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Identification mechanism of Pinus species based on one dimensional convolutional

neural network model and self-coding algorithm
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Abstract: Pinus species hold important ecological and economic value. However, the large genomes and slow molecular
evolution of Pinus species result in highly similar morphological traits, complicating inter-specific identification. In order to
solve the problems of high cost, long time, low accuracy and complex operation of traditional identification methods, this
paper designed a detection method based on near-infrared spectral data (NIRS) , one-dimensional continuous convolutional
neural network (1D-CS-CNN) and Auto-encoder technology for Pinus species. Initially, the 1D-CS-CNN model uses the
efficient Continuous Structure (CS) to replace the hidden layer structure in the traditional 1D-CNN model. The model can
be directly applied to analyze one-dimensional near-infrared spectral data ( NIRS). Next, combining the reconstruction error
of the auto-encoder, a identification method considering an unknown origin is designed for Pinus species, which can solve
the problem of high confidence in convolution neural networks by using an auto-encoder and reconstruction errors of the

samples to be tested. Whether the sample is an unknown variety can be determined by comparing the corrected confidence

EEWA A A RBHEIL AT H (2023]011094) ; i 824 R AT 24 A BT H (2021H6003 ) ; 42 [FH K2 A4 QB Al [ R 4435 H (202413763002 )
I %E B H7:2024-04-24; 4% H KR B #A . 2024-11-28
# MIRFEH Corresponding author.E-mail ; cdy@ fjjxu.edu.cn

http ://www.ecologica.cn



2402 xR 45 4

level with the preset threshold value. The results show that the 1D-CS-CNN training set achieves 100% accuracy, with the
loss value stabilizing at 0.015. Compared with the traditional 1D-CNN model, the improved 1D-CS-CNN model has faster
recognition speed. Meanwhile, the accuracy rate of the auto-encoder for the category detection mechanism of Pinus species
from an unknown origin is 99%. The experimental results show that the model can quickly and efficiently classify different

species of Pinus and detect the new species in Pinus.

Key Words: Pinus species; near-infrared spectral data ( NIRS) ; auto-encoder; one-dimensional continuous convolutional

neural network (1D-CS-CNN) ; identification
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Table 1 Distribution of experimental data
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Samples Sample name Numbers of sample Sample number
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Fig.1 Pre-processing data and post-processing data of samples
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Table 2 Hierarchical division of the sample data set

A A BHL YIRS EoaniS M4
Samples Numbers of sample Training set Validating set Testing set
T¥HA Joss pine 300 192 48 60
Z TS Pinus yunnanensis 300 192 48 60
RIS Pinus armandii 300 192 48 60
JBZEN Pinus cohinchinensis 300 192 48 60
FEFHS Mongolian pine 300 192 48 60
S Total 1500 960 240 300
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Fig.3 The core structure before the model improvement
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Fig.4 The improved core structure of the model
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Fig.7 The structural diagram of the detection of pine species

NIR: IELL4MGE Near—infrared spectral ; 1D-CNN — A B2 4 One dimensional convolutional neural network

K, FP 5 FN 43 50| 327 10000 B 15 9 7 A A B0t T 00 B U i IE A ARt . ACC A fEBR A, DU 50 00 o8 i %6
R
1D-CNN 5 55—~ BEHE A oA 28 SUAR 3 25 PRI ( Categorical Crossentropy , Loss ) 2RI
Loss =— z OulputSizc(yi % log 5.) (5)

K, OutputSize FEFEAR RN FEARBIFHREARMFI R 5, y, MREFENAS (RIS ) |y AQARBA
P HEAFIZE Y SoftMax {H ( RIS TN FEANAEA 8 T I~ LB BAF ) o 28 SR 2% pRASER /N | AR R AR A
Mo 2 PERE AR AT

Auto-Encoder F7Y [) = B GEHE b & - 2 4 X % 2% ( Mean absolute error, MAE) 38 i %4 A 55 i A5 —
SRR ZE VTSR AN SR SRR LS B, B MAE {H, MAE B3R AT .

MAE:%Z:ZI\YZ‘M (6)

Ao,y AR H giid e B A SNy, AR ABIE A S KN, MAE OEERAR, R4 A 5
HE AR 25 N B M R R T
3 #RE5iHe
3.1 1D-CS-CNN HER MR S Ar

ST IHA 1D -CS- CNN XFAAEHFP NIRS B4 iR UM M RE , 20 il r 1 3 FARifE 22 bR AL TR BE 1Y 1D-
PS-CNN FI7E 1D-CS-CNN #EATXF L, B b i [ R4 (UNZREE: B4R ) -4 | 42 LU 9] 8(8:2) 2] 58 JiL Kl
9. KRG RMSEOEIR 3,

®3 BEENERE

Table 3 Parameter settings

LR W R AL YILREL ESTE S etk és
Batch size Activate function Epoch Learning rate Optimizer
32 Tanh 300 0.0003 Adam

A 2.3 WA LI EREFE AR TR, B 8 SR 9 43 W AR BRI 2k B vp A 30 R 18 S HE R R
A E 8,1D-CS-CNN #H%¢ 1D-PS-CNN AU 0 AH T R BE P . Sl 2Rk Bk 3] 250 241}, 1D-CS-CNN #Y
Y25 K I EAE B 268, 43 9124 0.05 1 0.15, 5 1D-PS-CNN FEEIAH HE 43 BIAI% 0.1188 F1 0.0617, 45 5HR%
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Fig.8 The Loss of improved 1D-CS-CNN and 1D-PS-CNN Fig.9 The Accurate of improved 1D-CS-CNN and 1D-PS-CNN

1D-CS-CNN Loss : — 4 1% S35 U 22 9 45 I 2R 4 451 2% 1 5 1 D-CS-CNN
Val-loss : — 4% SEA B 4 W 4% B 4IF A2 451 22 {H ; 1D-PS-CNN Loss: —
Yo AT 22 0 28 U 25 A 451 2R (B 5 1D-PS-CNN Val-loss: — 4k ifF
AT 22 00 2 30 IEAE B 26 {1
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150, 3 4 HPCHRT G BRI AR REFR AR XT LLZ R . MR AEER 4 WI45% 1D-CS-CNN AAUAH L T 1D-PS-CNN A%
B YNGR 5 TR (ACC) , AR TH T 3.22% 1 2.77% , FLOPs 43 S8/ 38 10.6% , 1R 51 580K fin
PRT 4.75s, HICER FEEEA FRIGRTHE T, 2 (G A3 A58 25 1 i 5 ke B2 i A PR R AR AR X Lo A ) B
B3SO B A ] AR K4 5 CNN ARS8, DL B S 25 R ny 6 Fe F o3 Air 3R B etk 1Y 1D-CS-
CNN FERUXIAL & PR 1AM 432 B B (= A R R A (R 1R R e

x4 FHEBGITM ISR L

Table 4 Comparison of evaluation indicators of the two models

— 2k 1 U 2 I 45 — Yk i SR AT 4 I 25
PERE 1D-PS-CNN 1D-CS-CNN
Performance I SiEde Itk ey
HERI R ACC/ % 96.78 95.56 100 98.33
P IAE Loss 0.1351 0.1905 0.0163 0.1288
T SIE 5 FLOPs 178.1M 159.2M
ZATHHE Runtime/s 43.01 38.26

3.2 1D-CS-CNN 54&50 )ik m b i

RIS UEAS BT 7 SR AT AT S ke, 43 5 IR G R A AT R R A S A A vk LR, R
30 MEA K G E , 44 LU ) 8:2 43 AN ZRAE 55 5 MR AE 250 , 43 30l SR = b i atb A 0, X L S
e RN 5, mER S v, ROk g SRS R, DL 1D-CS-CNN 19 7 8 U0 e R B s, MR RE A il .
PR, 767 BR A9 s AR B R B2 T AR BT 5 A R PR IR B R A% 0 A T A 1 3 25 45
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Table 5 Results of comparison between 1D-CS-CNN and traditional methods
ik I GRGENT B2 {E % DNAREENS B2 {E %
Method The precision average of the training set The accuracy average of the testing set
JRIEEIERIE Raw spectral data 62.50(15/24) 50(3/6)
FYIEZS2# Plant morphology 91.67(22/24) 83.33(5/6)
— YRS B P 4 1D-CS-CNN 100 100

CHIPEHE /SR ) 0 (15/24) 378 BB o S UM MERR RYREABOR: 15 A, 8l o S8 3 SR A R0 24 4>

3.3 RARAE YRR BT 1) 25 58 53 b
331 A4mSaR A Ey

H b 2 25 N & 10 FoR . AT 0 bt 2% FAR RS 8%, R I 438 452 2 40 53 30l 32 A& T i 16
ANRZTE, TR G gt 2 Y A & 16 MR oe e 2 | IR EL Epoch A7 100, #it K/]N Batch-size & 32,

—
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Fig.10 The network structure of the Auto—encoder
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& 1D-CS-CNN B9 A . MIEL 12 7721 A5 )1 k4 R £ 46 2 (L Fe 2843 SR BUCFE: 0000001,

3.3.2 ARENZNK MBI 25 5 oA
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