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Fig. 1

Flow chart of Pretreatment and extraction parameters

combination search based on PSO method
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Fig. 2 Flow chart of fitness function of PSO algorithm
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Fig. 5 Flow chart of loop nesting optimization method
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Table 1 Recognition rate and its corresponding
parameter list (PSO method)
532 SP FDP PLS OLDA  SEHiEME/ %

1 11 7 11 5 96. 2
2 13 9 9 4 96.5
3 9 9 11 4 96. 9
4 11 13 7 4 97.0
5 11 11 9 5 96. 3

x2 RANXREWNESHINR(ZERFRERE)
Table 2 Recognition rate and its corresponding parameter list

(multiple loop nesting method)

52=) SP FDP PLS OLDA  SE#ia %/ %
1 13 7 11 4 96. 9
2 13 9 9 4 96. 6
3 9 9 11 5 97.2
4 11 11 9 4 96. 8
5 11 11 9 5 96. 4
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Table 3 Recognition results of optimal parameter combination
tested with other data sets
R S T1 T2 T3 T4 T5
ERRBIE/ % 96.2  95.6  95.2  96.2  94.6
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P H R 96.9  95.4 950  94.9  94.3

# 3 PSO Jr k7Bl 4 T1 R aRAS 0 fec (0 T Ak 22
SRHERRSEH SN T LN E SN RG . 752 A
WUEUR AR BT AR 2 o X4 — RO S AT SR . A
Bt S LI R — 2R AR IR R @ e e TR R, R
— 2 A g MR X T AR LA AT IR AR IR AR, PR A

References

AR 502, 20 WL P A3 U SR B MH

AT BB B PSO 7 35 18 545 B ) AL 3T 5 R AE
WIS A4 SP=9, FDP=9, PLS=11, OLDA=4, i #
SHLEWL. RS HAGEILNBIEE LY REHEE T
95 26 L %6 G HARL T T 9k T AR IR AL 2 AL & E R T
B S 2 B BT R .

F4 BEFHEMBEXLLE
Table 4 Comparison of program consumption time
ik Z B IR E 7k PSO J5 ik
i [) 2825 s 586 s

F A AL — BB T 2 AR R O R L
PSO J5 0 e LS KO & BEAT T AU P AR I 18] .l 26 4 7T
F . PSO ik A 586 s, MG E HiLTE 2 825 s, PSO
Tk SR 2 EARRE T 5 F MK ZH G
PN ORISR SR N N & % (198

4 Z5 %

Bt X AL £ A0 3 5 1 S0 AT S T v AL B R AE 4R IO
ZLRFBIN . YT TR R 2w SRR E R
T ARAT R iR A . BCRAR A R RE. WF 58 o 4 i T — P 3
TORL T B SR 1 58 M 4 T AR Y AL B R AR SR S B AR
5. HER AR T RESA S SVM STk WAk 5 45 4E
PRI Z 30 2 AL A AT S0 BRI 2 A TR
RS EALS W E VAT B AT . SE IR &5 R UEM T 5
IR €

[1] ChuXL, ShiY Y. Chen B, et al. Journal of Instrumental Analysis, 2019, 38(5); 603.

[2] YAN Yan-lu, CHEN Bin, ZHU Da-zhou(G%fj 4%, % &, 4 K¥). Near Infrared Spectroscopy Analytical—Principles, Technology and
Application GIEZL AN G40 H7 9 LB . 5K 5B D . Beijing: China Light Industry PressCIta0: HE% Tl 4 . 2007.

[3] Mendes T O, Junqueira G M A, Porto B L S, et al. Journal of Raman Spectroscopy, 2016, 47(6): 692.

[ 4] Konstantinos E Parsopoulos, Michael N Vrahatis. Particle Swarm Optimization and Intelligence. 1st ed. Hershey, New York: Informa-

tion Science Reference, 2010.

[5] QinH, Ma]Y, ChenS], etal Infrared Technology, 2015, 1(37); 78.

[ 6] LI Hao-guang, LI Wei-jun, QIN Hong, et al(Z={5 5, 22 0%, &

ery ROV HLAK 224D, 2016, 47(6) : 259.

8, %), Transactions of the Chinese Society of Agricultural Machin-

[ 7] LI Hao-guang, LI Weijun, QIN Hong, et al(Z¥E6, 22 T4, B ¥, 4%). Transactions of the Chinese Society of Agricultural Machin-

ery R HLBE2EHR) » 2017, (SD) . 422,

[ 8] Kurtulmus F, Alibas I, Kavdir I. Int. J. Agric. Biol. Eng., 2016, 9(1); 51.
[9] LeCunY, Bengio Y, Hinton G. Nature; Deep Learning, 2015, 521(7553);: 436.



59 M e 2% 5 501 4 b 2747

Research of Parameter Optimization of Preprocessing and Feature
Extraction for NIRS Qualitative Analysis Based on PSO Method
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Abstract In the qualitative analysis of near-infrared spectroscopy, preprocessing and feature extraction are indispensable to
achieve good recognition results. Preprocessing is mainly to eliminate the influence of various interference factors on the spectral
data. The common preprocessing methods include smoothing, first-order derivatives, normalization, etc. , while the feature
extraction methods can eliminate the irrelevant information in the data and retain the effective information. The common feature
extraction methods include partial least squares, principal component analysis, linear discriminant analysis, etc. Different
preprocessing and feature extraction methods have different characteristics. When building a qualitative analysis model, it is
often difficult to achieve ideal results by using a single preprocessing or feature extraction method. It is often necessary to use a
combination of multiple preprocessing and feature extraction methods to improve the model’s performance. Variable parameters
such as feature extraction dimension need to be set in each preprocessing and feature extraction process. These variable
parameters have an important impact on the performance of the model. Therefore, multiple parameters need to be determined in
multiple preprocessing and multiple feature extraction methods. In practice, the trial and error method is often used to find the
optimal value of each parameter. In order to get the optimal value of one of the parameters, it is necessary to fix the other
parameter values according to experience. Then a parameter to be optimized is substituted into the NIR qualitative analysis model
for trial and error to get the corresponding parameter value of the optimal recognition rate of the model, and take it as the optimal
value. After several parameters to be optimized are obtained one by one by trial and error method, the combination of parameters
is set into the qualitative analysis model, and finally, qualitative identification is carried out. However, the combination of
parameters obtained by the trial and error method is difficult to guarantee the optimal optimal solution. In addition to the trial
and error method, the multiple loops nesting method can also be used to obtain the optimal combination of parameters in the
preprocessing and feature extraction of the near qualitative analysis model. However, this method consumes a lot of computer
memory and computing time and has the disadvantage of low efficiency. In this paper, a method based on particle swarm
optimization (PSO) is proposed to optimize the parameters of pre-processing and feature extraction of the NIR qualitative
analysis model, which can quickly obtain the optimal parameter combination of pre-processing and feature extraction and ensure
that the qualitative analysis model with the optimal parameter combination has the best recognition performance. The

experimental results show that the method is effective.
Keywords Particle swarm optimization; Feature extraction; Parameter optimization; Qualitative analysis
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