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Sine Cosine Algorithm Based on Logistic Model and Stochastic Differential Mutation
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Abstract In view of the slow convergence speed,easy to fall into local optimum and low precision of the standard sine cosine al-
gorithm,an improved sine cosine algorithm (LS-SCA) with the nonlinear conversion parameter and the stochastic differential mu-
tation strategy was proposed to solve global optimization problems. Firstly,a nonlinear conversion parameter based on Logistic
model is designed to balance between global exploration and local exploitation. Secondly,a stochastic differential mutation strate-
gy is introduced to maintain the diversity of population and avoid falling into the optimal value. Finally, the nonlinear conversion
parameter and stochastic differential mutation strategies are fused. On the one hand, 12 standard test functions are selected for
global optimization experiments. The results show that LS-SCA is superior to the other SCAs and comparison latest algorithms in
convergence accuracy and convergence speed with the same number of fitness function evaluations. Stochastic differential muta-
tion strategy can improve LS-SCA’s global optimization ability especially. On the other hand,LS-SCA is used to optimize the pa-
rameters of neural network to solve two classical classification problems. Compared with the traditional BP algorithm and the other
intelligent algorithms, the neural network based on LLS-SCA can achieve higher classification accuracy.
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Fig.3 Convergence curves of LS-SCA,SCA,PSCA and DIW-SCA for solving 12 test functions (D=30)
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1 MGWO, 54, LS-SCA vs IWOA 5B p KT 0.1,
UL LS-SCA Fl IWOA WS PRI A W o i 22 ek

M 3.3 4 AHMEE 5 HA L2 d T 4 A el ik Bk
A E TR XS T B B (1 — f) IR L W RS2 — f12)
LS-SCA 7 F IR E ¥ A BIF RN,
4.4 R MLP W% 5%

% JZ B 28 (Multilayer Perceptron, MLP) J& — Fl 5 ¥ 17
5B DL B M 22 T 246 R R, HLAh A R 4 BT
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Fig.4 Structure of neural network

A6 5k A2 B & 2 A9 AU A

sJ:lé(w,J « XD AP j=1.2. 0k 6
o, n BRI AT SINECR wy REBERARTE A AT
P )2 ) AR E.B RS ) MRS AN mE. A
R AN R,

BABR AT AR T

1

SJ:Sigmoid(sj):m )
o0 £5% 1Y) die 2 i HH T R OR R
Y= 1 h=1,2,,m (8)

1+cxp(*é)l(W,/\, « S)H+BL

Hop, oy BARE b A m NS ECE W, BN
R Z M ) AT AR B2 e A AR BR
55 b At T A R 25

A1 (6) — K Q) A LG o AL F Al i 2 4R 8 45 28 1 B A
AT MLP W% 1 e 2ty i . R, o 36 81— 21 & 38 A9 AL R
AN 22 1, LA i MILP I 4% 09 43 285 o0 T00000 o 0 3, A4 R
I LS-SCA flifk MLP ¥ %% iy A & Fil f 2506 , F H LS-SCA fli
£ MLP 45 1) 2 85, FL 35 R R B 6 38 10 5 iR 22 (Mean
Square Error, MSE) :

1 Z”: N,
MSEfﬁrl(y y) 9

ooty FR SRy R MLP [ % 0B (. M 37 91 2
R N

FIH LS-SCA ik MLP £ #0153 3 i AR AL J5 19 1 2% , Bk
LS-SCA-MLP [ # . #| ] LS-SCA-MLP %} Wine il Iono-
sphere 73 JEHUHE AR AT 5200, 30 5 A 7 Fh 08 Ak 5B 12
T HL %, B % 1] 1% 4% ¥ (Back Propagation, BP) . GA,PSO, %
4y 3k 4k (Differential Evolution, DE) ., # 1k % B ( Evolution
Strategy, ES) . 5 {0 {4k 8 ¥ (Whale Optimization Algorithm,
WOA)F SCA, HT WM& WM, i B ki Rk ECh
250, A HE AR 7 50, Wine S04 5547 13 N4FR1E , MLP W 2% 2%
¥y B M 13-27-1;Tonosphere I 4EA 33 AERE , MLP W45
SEMBEE N 33-67-117,

5 HH T 8 B ¥ X Wine il Tonosphere %4 i £ )
Sy AR R B U E T B E R AR 2. W R E R,
B T SCA 1 LS-SCA, HAlh 6 F 55 vk 1 25 R 5 45 R I F X
k23],

25 8 R X Wine Ml Tonosphere B 45 1) 7 2 1
Table 5 Classification accuracy of eight algorithms for Wine and

Tonosphere data sets

Wine % # & Tonosphere # 4# %

o RAE PHE O FEZ RMAE O PHE RHEE
BP 0.9091 0.7697 0.1153 0.7833 0.7367 0.00385
GA 0.9394 0.8894 0.0580 0.8250 0.8025 0.0157
PSO 0.8939 0.8227 0.0474 0.7917 0.7600 0.0242
DE 0.8788 0.7576 0.0763 0.8417 0.7767 0.0340
ES 0.8333 0.7515 0.0436 0.7917 0.7358 0.0281
WOA 0.9545 0.8894 0.0335 0.8667 0.7942 0.0429
SCA 0.8333 0.8000 0.0203 0.8205 0.7385 0.0627
LS-SCA 0.9630 0.8852 0.0843 0.8718 0.8085 0.0367

B 7 B HL 5 5T L, X T Wine 04 4 . LS-SCA 3k
157 R m B A MER 2 (0. 9630), 17 GA Fl WOA 153 T %%
1719 F {8 (0. 8894) . 15 GA F1 WOA AL . LS-SCA #9432
YL 2T 9 (H (0. 885 2) Wi 255 5 HA B i A 1k , LS-SCA B A
BB R, KT lonosphere ¥R £ . 5 HAth 7 Fh &
AR, LS-SCA K453 T e =i 19 43 25 o 6 32 (0. 871 8) Al K- 3
(0. 8085),

GRIE AR T —F LSSCA, TR 4m ik
R, ST T R B B R SCA MERERI R R L 3T Lo-
gistic BB BT T —Fh AR LR PR e S HOR e  H T Eh R B0k 09
4 R A8 R AR T AR IT & B8 01 SRR L R FE BE AL 22 43 48 5 O s
7RI 22 B M A A LR AR B 0 B A JR) S e O 1 AR
X 12 A o 0 bR BCHE AT O HLSE 5 L S5 SR A, LS-SCA fig
TR HE SCA B . AR SCHR 43 BT T A Bl itk 5 s 1) 5 3L
P BT Logistic B Yl 28 % e 2 KU s Xt SCA s it
B S B A B L B AL 22 4328 S 0K WS RE T B SCA Bk Hh R ¥
. B FIH LS-SCA {1k MLP # 28 W 4 2 $OF 4 Wine
A Ionosphere ¥ ¥ VAT 7 28, /A8 TR IF SR, T—2%
RO FE 05 2K LS-SCA Rl F AR ik . £ H ps ik % T
TR

2 % X M

[1] ZHANG M, TIAN N,PALADE V,et al. Cellular artificial bee
colony algorithm with Gaussian distribution[]]. Information Scie-
nces.2018,462:374-401.

[2] LIJ.LUO Y,LI B,et al. Differential hybrid particle swarm opti-
mization algorithm based on different dimensional variation[ ] ].
Computer Science,2018,45(5) :208-214.

[3] PAROUHA R P,DAS K N. A memory based differential evolu-
tion algorithm for unconstrained optimization[ ]J]. Applied Soft
Computing,2016,38:501-517.

[4] MIRJALILI S. SCA: A sine cosine algorithm for solving optimi-
zation problems [ ]J]. Knowledge-Based Systems, 2016, 96 120-
133.

[5] 1ISSA M, HASSANIEN A E,OLIVA D,et al. ASCA-PSO: A-
daptive sine cosine optimization algorithm integrated with parti-
cle swarm for pairwise local sequence alignment [ J]. Expert
Systems with Applications,2018,99:56-70.

[6] DASS,BHATTACHARYA A,CHAKRABOTY A K. Solution

of short-term hydrothermal scheduling using sine cosine algo-



212

Computer Science THEHMELZ  Vol. 47,No. 2,Feb. 2020

[7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

rithm[J]. Soft Computing,2018,22(19) :6409-6427

SINDHU R,NGADIRAN R,YACOB Y M,et al. Sine-cosine al-
gorithm for feature selection with elitism strategy and new up-
dating mechanism[]]. Neural Computing & Applications, 2017,
28(10) :2947-2958.

LONG W,WU T,LIANG X,et al.Solving high-dimensional
global optimization problems using an improved sine cosine algo-
rithm[ J]. Expert Systems with Applications, 2019, 123 108-
126.

LI S,FANG H, LIU X. Parameter optimization of support vec-
tor regression based on sine cosine algorithm[ ] ]. Expert Sys-
tems with Applications,2018,91:63-77.

ATTIA A F,SEHIEMY R A E, HASANIEN H M. Optimal
power flow solution in power systems using a novel sine-cosine
algorithm[J]. Journal of Electrical Power & Energy Systems,
2018,99:331-343.

ELAZIZ M A,OLIVA D, XIONG S. An improved opposition-
based sine cosine algorithm for global optimization[]J]. Expert
Systems with Applications,2017,90:484-500.

LIU Y F,MA L P. Sine cosine algorithm with nonlinear decrea-
sing conversion parameter[ ] ]. Computer Engineering and Appli-
cations,2017,53(2) :1-5.

ZHANG X F,BAI Y P, HAO Y, et al. Research of improved
sine cosine algorithm in function optimization[]]. Journal of
Chonggqing University of Technology (Natural Science), 2017,
31(2):146-152.

RIZK-ALLAH R M. Hybridizing sine cosine algorithm with
multi-orthogonal search strategy for engineering design prob-
lems[ J]. Journal of Computational Design and Engineering,
2018,5(2):249-273.

NENAVAH H.JATOTH R K. Hybridizing sine cosine algo-
rithm with differential evolution for global optimization and ob-
ject tracking[J]. Applied Soft Computing,2018,62:1019-1043
HANSEN N, MULLER S D, KOUMOUTSAKOS P. Reducing
the time complexity of the derandomized evolution strategy with
covariance matrix adaptation [ J]. Evolutionary Computation,

2014,11(1):1-18.

[17] CHATTERJEE A,SIARRY P. Nonlinear inertia weight varia-
tion for dynamic adaptation in particle swarm optimization[ ] ].
Computers &. Operations Research,2006,33(3) :859-871.

[18] ZHU G.,KWONG S. Gbest-guided artificial bee colony algo-
rithm for numerical function optimization[]]. Applied Mathe-
matics and Computation,2010,217(7):3166-3173.

[19] RAO R V,PATEL V. An elitist teaching-learning-based optimi-
zation algorithm for solving complex constrained optimization
problems[ J . Journal of Industrial Engineering Computations,
2012,3(4) :535-560.

[20] RAHNAMAYAN S,TIZHOOSH H R,SALAMA M M A. Op-
position based differential evolution[ J]. IEEE Transactions on
Evolutionary Computation,2008,12(1) :64-79.

[21] RODRIGUEZ L.CASTILLO O,SORIA J.et al. A fuzzy hierar-
chical operator in the grey wolf optimizer algorithm [J]. Applied
Soft Computing,2017,57:315-328.

[22] HU H,BAI Y,XU T. Improved whale optimization algorithm
based on inertia weights and theirs applications [ J]. Internatio-
nal Journal of Circuits, Systems and Signal Processing,2017,11:
12-26.

[23] ALJARAH I,FARIS H, MIRJALILI S. Optimizing connection
weights in neural networks using the whale optimization algo-

rithm[ ] ]. Soft Computing,2018,22(1):1-15.

XU Ming, born in 1976, Ph.D, profes-
sor,is member of China Computer Fe-
deration (CCF). His main research inte-
rests include machine learning and in-

telligent computing.

LONG Wen.born in 1977.Ph.D, profes-
sor, Ph.D supervisor. His main research
interests include intelligent computing

and data mining.






