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Abstract: Aiming at the problems that the traditional K-Means algorithm was sensitive to initial
centroids, prone to local optima, and failing to fully mine the potential semantic features of clustering
results, we proposed a K-Means clustering algorithm based on heuristic crossover strategy
optimization. Firstly, the algorithm used a density-driven heuristic crossover initialization strategy to
screen representative parent points in high-density regions, and introduced a crossover coefficient to
dynamically generate diverse initial centroids to reduce the volatility of clustering results caused by
random initialization. Secondly, during the clustering iteration process, by combining the information
of parent points with the intra-cluster mean update rule, the centroid positions were dynamically
adjusted through crossover operations, which solved the problem of inter-cluster overlap caused by the
local optima of the traditional algorithm. Finally, the optimized clustering results were input into a
multi-layer perceptron, which utilized its nonlinear mapping ability to mine potential features and

achieved deep fusion of clustering results with deep semantic features. Experimental results show that
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the contour coefficient, Davies-Bouldin index, and adjusted Rand index of the algorithm reach 0. 634,
1.398 and 0.621, respectively, which are significantly superior to other improved algorithms,
effectively improving clustering accuracy, stability, and interpretability of the algorithm.

Keywords: heuristic crossover strategy; K-Means clustering algorithm; multi-layer perceptron;

feature fusion
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Table 1 Experimental results of different algorithms

(32)

G Sk

18 bR KM KM++ PSO-KM Mini-batch KM GA-KM FCM DEC HC-KM
SS 0.521 0.583 0.602 0.498 0.589 0.571 0.608 0.634
DBI 1. 873 1. 642 1.521 1. 942 1. 605 1.673 1. 554 1.398

ARI 0.456 0.528 0.567 0.432 0.541 0.503 0.582 0.621




5% 6 SRR, 5. FET R &I ORI K-Means B 2R 7k 1669
100 000 F+ ~ wcss 1065 100 000 [+ -~ wCss  10.65 2500 [ -~ WCSS
| ~ RIERH 1060 ! ~ RIRH 060 5250k ~ fepp g | 0-00
80 000 |6 80 000 |0 7058
\ —=0.55 4 —-10.55 2000 - H0.56
A \ A | A '
& 60000 | 1050 2 & 60000 | 10508 & 1750F 1054 9
g 045 o ~40.45 = 1500} +0.52
40 000 - ' 40 000 - ' P
4040 \ 4040 1250 - oas
20 000 - 20000 - N 1000 - ‘
ot 10.35 e -10.35 e —20.46
L PR T TR Y N T S S 7500 o4
2345678910 2345678910 2345678910
K K K
(A) KM3Tik (B) KM++51% (C) PSO-KM4¥i%
100 000 f+ ~ wecss 1065 ~ WCSS 2500 F, ~wess d0.62
,.: — R 060 2250 - el 062 2250 1 = REEARE 0 60
L -0.60
80 000 /4 lo.ss 2000 - 2000 0.58
2 | 2 1750 F 1058 2 0.56
G 60000+ | 1050 @2 &4 lossa & 1750 56 ¢
& , lo.45 B 1500 = 500 0.54
40 000 - ' 7054 052
1040 1250 J052 1250 :
N 0.50
20000 N 4035 1000 |- & 0.50 1000 ) 048
I N |.|*|.7| 150.30 7500 |;”T\-.|\;‘|_ 0.48 500 \I.”’T“-. '
2345678910 2345678910 2345678910
K K K
(D) Mini-batch KM (E) GA-KM#1 1 (F) FCM#L3;
. -~ WCSS 2200 = -~ WCSS 0.68
2200 1 -~ R 7004 2000 - = fEHE A% 0 66
2000 - 0.62
1800 - 0.60 1800 4 1064
] o B1600+ N/, ddkRIK q062
O 1600 - 058 A O %/ B(K=5) Jo6o @
= a0 2 1400 L :
0.56 40.58
1200 L 1200 » WCSS=980 :
0.54 1000 L *.88=0.680 ~0.56
1ooor " 0.52 806 -0.54
800 _\ T R R ‘-TA»T"H 0.50 I B B B ‘-J‘“-T“'T_ 0.52
2345678910 2345678910
K K
(G) DECH3% (H) HC-KMH 3

HI 1AL, HC-KM Bk SSE K 0. 634, W T I3 40 7 Fhxf lL o uk. SS EBR, RBIEN
Bl sUBCR L R > B RE M. HC-KM 5303 3 51 5 e 25 SUSR S (I Ak 40 0 i 16 %, O 45 5 3l &5
PAREPLH] (o RIS HNG 5 R B2 A7 . T AT RO T T AR 454 i) S JE M B . HC-KM |
0 DBIE S 1,398, W AR T HAl 7 Fpxy be 3wk, DBIAE BN, 156 B AR P w5 e A L A% ) AR AL
MR, HC-KM 595 76 /0 7 9 I B A0 [R] Bf 8 i 1 9 18] 22 S 1k, DATT 36k 17 RS A 2 58 S5 s A 3k B
Jey s fme 0 A0 TSR 2R AR E M T R AL . HC-KM S35 #9 ART fE35 0. 621, it i T X0 LU AR, AR fE
F i, UL R LIRS BRI — Bk M. HC-KM B3k 38 o il £ 26 B A0 A 5 5 SUBR B, B RS

B4 BEEFEEBGFARED &

Fig. 4 Elbow rule curves of clustering numbers for each algorithm
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Table 4 Effects of different hidden layer structures and learning rates on performance of HC-KM algorithm

el 78 )23 &5+ 23] SS DBI ARI BRI R A /s
[32,16] 0.01 0.548 1.725 0.502 18
[32,16] 0.001 0.572 1.653 0.536 22
[32,16] 0.000 1 0.563 1.687 0.524 26
[64.32] 0.01 0.592 1.583 0.567 28
[64,32] 0.001 0.613 1.512 0.588 35
[64,32] 0.000 1 0.598 1.547 0.574 38
[128,64] 0.01 0.621 1.432 0. 603 42
[128,64] 0. 001 0.634 1.398 0.621 45
[128,64] 0.000 1 0. 605 1. 489 0.591 49
[256,128] 0.01 0.627 1.415 0.612 68
[256,128] 0. 001 0.631 1. 402 0.618 75
[256,128] 0.000 1 0.623 1.438 0. 607 80
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