat operations, different command and control structures executing
the same action plan result in varying workloads for tactical decision-makers.
This occurs because mismatched structures create significant disparities in task

chinarxiv.org/items/chinaxiv-201805.00389 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00389

ChinaRxiv [$X]

assignments among tactical decision-makers, increasing organizational commu-
nication and collaboration and consequently raising their workload. Therefore,
the performance of a command and control structure can be measured based
on the load levels of tactical decision-makers within it.

The load of a tactical decision-maker is typically divided into local load and
global load. Local load, also called task load, is the workload incurred by
a tactical decision-maker when commanding and controlling platform entities
during task execution while collaborating locally with other tactical decision-
makers.

For tactical decision-maker T'DM, executing a task, let Sg’TD M be the set of

platform entities it commands and controls, and SZED M=TDM he the set of other
tactical decision-makers it collaborates with. The load of T'DM; on task T is
defined as:

W%"DM = we - |SZJ;7TDM| + Wre - |S;1;DM7TDM|

where we is the command load coefficient and wp is the collaboration load
coeflicient. The total load on T"DM, throughout the entire operation period is:

WIPM = S (WEPM 4 WIPM (1))
T,eTS,
where WIPM(t) represents the load accumulated before time ¢.

The root mean square (RMS) of all tactical decision-maker loads can be calcu-
lated as:

N
1 R -
RMS = \| — Y _(WIPM —1¥)2
ND i=1

where W is the mean load across all tactical decision-makers. A smaller RMS
indicates that the mean and variance of task loads remain at lower levels, rep-
resenting a more rational organizational design. Therefore, RMS is selected as
the performance metric for command and control structures.

2 Problem Description and Modeling

In battlefield environments filled with uncertainty, two primary situations signif-
icantly impact command and control structure performance: changes in action
plans and damage to tactical decision-making entities. This paper investigates
adaptive adjustment of command and control structures based on these two
scenarios.
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2.1.1 Problem Description: Action Plan Changes

During combat operations, force organizations face uncertainties such as task
additions and platform damage, causing established action plans to change.
When action plans change, the original relationships between tactical decision-
makers and platform/task entities can no longer address the new battlefield
situation. Adaptive adjustment of the pre-change command and control struc-
ture is required to ensure optimal organizational performance under the new
action plan.

2.1.2 Model Establishment: Action Plan Changes

After an action plan changes, adjusting the command and control structure
can improve organizational performance. However, structural changes adversely
affect organizational stability, representing an adjustment cost that must not
exceed the organization’s maximum tolerable limit.

The adjustment cost is evaluated based on platform control transfer—when a
platform entity originally commanded by T'DM,; is transferred to TDM; after
adjustment. Let M<T1]>D v—p Tepresent the pre-adjustment command relationship

matrix and M(TQ,%)M,p represent the post-adjustment matrix. The number of
platforms whose control rights are transferred is:

Np Np

Trans = Z Z |m§;> — m§3)|

i=1 j=1

The adaptive adjustment model for command and control structure under action
plan changes is:

min RMS

s.t. Trans<o
Np
> my=1, j=1,2,.,Np
i=1

where o represents the maximum number of platform control transfers the orga-
nization can tolerate. The first constraint limits adjustment cost, while the sec-
ond ensures each platform is controlled by exactly one tactical decision-maker.

2.2.1 Problem Description: Decision Entity Failure

Tactical decision-making entities are primary targets in combat. When a tactical
decision-maker is destroyed and becomes ineffective, the platforms and tasks
it commanded should be taken over by other tactical decision-makers. While
entity failure degrades command and control performance, adaptive adjustment
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through appropriate replacement selection can improve the damaged structure’s
performance.

2.2.2 Model Establishment: Decision Entity Failure

Assume there are N normal tactical decision-makers before adjustment, with

command relationships represented by matrix M(T% v_p- After TDM, fails,
the number of tactical decision-makers becomes N — 1, and the post-failure

relationships are represented by MQ(%pr. Let Sp be the set of platforms
originally controlled by the failed entity, with |Sz| = Ng, and let S be the set
of platforms controlled by effective decision-makers.

The adaptive adjustment model after tactical decision-maker failure is:

min RMS
Np—1
s.t. Z m;; =1, j€Sk
=1
Np—1
Y my=1, jeSg
i=1
Trans <e¢

where ¢ is the maximum tolerable number of platform control transfers. The
first two constraints ensure each platform is controlled by exactly one tactical
decision-maker, while the third limits adjustment cost.

3 Artificial Bee Colony Algorithm

The mathematical models for both scenarios are essentially combinatorial op-
timization problems that can be solved using intelligent algorithms. In 2005,
Professor Karaboga from Erciyes University in Turkey proposed the Artificial
Bee Colony (ABC) algorithm based on honey bee foraging behavior, which has
demonstrated good performance in combinatorial optimization and path plan-
ning problems. Therefore, this paper employs the ABC algorithm to solve the
proposed models.

3.1.1 Initialization

The optimization objective is to find the tactical decision-maker-platform rela-
tionship matrix My py,_p that minimizes the RMS of tactical decision-maker
task loads. The matrix has dimensions D x P, where D and P represent the
available numbers of tactical decision-makers and platform entities after encoun-
tering unexpected situations. An element (i,7) = 1 indicates that platform P;
is commanded by tactical decision-maker T'DM;.
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Considering the constraint that each platform can be controlled by only one tac-
tical decision-maker, and each tactical decision-maker must control at least one
platform, we generate all feasible relationship matrices M = {M,, M,, ..., My}
where each matrix differs from the original by exactly one platform control
transfer. These N matrices serve as the initial solutions for the algorithm.

3.1.3 Search Process

The ABC algorithm incorporates both global and local search in each iteration.
Global search identifies promising solutions for local refinement, where local
search corresponds to neighborhood search.

In each iteration, the N solutions are sorted by RMS value in ascending order.
The top N /2 solutions are selected for neighborhood search. In this algorithm,
the neighborhood of a solution consists of all matrices where exactly one plat-
form’s control right is transferred compared to the current matrix, while still
satisfying constraints. Using a greedy criterion, the RMS values of all neigh-
boring solutions are calculated, and the one with minimum RMS is selected as
the new solution. If this new solution outperforms the original, it replaces the
original solution. The number of transferred platform controls is then checked
against the organization’s capacity limit; if exceeded, the original solution is
retained.

After updating solution set M, the fitness of each solution is calculated using
Equation (10), and the selection probability for observer bees is computed using
Equation (11). Based on these probabilities, N /4 solutions are randomly se-
lected via roulette wheel selection for neighborhood search, after which solution
set M is updated again. This completes one iteration. The process continues
until reaching the maximum iteration count maxzCycle, at which point the ma-
trix with minimum RMS in M is output as the optimal command and control
structure adjustment.

3.2 Basic Steps of the Artificial Bee Colony Algorithm
The fundamental steps of the ABC algorithm are as follows:

a) Initialize the bee population: Set population parameters including
total bees IV, iteration counter iter = 1, maximum iterations maxCycle,
and maximum search limit Limit. Generate N feasible TDM — P binary
matrices as initial solutions.

b) Calculate fitness: Compute the RMS value for each individual. Based
on fitness values, classify the top N /2 individuals as employed bees and
the rest as observer bees. Initialize the trial counter ¢rial(i) = 1 for each
solution.

¢) Employed bee phase: Perform neighborhood search on the better N /2
solutions. If a new solution from neighborhood search is superior, replace
the current solution; otherwise, update trial(i) = trial(i) + 1.
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d) Observer bee phase: Calculate selection probability vector P and use
roulette wheel selection to choose N /4 observer bees for neighborhood
search.

e) Scout bee phase: Check if any trial(i) > Limit. If so, abandon that
solution, randomly generate a new one in the solution space, and reset
trial(i) = 1.

f) Update iteration: Increment iter = iter + 1.

g) Termination check: If iter > maxCycle, proceed to output; otherwise,
return to step b).

h) Output: The global optimal solution is the required TDM — P relation-
ship matrix.

The algorithm flowchart is shown in [Figure 2: see original paper].

4 Adaptive Adjustment Process of Command and Control
Structure

The previous sections addressed model construction and algorithmic solution for
adaptive adjustment problems. The overall adjustment process is illustrated in
[Figure 3: see original paper]. During task execution, when unexpected events
occur, the event type is first identified. Corresponding adjustment models are
established based on the event type, and the ABC algorithm is applied to obtain
the adjusted task plan.

5.1 Simulation Case

A joint operations scenario from literature [17] is used to validate the ABC algo-
rithm’s performance in force organizational structure adjustment. Simulations
were conducted on Windows 7 using MATLAB 2014a. The initial task-platform
allocation relationships and tactical decision-maker-platform allocation relation-
ships are shown in and .

Key parameters were set as follows: command load coefficient wo = 1, col-
laboration load coefficient wp~ = 2, and maximum allowable platform control
transfers = 10.
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5.2 Simulation Experiments
1) Action Plan Changes

Factors causing action plan changes include task completion, task cancellation,
task addition, platform addition, and platform damage—these occur randomly.
After the action plan changes, the ABC algorithm solves the first optimization
problem.

In 20 experimental runs, one instance randomly involved platform entities P,
and P; being damaged. The pre-adjustment T"DM — P relationship matrix is
shown in . After ABC algorithm adjustment, the post-adjustment relationship is
shown in , where platform P;’s control was transferred to 7' DM;. Performance
metrics are presented in .

The greedy search algorithm (GSA) can also solve this problem effectively [18].
Comparative results between GSA and ABC algorithms are shown in [Figure
4: see original paper| and [Figure 5: see original paper|. The performance
comparison demonstrates that ABC algorithm adjustment reduces RMS values
and improves organizational structure performance after action plan changes,
with significantly higher efficiency—ABC’s runtime is approximately one-third
of GSA’s.

2) Decision Entity Failure

Scenario 2 is more complex, incorporating tactical decision-maker failure based
on Scenario 1. The failed decision-maker is selected randomly. In one simulation
where T'DM, failed after platform addition, the pre-failure relationship is shown
in , the immediate post-failure relationship in , and the adjusted relationship
after TDM,’s platforms were redistributed to DM, and T DM, in .

Twenty simulation runs for Scenario 2 were conducted, with comparative results
against GSA shown in . As illustrated in [Figure 6: see original paper] and [Fig-
ure 7: see original paper], the ABC algorithm effectively reduces RMS values
even in this more complex scenario, significantly improving damaged organiza-
tional performance.

5.3 Parameter Analysis

In the above experiments, the collaboration load coefficient w; - and command
load coefficient wy were set to 2 and 1 respectively (ratio = 2). The impact
of varying this ratio from 0.25 to 3 on algorithm performance was analyzed for
both scenarios.

As shown in [Figure 8: see original paper| and [Figure 9: see original paper],
RMS values increase significantly as the collaboration load coefficient grows,
with larger differences between pre- and post-adjustment RMS. This occurs
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because the higher collaboration weight makes RMS reduction more sensitive
to decreases in inter-decision-maker collaboration achieved through adjustment.

5.4 Simulation Analysis

Simulation results demonstrate that both ABC and GSA algorithms can reduce
tactical decision-maker load RMS values. In Scenario 1, GSA performs slightly
better in terms of RMS reduction, but ABC is far more computationally effi-
cient. In the more complex Scenario 2, both algorithms show similar runtime,
with ABC generally faster and more effective at reducing RMS and improving
command and control structure performance.

6 Conclusion

This paper investigated adaptive adjustment of force organization command
and control structures. An adaptive adjustment method based on the artificial
bee colony algorithm was proposed and validated through simulations under
two scenarios, with comparisons to the greedy algorithm demonstrating its ef-
fectiveness. The results confirm the feasibility and efficiency of applying the
artificial bee colony algorithm to adaptive adjustment of command and control
structures.
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