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Brain Medical Image Segmentation Algorithm Based on PPSO and DBSCAN

ZHU Yanjiang, XU Zhihan, ZHAO Ruxin
(College of Information Engineering, Yangzhou University, Yangzhou 225127, China)

Abstract: Medical brain imaging plays an increasingly important role in the differential diagnosis, disease monitoring, surgical planning,
and treatment evaluation of neurological diseases. To enhance the accuracy of brain image segmentation, this study proposes a novel DBSCAN-
PPSO hybrid clustering algorithm. The algorithm innovatively introduces a tolerance parameter ¢ for the intelligent initialization of the key pa-
rameters minPts and epsilon of the algorithm. It employs the Otsu criterion as the fitness function and combines it with the Parallel Particle
Swarm Optimization (PPSO) algorithm to iteratively optimize the key parameters of the DBSCAN (Density—Based Spatial Clustering of Appli-
cations with Noise) algorithm. Moreover, the algorithm integrates spatial information and pixel intensity information in the distance function to
better distinguish between different pixel points. The DBSCAN-PPSO algorithm was applied to the Harvard Whole Brain Atlas dataset and
compared with four other algorithms, using the Normalized Root Mean Square Error (NRMSE) , Peak Signal-to—Noise Ratio (PSNR) , and
Structural Similarity Index (SSIM) as standard segmentation quality metrics. The comparison showed that the DBSCAN-PPSO algorithm per-
formed outstandingly: NRMSE was reduced by an average of approximately 22.6%, PSNR was improved by an average of about 10.4%, and
SSIM was enhanced by an average of approximately 12.3%. The experimental results indicate that the DBSCAN-PPSO algorithm offers higher
accuracy and flexibility in brain image segmentation. Particularly, by adjusting the tolerance parameter ¢, the algorithm can flexibly adjust the
segmentation quality without specifying the number of clusters, demonstrating significant advantages in applicability and flexibility.
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Fig.1 Illustration of the concept of DBSCAN
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Table 1 Experimental parameter setting

®1 XBSHRE

MTS-WOA2! a=[0, 2], b=1, 1=[-1, 1], population_size=10, threshold_number=2,3
WKFCM!? M=2, cluster_number=3,4
KM-FA!'?) alpha=0.5, belta=0.2, gama=1, population_size=10, iterations_times=10, cluster_number=3,4

Hybrid FCM-PSO!?!
DBSCAN-PPSO

v_max=20, c1=2, ¢2=2, population_size=5, max_iterations=100, cluster_number=3,4

t=1,3,5,7,9, b=7,11,15,19,23, v_max=0.15, cl=1, ¢2=1, population_size=10, max_iterations=100

(DMTS-WOA. Aziz %558 T Wil R L 7E
2 9% B H AR 43 ) e i L 43 S R e O Ak Bk
(Whale Optimization Algorithm, WOA) A1 gk ¥ J A AL B
1 (Moth-Flame Optimization, MFO) . ¥ 2 9 8 {H K% 4>
FUL S5 b X PR IE R T SCA G HAl LR RF AR L. 48
BIRTE 5 B ECR- I, MFO B R BLE T WOA, R 7E IR %
SIPRZI S T R . Tk B o 5 00
ot UG o3 F it 22851, iy WOA (9 R B At 5
PRI, T3 WOA 5 22 B 73 B4 & 5k A D x e gk

(2)WKFCM. Ren 55 F 58 7 — i B () 4504 5 25
H P WKFCM (Weighted Fuzzy Kernel Clustering) M H: 7 fiii
P PR 43 0 eb g LT L 25 1k RR A8 A Ak B KR A A
P XK MRS A 73 Fr , A A 5302 1 20 308K
Ho WKFCM VA7 i 21 21 0 W 43 0 vh B O 5 vk
AE , ELX R 7S BEAS 3 R A i3 8OR .

(3)KM-FA. Hrosik 55" ">/ Hy —Fh4h £ 2 J U
K—Means 58 & 53125 (4 i 7 440 20 1 5 12, T o Bk 4
JRHE R AR UR BT 0o 1, XS A6 B0 s 48 ] K-Means 2
S AT R R A, 4 1 H R R 1

(4)Hybrid FCM-PSO. Verma %) ¥ FCM & 1 75 #5
BRI RS PSO S IE I 2 R RBE IS &, LI
Fh IR, DI e T FCM 553 76 Ab LA 2% () 151 (=
ARG ) I 5y B A Ry 8 e /IMEL Y Bk i, A AR i 1 i
G o B R M RS
4.2 FMER

AR SR HIA — Ak 45 75 A% 22 (NRMSE) | W {8 1 12 L
(PSNR) 1 45 48] AH AL 45 5 & 1t (SSIM) 7 1 (51 45 1 73 51 i

%o /E\{ZIK/L\\;EEQH_F :

;‘2 > (x(irj) - (i)

NRMSE:] R (11)

S Salig)

A, x(, §) ' (i,5) 50 T2 SR PG A ) 1% 7 A
[R5 ‘B4 25 o, H NRMSE B B0 B (G B A S
PSNR = 101og,( L

m) (12)

X Lo KSR MSE B ¥y ik 22 . BAkERR
LUNNY

1 N M
MSE=W; > (wling) - «'(ir))) (13)

PSNR (1% {E AT 74 30 74 it A5 22 57, 25 S8/, PSNR
JlUFE =

SR AR IPEFE AR IR T T UG Z TR B AR LR A
PR A (] LS 7 SSIMAE Ry 1, 110 5 A4~ A 45 A8 AR AU TS
[ SSIM 45 0, BAR AT -

(2/-’401“.\» + d,)(20’m + dz)

(p2+u?+d)(o?+a*+d,)

K, FIEER EG o 15 B MG s XIME o, H o
Ms B 2% 07 o 53 R EUR o FI s B9 )5 2 0 d, Fld,
TRRE BRIE b AN o3 B T & S EBUE AT E T
A
43 SKIGIREE

AR B ERAE IR B UTR : OS24 Windows 11 23H2
64bit; CPU A 12th Gen Intel (R) Core (TM) i5-12500H 3.10

SSIM = (14)
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GHz; RAM 4 32.0 GB (23.8 GB available) 3 200 Hz; PE &
Python 3.10.12,

5 ESH

5.1 EiEMeETEM

Sk TR0 R b ) B A TR SR AR R o BT 55 B
T2 T B XT3 MR MR 0 SRR A EI A5, I
— R UG AT X LR W 6 T .

X DBSCAN-PPSO . 3: 78 3 A~ A [a] il B2 24 5 20 518
i B AT T SR VEAN ARG IE L R FIbERE . k2
B AR 7 R L R BRI A, R REFE Glioma
(fdg) PET 1 Sarcoma (4 4 I, 1% 1% i) NRMSE . PSNR Al
SSIM fg bR ¥ HE# HI 1, e 90 e A BB . 7E Glioma (tite)
SPECT ¥t 45 4£ I+, & 4k DBSCAN-PPSO fi¥] 3t 8t 48 F5 . T
KM-FA Fl WKFCM 53 AR SR PE F AL o 145 Ak
BT DBSCAN-PPSO ik 78 B5 24 EMG 4y UL 55 h A R
AR AR
52 SEEMAW

RAESE BRI E 22N  H /N,
RAERAL, S E 2R MR E 2 RGNy, Bk
SCIEE W3 3 TR .

Bt 25 50 0 1 B9 1, DBSCAN-PPSO B9 15 fir A £ 2%
UG AR A s R H I, S 80 F el T
W, 26305 NRMSE | 7}, PSNR F1 SSIM T [ , 108 B % 1 xof
MG A0 AT B2 BE J1 0855 . DR, 7 SEBR I o, BB
T B DG, T BT Ay R B A A BN A
Bl 45 v o RS B RN B 400 (9 RE 0, A 244 K e {E AT
DI TUAR TS, R b 7 #1145

UK S0 R BUE NAF 2SR 5 A EORG 22

DBSCAN- Hybrid FCM-

PPSO PSO

Glioma(fdg)
PET

Glioma(titc)
SPECT

Sarcoma

Table 2 Comparison of segmentation performance between DB-
SCAN-PPSO algorithm and comparative algorithms
%2 DBSCAN-PPSO HiE5X L H ko BIMERELL R

S ik NRMSE  PSNR  SSIM
MTS-WOA 0.3276 22.7464 09138
WKFCM 0.2429 253434 0.8347
Glioma(fdg)PET KM-FA 0.2247 26.0196 0.8254
Hybrid FCM-PSO 0.2772 242930 0.7940
DBSCAN-PPSO 02189 269793 0.908 5
MTS-WOA 0.190 0 25.1396  0.8437
WKFCM 0.146 9 27.3789 0.8366
Glioma(titc) SPECT KM-FA 0.143 1 27.6017 0.8340
Hybrid FCM-PSO 0.166 3 26.4427  0.803 1
DBSCAN-PPSO 0.158 6 269458 0.844 1
MTS-WOA 0.2709 22.0642 0.7412
WKFCM 0.2137 24.0964  0.6953
Sarcoma KM-FA 0.204 0 244938 0.6525
Hybrid FCM-PSO 0.261 6 22.5664 0.5304
DBSCAN-PPSO 0.169 3 262834 0.7651

(BB AT R 45 5 35 /INAY b (BT B T80 N AFTH FE . ARG
R EF AR v ARG . BRI B Nk 4 s .

BUNEY b A BEH R TE 2 M RIBH R EILFH
M5 FIHE AR SR, X AN RE AW BT /N (Y b (E e R S 41y
rEIT R, FEE Y b {ER N, RS A R 4
/N, AT BE S BURIZE T 1] — 3 2 KA o B 2 A4~/
R, T = A B 2200 . RS OL R, BARPEAN FR A5 T g
TN Ry WOk G R (ER = 7 N 11 A e Ui U o A |
B, b (B 8 O 75 2275 SRR VL A B B) 52 2 B . AR S
Xof S T () 52 2% BE V) 4 B, S ) S BT ) A2 2% B2 T T 4k oy
O(rec*b?) . WE ZE b H MG N, s 17 i ] S 80
EA NSy <E =
53 HELSEIE

BT B bR IO T 40 1 T A SE I AN 3R S TR .

BARSKEE IR RS R 3R R FE L E RS T

KM-FA

WKFCM

MTS-WOA

Fig. 6 Comparison of simulation results
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Fig.7 Comparison of simulation experiment results
B7 AESSKEHERILE
Table 3 Statistics of cluster numbers for various images under differ-

ent tolerance parameters ¢

R3 FEBRDESH TELXREREH ST

S =1 1=3 1=5 =7 1=9
Glioma(fdg) PET 1164 945 313 126 95
Glioma(titc)SPECT 1230 968 260 104 67
Sarcoma 1226 853 206 87 52

Table 4 Statistics of cluster numbers for various images under differ-

ent parameters b

R4 FEVETEEVERER S

KES b=7 b=11 b=15 b=19 b=23
Glioma(fdg) PET 1396 1096 560 304 158
Glioma(titc)SPECT 1476 1170 541 264 178
Sarcoma 1517 1125 508 204 180

Table 5 Impact of the new distance function on segmentation quality

RS HEHRBXNTHERENHM

i P8 g PRSI B 2 3% . DBSCAN-PPSO 5125 73 IR
WA 8 s o

Fig.8 Segmentation effect of DBSCAN-PPSO algorithm
B8 DBSCAN-PPSO H k5 2IZH
DBSCAN $ 74 i 78 SO O X G il BT 4, BE A AL
WU H RS A, DA 5 0 0 1) 5 v, O HLH B R AT
=8| 2 ININE -5 =B = Q0 Bil ik b - S B L B 2 N
KN S il A% G0 25 T BF B 1 SRS 5500 (U K—Means) ]
A JC 12 TR 43 350 1 R DX A, 1T DBSCAN B9 vk iod 7 %
JEE AT KRN B R AR R BB S R LA IR IR RS,
I R O3 B A oK
IR DBSCAN B35 HAT1E Z 00 S 4 1k L (B HAERE o JE
WO T 280 B . PPSO B 3 i kL 7 fif =5 18] vh i 7% 51
A EAE ], Bt m St i R L S8 & . k9]
M1, K DBSCAN .75 5 PPSO BIAMSS &, BEHE 7040 KA M
T F, SIS i A il S 2 2 A% 53
Glioma(fdg)PET Glioma(titc)SPECT

]
K&

Sarcoma

1% RS PR AL NRMSE PSNR SSIM
Clioma(fdg) PET Eﬁiﬁﬂﬁ%’i@i& 03290 234218 0.8231 =
L BRI 02182 270117 09090 A, - 1%
Clioma(tite)SPECT RKEWE‘F% PREL 02588 226578 0.6894 =) : ’%_
BT 28 PR AL 0.1689 263520 0.8371 v
Sarcoma WRIERIPREL 02616 224940  0.6251
AT 5 PR 0.1884 253643 0.7809 Fig.9 Comparison of image segmentation effects using initial parame-

Y HEHR PE (NRMSE FEAR) B8 i (PSNR 42757 ) , A &
530 5 G 5 TR R R B — S0k (SSIM B &) o e 25 bR
BB T DL G b 1 i S A S 2% 4 R 2 A
B T ik S P A5 v AN Ti] DX 3l 225 B2 RN 3 B AT g 25 S AROK
5 PR B0 o 25 A AR R R RN 25 (RIS, RE S TR 41 Hh %1
IR R Y 22 5 o X PP ERG 15 B 7 B B T 78 3% i
TP DX B AR 5, 2 BT I 5 R A AL 38 S 1]
1857 FME 55 B AT WY Sl AL 32, B 6% B A1 T ot s Jo it 1Y)
SrEIGER
5.4 DBSCAN-PPSO &% N7EHL &l

TEMAR B 27 ER oy Bvh  REEH Ak 8t H oy 2L,
T H R AR 22 0 W B A R R BRI SR A . BRI
DBSCAN B3 AN 75 B2 Je 48 8 IS H , (i AR A 3R

ter values and optimized parameter values
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