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MKL-SVM algorithm for pulmonary nodule recognition based on swarm intelligence
optimization

LI Yang, CHANG Jia-yue, WANG Yu-yang™

School of Computer Science and Engineering, Changchun University of Technology, Changchun 130012, China
X Corresponding author, E-mail: liyangyayal 979@sina.com

ABSTRACT To solve the problem that a single kernel learning support vector machine (SVM) cannot consider the learning and
generalization abilities and parameter optimization of the multiple kernel function, a multiple kernel learning support vector machine
(MKL-SVM) algorithm based on swarm intelligence optimization was proposed. First, the impact of five single kernel functions on the
classification indexes of SVM was discussed. These kernel functions include two global kernel functions — the polynomial and sigmoid
kernel functions — and three local kernel functions —the radial basis function, exponential kernel function, and Laplacian kernel
function. Next, an MKL-SVM algorithm with a convex combination of a polynomial kernel having global properties and a Laplacian
kernel having local properties was proposed. Then, to improve particle diversity to avoid falling into local optimal solutions during the
iteration, and to reduce the model’s training time, the crossover operation in the genetic algorithm was introduced into the particle swarm
optimization (PSO) algorithm. This improved swarm intelligence optimization was used to optimize the parameters of the MKL-SVM.
Finally, deep learning features based on the classical model VGG16 and handcrafted features according to doctors’ suggestions were
used as inputs for the recognition algorithm. In this algorithm, transfer learning was used to extract deep learning features and principal

component analysis was used to reduce computational complexity through dimensionality reduction. The results show that using deep
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learning features is better than handcrafted features. Therefore, this paper adopts the deep learning features as input for the MKL-SVM

algorithm and the hybrid swarm intelligent optimization algorithm of crossover genetic and the PSO algorithm as the optimization

method. To verify the generalization ability of the proposed algorithm, the public dataset LUNA16 was selected for testing. The

experimental results show that the proposed algorithm is easy to jump out of the local optimal solution, improves the learning ability and

generalization ability of the algorithm, and has a better classification performance.

KEY WORDS kernel function; support vector machine; crossover genetic; particle swarm optimization; deep learning features
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Fig.1 Global and local analyses of various kernel functions: (a) polynomial kernel; (b) sigmoid kernel; (c) Gaussian kernel; (d) exponential kernel;

(e) Laplacian kernel
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Fig.3 ROC and PR curves of various algorithms: (a) ROC curves of SVM algorithms with various kernel functions; (b) PR curves of SVM algorithms

with various kernel functions; (c) ROC curves of the MKL-SVM algorithm with various optimization algorithms; (d) PR curves of the MKL-SVM
algorithm with various optimization algorithms
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Table 1 Experimental results of various kernel functions

Algorithm

ACC_mean/%

MASEN/%

ACC_max/% MASPE/%  F,_score/% MCC/% AUC AP
Polynomial kernel + GAPSO 90.00 90.00 85.19 91.78 82.14 7530 0.9584 0.8506
Sigmoid kernel + GAPSO 89.00 89.00 77.78 93.15 81.26 7435 09482 0.7990
RBF kernel + GAPSO 90.50 91.00 88.89 91.78 82.85 76.39  0.9498 0.8022
Exponential kernel + GAPSO 90.40 91.00 92.59 90.41 83.71 77.60  0.9604 0.8470
Laplacian kernel + GAPSO 90.60 91.00 92.59 90.41 84.18 7823  0.9655 0.8464
MKL-SVM + PSO 90.80 92.00 88.89 93.15 83.68 7744 0.9609 0.8726
MKL-SVM + GA 89.50 90.00 92.59 89.04 82.50 7593 09619 0.8830
MKL-SVM + GAPSO 91.10 92.00 88.89 93.15 84.30 7829  0.9650 0.8984

K H GA. PSO il GAPSO % MKL-SVM 5k i
T80T, R GAPSO .35 1) ACC_mean
4 91.10%, T GA B35 PSO 5 ik; GAPSO H.ik
FIPSO LAY ACC_max ¥4 92.00%, =T GA Bk
29%,MASEN I T GA 51%3.7%,MASPE &1 GA 5k

4.11%. 274 LA, GAPSO Bk Ay A AT ) virf i B
1o, (A BURREE WEAIG, 3% T BE 35 N Rk ACC
S, B4 YN GRB BeAR SCRE 038 I 2k
1 & 4 0] D, AR SOOI 2 2T e AR, RERE 1T
PSR B R AR, BB 5 Tk e R R AL, 10 IR
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Table 2 Results of the proposed algorithm combined with deep learning features

Algorithm ACC_mean/% ACC max/% MASEN/% MASPE/% F, score/% MCC/% AUC AP
Handcrafted features + MKL-SVM + GAPSO 91.10 88.89 93.15 84.30 78.29  0.9650 0.8984
Deep learning features + MKL-SVM + GA 88.00 81.82 91.04 81.82 72.86  0.9038 0.8755
Deep learning features + MKL-SVM + PSO 89.80 75.76 97.01 82.57 76.81 0.9484 0.9038
Deep learning features + MKL-SVM + GAPSO 91.50 81.82 100 8581  80.69 0.9588 0.9043
(Proposed work)
12 2 AT, SRR BERFIEAE AR SCR 2 1A A 0.90
i #e, ACC_mean N 91.50%, ACC_max 4 94.00%, ¥4
T GA K PSO 5. 5T THHIEALL, ACC_max 085}
H P T AR 5 2%, MASPE 13k 100%, {H MASEN R
{0 81.82%. WHERHIESASCHIALS A1 ACC_mean, Zosof |
F-score. MCC %% AP 3% H: b it K fi, 76 ACC 1 £ |
SPE A W] W #27t, {H SEN £t 4K, [ 5 A 0.75$
P 9 S L VR B R A E 1) 46 B 1 3 O 8 - £ Nioan fitess
10 YR 2 5 0 49 (1 86.35%, (LI B B T

10 YR HE S 91.50%, 12 AL fiE 1A Frid 7t
25 LTiR, AR SCHE 2 F GAPSO ) MKL-SVM
BT S E, 5 Tkt R i, 27 T
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Fig.5 Fitness curve combining deep learning features with the proposed
algorithm
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Table 3 Performance comparison of the proposed algorithm with current state-of-the-art methods

References Year Datasets Methods ACC/% SEN/% SPE/% AUC
Zhao et al. [24] 2019 LIDC-IDRI (743 images) Transfer learning CNNs 85.00 94.00 — 0.94
Masood et al. [25] 2020 LIDC-IDRI (892 images) Enhanced multidimensional region-based fully CNN 97.91 98.1 93.2 0.9813
Mastouri et al. [14] 2020 LUNA16 (3186 images) Bilinear CNN + SVM 91.99 91.85 92.27 0.959

Proposed work 2021 LUNAI16 (1140 images) Deep learning features+ Improved MKL-SVM 9529 94.85 95.89 0.9803

% 3 AL TR A AUC REfE A E] 0.9803,
HE— 2B UE T A SCE IR Iz A RE 1. 5 S0k [24]
FSCHR [14] 40 B, A SRR B PFA 46 45 B 38
ACC 5 SEN A e A, EA B 2 tkae. &
SCROE TR [25] PERERS AR, HIt A E 8B/ T
SCHiK [25] TR 7 ik, BEAE T Y R LA, e 2T
DL Ik 38 AR HE RS Y SN SR FE AR, DIk B 42
T 2etERem B Y.

4 ZHig

B 0 B — A2 bR BT 1 A I A 2 e O Az b
e 1 DL SRR S 50 S 0 Il R, B T TR
B REAL AL 9 MKL-SVM R B8 . 23 5k T
TR 5 U BERRAEAE A A, S kB th AE A
RO, SEBLT WA Y ERR IR H . B A
R

(1)K A 21 X 5 5 3% 57 8 2 00 AL &
B 2 AE B MKL-SVM 1Y 4% eR 25, 42 %) 583 3 it
TR iz Akhe

(2) MRt PSO LMW 5 k= K 1 £
FEME 18] 5, 32 11 GAPSO IR & & ik Bk i1 38
T, o TR A R A
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BN ) 4 2 M e
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