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Abstract: As an emerging metaheuristic optimization algorithm, the Crow Search Algorithm (CSA) has received widespread
academic attention for its intuitive model and concise parameter settings. However, its inherent limitations, including the
tendency to fall into local optima and insufficient convergence accuracy in solving complex optimization problems, have severely
restricted its popularization and application in practical engineering scenarios. Aiming at the above shortcomings of the basic
CSA, this thesis conducts in-depth and systematic research, proposes two targeted improved algorithms, and systematically
verifies their theoretical performance and engineering application value.To address the performance bottleneck of the basic CSA,
this thesis proposes an Adaptive Crow Search Algorithm (ACSA) based on population diversity. By constructing an adaptive
framework with population diversity as the feedback signal, the algorithm achieves three core improvements. First, a dynamic
dual-mode guidance mechanism is designed to intelligently switch between global exploration and local exploitation strategies
according to the population diversity index. Second, the Sigmoid function is introduced to realize adaptive adjustment of flight
length, enabling the parameter settings to match the real-time search state of the algorithm. Third, the golden sine strategy is
adopted to optimize the individual position update rule, which is combined with a reflection boundary handling mechanism to
enhance the iterative stability of the algorithm.

Keywords: Crow Search Algorithm; Adaptive Optimization; Population Diversity.

exhibited by crow populations in nature. Researchers have

1. Introduction observed that when crows face larger food resources, they

The core task of optimization theory and algorithms is to often display highly cooperative and strategic behaviors.
find the best solution from among many feasible options Slnce they cannot carry all the fooq at once, crows will filVlde
under specific constraints. With the continuous improvement itand transfgr it to concealed locations as much as posmble to
in decision-making efficiency and quality requirements reduce th? r1.sk of theft by other Crows. In 'addmon, Crows
across various fields of modern society (such as industrial possess significant memory and anti-surveillance abilities:
design, resource allocation, urban planning, etc.), they hlde. th.elr. own food wh11§ closeliy observing the behngr
optimization technology has become a key support for of other individuals and tracking their food storage locatlops;
promoting technological progress and industrial upgrading. once they detect being followed, they adopt deception
At the same time, the leap in computing power has made it strategies, such as flying to random locations, to protect their
possible to solve complex optimization problems that were actual fOQd storage points. . o )
previously difficult to handle. ~CSA is a metaheuristic optimization algorithm  that

However, with the rapid increase in the complexity of 51mu.1ates the 1nte111g§nt §001§11 b.ehav1ors of crows storing and
scientific and engineering problems (manifested as high stealing fooq. Its design inspiration comes from the high leyel
dimensionality, nonlinearity, multimodality, etc.), many of cooperation anq strategy displayed b}’ Crows during
practical problems have been proven to belong to NP-hard foraging. The allgor.lthm is based on four basic .prlnc1p.les:
problems. Traditional exact methods based on gradients or (1) Crows live in groups and interact socially with one
convex optimization often face the dilemma of excessively another; . .
high computational costs or inapplicability. Against this (2) Crows can remember the locations of their own stored
backdrop, metaheuristic algorithms, as an important  food and retrieve it accordingly; . '
component of soft computing, have been widely favored 3) Crows track other individuals to discover their food
because they do not rely on the strict mathematical properties storage points; ' '
of problems and are adept at finding satisfactory solutions for (4) Crows have a certain level of precaution and adopt
complex problems within an acceptable time frame. The  Strategies to protect their food from being stolen. .
appeal of metaheuristic algorithms also comes from their In .algor1thm1c modelll}g, ea}ch crow represents a potential
unique advantages: their frameworks are relatively simple solution to a problem, its flight space corresponds to the
and easy to implement, the embedded randomness problem's solution space, and the food caching locations
mechanism helps to escape local optimal traps, and they rc?membered ]?y the crow correspond  to the. currently
naturally accommodate whether the objective function is discovered optimal solutions. Suppose the population X has a
continuous or differentiable. size of N, and the position of crow i at the t-th iteration is

represented by the vector xti, whose mathematical expression
2. Crow Search A]gorithm (CS A) is given by equation (1), where Tmax represents the

maximum number of iterations.
The Crow Search Algorithm (CSA) is a swarm intelligence

optimization algorithm inspired by the intelligent behaviors
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In algorithmic modeling, each crow represents a potential
solution to a problem, with its position xti corresponding to a
point in the solution space, and its stored food location mti
corresponding to the currently discovered historical optimum.
The population simulates crows' "tracking-countertracking"
behavior through iterative updates. Its core location update
strategy is divided into two scenarios based on the watchful
AP of the stalked crow:

When the tracked crow is undetected (i.e., j>AP), the
tracker crow 1 moves toward the food hiding position mtj of
the tracked crow J. The position update formula is shown in
equation (2), where fl is the flight step of the crow, controlling
the search step; ri is a random number.

xitt=xf 41 fle (mi-xf) (2)

When the tracked crow detects being followed (i.e., j<AP),
the tracked crow will fly to a random location to confuse the
follower, and at this time the position of crow i is also updated
to a random location. This mechanism aims to increase
population diversity. The mathematical unified expression of
the two position update strategies is shown in formula (3):

X+ = {xf +1 fl-(mf—xf) 1, = AP (3)
random otherwise

After each position update, crow i evaluates the fitness of
the new position and updates the best position mti in its
memory, as shown in equation (4):

) < fm) W
m! otherwise

Although the CSA principle is intuitive and its parameters
are simple, its core mechanism has inherent defects. Its
position update strategy lacks strong directionality, and fixed
parameter settings are difficult to adapt to different stages of
the search process, which directly leads to slow convergence
and insufficient solution accuracy when dealing with complex
problems.

mitl =

3. Improved Crow Search Algorithm
(ACSA)

3.1. ACSA Algorithm Framework

The ACSA algorithm continuously monitors the population
diversity index dv, using this state variable that reflects the
search process as a unified feedback signal, which is applied
to guide individual selection and the adjustment of key
parameters, thereby forming a dynamic cycle of perception,
decision-making, and execution. This framework not only
enhances the algorithm’s adaptability to different problem
characteristics but also improves its ability to escape local
optima and conduct fine-grained searches.

3.1.1. Diversity-based adaptive guidance individual
selection strategy

In the classic CSA algorithm, when crow j does not notice
being followed by crow i, crow i updates its position by
randomly selecting another crow j to follow. Although this
mechanism can prevent the population from converging
prematurely in a single direction and helps maintain
population diversity, its randomized guidance pattern also
causes the population's search direction to diverge and makes
it difficult to focus, thereby hindering effective fine search in
later stages and limiting the algorithm's convergence speed
and solution accuracy. This study constructs multiple guiding
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individuals and proposes an adaptive selection strategy for
guiding individuals based on the dynamic changes of
population diversity during the evolutionary process.

To quantify population diversity, this paper uses Euclidean
distance to measure differences between individuals and
defines the diversity index as the ratio of the current
generation's difference to that of the initial generation. Its
calculation formula is shown in equation (5).

dt
dv = E (5)

dt

N

1 t

= =)l ©

i=1
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Here, dt represents the degree of difference in the
population at generation t, dO represents the degree of
difference in the initial population, xtbest represents the
optimal position of the population at generation t, and N
represents the population size.

The position update mechanism of CSA is essentially a
process of mutual learning among individuals. However, its
single learning mode can easily lead to a rapid loss of
population diversity, increasing the risk of the algorithm
falling into local optima. To overcome this limitation, an
adaptive guidance strategy based on dynamic perception of
population diversity is proposed. This strategy adaptively
switches between two population guidance modes by
monitoring the level of population diversity in real time, in
order to achieve an effective balance between exploration and
exploitation capabilities. The specific process is as follows:

Excellent Group Model: Select food sources with fitness
better than a certain threshold from the collected food sources
to form an excellent group, and calculate their average
position, as shown in Equation (7). In the early stages of
evolution, the population diversity is relatively high. Using
the average of the excellent group as guidance at this point
can both prevent individuals from searching blindly and
effectively delay the premature decay of diversity, which
aligns with the algorithm's requirement to focus on broad
exploration in the early stage. Here, a certain threshold is used
to choose between the excellent group model and the random
group model. Additionally, generating new search directions
by averaging increases particle diversity and avoids the
problem in PSO where particles merely follow a single global
optimum (gbest), which makes them prone to getting trapped
in local optima.

|Sp|
N = 127 . 100 )
group = m m;
P
Random group mode involves randomly selecting

individuals to form a random group and calculating their
average position, as shown in formula (8). When population
diversity drops to a low level, using the random group
guidance helps introduce perturbations, enhance population
diversity, and thus assist the algorithm in escaping local
optima. At the same time, this mode, by integrating global
information, can guide the population to regroup in
potentially high-quality regions.
|q]
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In summary, the proposed strategy establishes a dynamic
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synergy mechanism between population diversity and
guidance patterns. Population diversity, as an indicator during
the search phase, is used to adaptively select the appropriate
guidance method; different guidance patterns, in turn,
regulate population diversity, forming a positive feedback
loop: early in the evolution, the focus is on expanding the
search range to enhance exploration; in the later stages of
evolution, the focus shifts to improving convergence accuracy
to optimize exploitation. This mechanism helps achieve a
dynamic balance between global exploration and local
exploitation, but its robustness in complex scenarios needs
further validation. The unified expression for selecting
guidance positions is shown in equation (9):
ISy
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3.1.2. Adaptive Parameter Adjustment Strategy

The classic CSA uses a fixed flight length (f1) to control the
search step size, without considering the dynamic needs of the
search strategy during the iterative process. In the early stages
of iteration, a too-small fl can limit global exploration
capability, leading to local convergence caused by the decay
of population diversity; while in the later stages of iteration, a
too-large fl can cause the population to oscillate near the
optimal solution, making fine-tuning difficult. To overcome
the limitations of a fixed flight length, a dynamic feedback
control system is established. The flight length fl changes
from a static parameter to a dynamic parameter, whose value
is adjusted according to the population state feedback. The
fundamental motivation is that the algorithm's search
behavior (controlled by fl) should respond to the results of the
search (changes in population diversity). This is a state-
feedback-based adaptive mapping control. When the
population converges prematurely (possibly getting trapped
in a local optimum), the strategy automatically increases the
step size, applying a "disturbance" to force the algorithm to
escape; when the population is effectively exploiting high-
quality regions, the strategy reduces the step size to promote
"convergence." This mechanism allows the algorithm to
dynamically respond to the characteristics of different
problems, providing stronger generality and robustness. The
core advantage of this feedback mechanism is that it shifts the
selection of the search strategy from pre-set to real-time
decisions based on the actual optimization process, enabling
the algorithm to adaptively balance exploration and
exploitation, thereby significantly enhancing its capability to
tackle complex optimization problems.

In summary, this study abandons the pre-set fixed variation
pattern and instead constructs a real-time feedback-based
adaptive mechanism. The core of this mechanism is the
establishment of a dynamic "perception-decision" cycle: first,
precisely perceive the current search state of the population;
then, through a carefully designed mapping function,
intelligently convert this state information into a specific
search step size. This aims to transform fl from a static
parameter that needs to be preset into a dynamic response
variable driven by the algorithm's real-time performance,
thereby achieving truly state-feedback-based adaptive
mapping control.

Specifically, we use the Sigmoid function as the core of this
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mapping relationship, because it can provide smooth,
nonlinear transition characteristics, effectively preventing
abrupt parameter changes and enhancing the stability of the
algorithm. This adaptive adjustment formula is defined as
shown in equation (10):

ﬂmax ﬂml[l (l O)
1+ exp(k - (dy — dmia))

Among them, flmax and flmin are the upper and lower
limits of the flight length, constraining the basic range of fl; k
is the slope parameter, which controls the steepness of the
function curve; dmid is the function center point parameter.
When dv is large (high population diversity), fl is close to
flmin, and smaller step sizes are conducive to the algorithm
performing fine-grained global exploration over a wide area.
Conversely, when dv is small (low population diversity), fl is
close to flmax, and larger step sizes help the population
escape local optima. The parameter dmid can be regarded as
the critical point for the transition between exploration and
exploitation behaviors, and it is recommended to initially set
it to 50% of the initial population diversity level (such as the
average distance); the slope parameter k can be adjusted
between 1 and 10 based on the problem dimension, with
lower-dimensional or strongly perturbed problems tending
toward larger k values (more sensitive response), and higher-
dimensional or complex terrain problems tending toward
smaller k values (more stable response).

3.1.3. Guided Individual Selection Strategy Based on
Golden Sine

In the classic CSA algorithm, when crow j discovers that
crow 1 is being followed, in order to protect its food from
being stolen, it will move to a random location to mislead the
follower. However, this random reset strategy has obvious
drawbacks: first, blindly jumping in a vast solution space
provides no guarantee of the quality of the new position,
which can easily reduce search efficiency; second, in the later
stages of algorithm development, when the population has
already gathered near the global optimum, random jumps will
disrupt convergence stability; moreover, this strategy fails to
effectively utilize historical experience and global
information, resulting in insufficient use of search
information; finally, it lacks the ability to distinguish between
search stages and cannot adapt to the differentiated needs for
exploration and exploitation at different stages. Therefore, to
address the above four shortcomings, this study introduces the
golden ratio coefficient to improve the position update
behavior of individuals in the 'being discovered' scenario. In
the position update process of the Golden Sine Algorithm, the
golden ratio coefficient is introduced to narrow the space,
thereby guiding individuals to gradually approach the optimal
value. The position update formula based on the golden ratio
coefficient for individuals in the 'being discovered' scenario
is shown in Equation (11).

Xt = xp - [sin(r)| — 1,
ssin(ry) -+ sy - 2 g
— 53" x{]|

Among them, rl and r2 are random numbers, achieving
large-scale exploration through the periodic fluctuations of
the sine function; xtbest is the global optimal position of the
t-th generation of the population, ensuring the rationality of
the search direction; s1 and s2 are golden ratio coefficients.

The core advantage of this improved strategy lies in that
the generation of new positions always revolves around the
current global optimal solution. The random perturbations

fl = ﬂmin +

(11)



introduced by the sine function are directional and bounded,
avoiding completely random disturbances, and significantly
enhancing the targeting and efficiency of the search. During
the development phase, even if an individual is "discovered,"
the executed "small-scale local perturbations" can ensure that
the updated positions do not stray far from the current high-
quality region, thereby maintaining the stability of the
convergence process. Additionally, the strategy incorporates
the golden ratio, which has been proven to be the optimal
choice for efficient searching in uncertain intervals. This can
systematically guide the contraction of the search space, and
combined with the periodic characteristics of the sine function,
enables diversified exploration near the global optimum.

F4 Zakharov Function+

T 4

T 0
¥ x ¥

F7 Rastrigin’s Function+

i

F2 Bent-Cigar Function+

F3 Ackley’s-Function+

W) j

e gy H o,
1y ' = 2
i I q° LT
0 ) ety o -
5 rew 01} 0

F& Griewank s Fungticn

3.2. Simulation Experiments and Result
Analysis

3.2.1. Simulation Experimental Environment and
Benchmark Functions

The programming language used in the experiment was
Matlab (version R2021b), and it was run on a computer with
the operating system Windows 10, an Intel(R) Core (TM) i5-
7300HQ CPU with a clock speed of 2.50GHz, and 8.0GB of
memory.

In this chapter, 10 basic test functions were selected for
testing. These 10 basic test functions can be divided into
unimodal functions and multimodal functions. The detailed
information of these 10 basic test functions is shown in the
figure 1 below.
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Fig.1 Images of Basic Test Functions

3.2.2. Experimental Parameter Settings

To systematically evaluate the performance of the ACSA
algorithm, this study designed comparative experiments
covering different dimensions and test functions. GWO, PSO,
CSA, Multi-stage Disturbance Shared Crow Search
Algorithm (MISCA), Sine-Cosine Guided Crow Search
Algorithm (MCSA), and ACSA were selected to be tested on
10 basic test functions, and 30 independent experiments were
conducted at dimensions of 10, 50, and 100. By comparing
the means and standard deviations of each algorithm, the
effectiveness of the improved algorithm's performance was
verified.
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Tab.1 Parameter Settings of Different Algorithms

Algr?lmh Parameter Settings
GWO None
PSO C1=C2=1.49618, w=0.7298
AP=0.1, fI=2
CSA AP=0.1, fl=1,a; = 0.4,a, = 0.7,6, =
MISCA
04,6, = 0.001
MCSA - B
ACSA AP=0.1, fI=2
AP=0.1, flmax=2, flmin=0.5,s = 0.4,k =5

The parameters of the improved algorithm proposed in this



paper and those of the various algorithms used for
comparative experiments are shown in Table 1. At the same
time, to ensure the fairness of the experiments, the population
size N for all algorithms in this paper is set to 30, and the
maximum number of iterations Tmax is set to 1000. In
addition, to avoid the influence of the initial population

distribution on the comparison of algorithm performance, the
experiments use 30 maps with different initial population
distributions, and each algorithm runs once on each map,
totaling 30 independent runs.

3.2.3. Experimental Results and Analysis

Tab.2 Experimental Results of Comparison Between Different Algorithms

Dimensio | Function GWO PSO CSA MISCSA MCSA ACSA
n s avg std avg std avg std avg std avg std avg std
FI | 3E-17 | 8E-17 | 664725 | 159664 | 818471 | 384907 | 380107 | 403363 | @002 | 000 | e 0
F2 | 3E-U3 | IE-112 | 919813 | 384064 | 476546 | 208387 | 14387.0 | 151230 | 203 | OTOT ipase | 6159
B3| LiEe4 | 37864 | sBr08 | 2070 | oossag | HOOIS | SIEHO L gopige | OO 00052 g9 0
F4 | 1E-113 | 6E-113 | 037759 | 0.63669 | 023011 | 02405 | 0.15753 | 0.1844 | S5E-06 | 8.7E-06 | 7.9E-28 | 4.3E-27
FS | 45E-5 | 12E-15 | 45881 | 179114 | 265528 | 044275 | 216372 | 072777 | PO | OO N gops | o
10 ro | 0200 | 0710 1 aga700 | 370016 | 320225 | 282246 | 208898 | 227701 | B0 | OOTTH | gg30p | 00318
F7 0'89805 2'1258 194268 | 8.88884 | 14518 | 3.7341 | 18.5996 | 6.85958 0'0301 0'0303 0 0
g | OO 002U g6sea | 054200 | 097433 | 00929 | 076806 | 012426 | 00013 | %028 0 0
Fo | 00021 | *U | 00001 | 135256 | 002046 | 006555 | 040888 | 071854 | 02| 01549 07048 02499
P10 | 61805 [ P00 | 1126ag | 084221 | 023620 | 0.19609 | 0.69178 | 0.66733 | P00 | 0003 | 75p.97 | 4176
FI | 84E44 | 13E43 | 830046 | 2253.92 | 328488 | 725.896 | 271871 | 677.754 | *O10 | 00024 | am-168 0
57 | 13530 | 2am30 | STEF0 | T9ET0 | Lo | 840299 | 26E+0 | 816817 | 31705 | 79.689 | o o | oo oo
7 7 3 7 9 9 2
B3| s3ear | 13E20 | 2SS sEee | ismeno | PP epier | 02180 1 0189 g0 0
F4 | 92E43 | 34E-42 | 745628 | 422880 | 41362 | 140068 | 558468 | 503998 | 52605 | OO0 | 2672 | sgi3e
FS | 32E14 | 35E-15 | 135532 | 110759 | 972361 | 080274 | 943746 | 08323 | 0007 | 001 | gopg 0
» o | 7L 0T qini0a | mamis | 81778 | 402096 | 1361 | 197075 | SO 0021 gggy ) 00929
Fro | 20 O 352704 | 370060 | 324281 | 26495 | 203599 | 289533 | 00000 | 00910 0 0
F8 0'0335 0‘0268 748206 | 17.3264 | 313375 | 9.16521 | 252778 | 6.23118 0‘0;)58 0'07123 0 0
F9 0'99535 0.3481 | 343482 | 12.582 | 11441 | 3.92486 | 133244 | 73564 7.2;390 1'6210 3.8047 0'55 33
F10 0'0201 o.ogoz 331114 | 7.30562 | 19.1045 | 2.81588 | 18.7955 | 4.15453 0'0;“9 0'0{“7 1.1E-85 | 5.9E-85
FI | 16629 | 24E29 | 246874 | 546872 | 926048 | 160322 | 803644 | 141678 | *%°0 | 0004 | 3B-156 | 2E-155
F2 | 23E25 | 2.6E-25 2'4§+° 4'4?0 8'77E+0 1L4E+07 7'9$+° 1L6E+07 52'321 75346 | 4E-155 | 2E-154
F3 | 12E06 | 57E-06 | 4E+168 | 65535 | 2E+141 | 6E+141 | 6B+141 | 3E+142 | 03489 | 4P | 4216 0
FA | 21E29 | 19E29 | 106092 | 341976 | 204457 | 911759 | 285223 | 700671 | 00003 | 007 | 22145 | 19056
FS | LIE-3 | 99E-15 | 147558 | 0.66772 | 110214 | 043917 | 104945 | 050962 | “O0%* | oo | 8.9E-16 0
Fo | TR | OO ] 10180 | 750326 | 256747 | 533308 | 245790 | 780097 | P75 | OO | ggagy | 007
o 7| PN 000 esing | 474533 | g32687 | 34638 | 784ss2 | 462179 | o007 | OO0 0 0
pg | 0007 00T 935062 | 53.0366 | 829126 | 120129 | 68.4492 | 987464 | OO0 | 00146 0 0
Fo | 60303 | MW 1issss | 276462 | 308767 | 589906 | 363632 | 938369 | 22202 | 2O | 70013 | 08704
Fro | 00002 | 0007 | gio106 | 931148 | 520176 | 43200 | 495524 | 595056 | COP0 | 00T | g | 74E-81

From the overall data in the table 2, the ACSA algorithm
proposed in this paper demonstrates overwhelming
performance advantages on the vast majority of test functions.
Its optimization accuracy, convergence stability, and high-
dimensional adaptability are all significantly superior to all
comparison algorithms such as GWO, PSO, CSA, and
MISCSA, achieving a breakthrough in comprehensive
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optimization performance by orders of magnitude. In terms of
convergence accuracy, ACSA performs particularly well on
unimodal functions (F1-F4) and multimodal functions (F5, F7,
F8, F10). In full-dimensional scenarios of 10, 50, and 100
dimensions, the average accuracy of ACSA's optimization
results on functions F1, F2, F3, F5, F7, F8, and F10 far
surpasses that of other comparison algorithms by several



orders of magnitude. This fully demonstrates that through the
improved search guidance strategy and adaptive parameter
mechanism, ACSA simultaneously possesses strong local

approximation ability, enabling it to precisely lock onto the
theoretical optimal value ranges of the test functions.

fine-tuning capabilities and efficient global optimal
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Fig.2 Convergence Curves of ACSA and Other Algorithms on Different Functions

To intuitively compare the dynamic convergence
performance of various algorithms, the figure 2 above plots
the convergence curves of ACSA and five comparison
algorithms on 10 benchmark functions. A comprehensive
analysis shows that the proposed ACSA demonstrates the best
convergence characteristics in the vast majority of test cases.

First, in terms of convergence speed, the curve of ACSA
(orange) generally has the steepest decline in the early
iterations (especially noticeable for functions F4, F7, F§, etc.),
indicating that its adaptive guidance strategy can efficiently
steer the population toward promising search regions, with
global exploration efficiency significantly superior to that of
the comparison algorithms. Second, in terms of convergence
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accuracy, the ACSA curve eventually stabilizes at the lowest
fitness value plateau (clearly visible in all subplots),
confirming its powerful local exploitation capability, which
can accurately locate high-quality solutions. Notably, when
handling the complex multimodal function F10, ACSA
continues to optimize after a rapid decline, whereas
comparison algorithms such as PSO and CSA have long
become trapped in local optima and stagnated, highlighting
ACSA's advantage in balancing exploration and exploitation
capabilities.

3.3. Summary

This paper addresses the core limitations of the classic



Crow Search Algorithm (CSA) in complex optimization
scenarios, such as the imbalance between exploration and
exploitation, rigid guidance strategies, fixed parameters, and
weak boundary handling, and systematically proposes an
improved Adaptive Crow Search Algorithm (ACSA). ACSA
constructs a perception-decision-execution closed-loop
optimization framework by introducing an adaptive guided
individual selection strategy based on population diversity, a
golden sine optimization mechanism, a memory bank update
strategy, as well as dynamic parameter adjustment and
reflective boundary handling.

Experimental results indicate that ACSA significantly
outperforms comparative algorithms in terms of convergence
accuracy, speed, and stability. As shown in the table data,
ACSA can achieve solutions close to the theoretical optimum
for unimodal functions and can effectively escape local
optima for multimodal functions. The convergence curves
further reveal that ACSA possesses both rapid global
exploration and precise local exploitation capabilities; its
curve has the steepest slope, the lowest plateau, and is smooth
without oscillations. Dynamic analysis of population
diversity confirms that ACSA can intelligently switch
guidance modes according to real-time search states and
maintain slight exploration in later stages to avoid premature
convergence, demonstrating the superiority of its intrinsic
adaptive mechanism.

The innovation of ACSA is not only reflected in
performance improvement but also lies in providing a general
optimization paradigm of 'state-aware—strategy-adaptive,'
offering a methodological reference for the improvement of
swarm intelligence algorithms.
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