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Hyperspectral Non-destructive Detection of Nitrogen, Phosphorus and
Potassium Content of Watermelon Seedling Leaves Based on
Self — Attention — BILSTM Network

XU Shengyong'>  LIU Zhengyi' HUANG Yuan®® ZENG Yu' BIE Zhilong® DONG Wanjing'

(1. College of Engineering, Huazhong Agricultural University, Wuhan 430070, China
2. Agricultural Genomics Institute at Shenzhen, Chinese Academy of Agricultural Sciences, Shenzhen 518000, China
3. College of Horticulture and Forestry Sciences, Huazhong Agricultural University, Wuhan 430070, China)

Abstract: Element content non-destructive testing technology can provide key real-time data for precise
environmental regulation of plant growth and development. Taking watermelon seedlings as an example, a
deep learning detection method based on graph feature fusion for nitrogen, phosphorus, and potassium
content was proposed. Firstly, high-resolution hyperspectral images of watermelon seedling leaves were
captured by using a hyperspectral image. The content of the three elements in the leaves was determined
by using a continuous flow chemical analyzer. Then, the BOC — GF spectral preprocessing method and
the RF algorithm were used to establish a prediction model. Based on the CARS and SPA algorithms,
feature bands were preliminarily selected. Then, considering the number of bands and modeling
accuracy, an optimal band evaluation method was designed to further reduce the number of bands to 3 ~
4. Finally, the colour and texture features of the colour images segmented by using the U — Net network

were extracted and used as inputs along with the spectral reflectance features to construct a prediction

Wk H . 2023 —11—-22 & H #Y. 2024 -01 —15

ES&WE: ERELAHE I A (2019YFD1001901) | # Ik 4 & 1 BF & 3 2 5 A (2021BBA239) \ HZAU — AGIS 3¢ X %k 4 5 A
(SZYJY2022006 ) v g 5 8z He A RF Bl 55 3% 4 30 %5 4 351 H (2662022 YLYJO10 ) 1 [ 5% 76 &K 7 b 4 AR 14 2 55 H (CARS —25)

1EHE R M (1980—) W I #cdz , 4, E 8N AT LA I % R AF 58, E-mail : xsy@ mail. hzau. edu. cn

BISIEE: E W (1986—) , 2, YHI, i+, FZ N F 0G5 H0 5 @B 5, E-mail: dwj@ mail. hzau. edu. cn



244

P A1 M S 4

model for the three elemental contents based on the Self — Attention — BiLSTM network. The experimental
results showed that the R’values for predicting nitrogen, phosphorus, and potassium content were 0. 961 |
0.954, and 0. 958, respectively, with corresponding RMSE values of 0. 294% , 0.262% , and 0. 196% .
These results indicated a high level of modeling accuracy. Using this model to test two other varieties of
watermelon, the R” values exceeded 0. 899 and the RMSE values were less than 0. 498% , indicating that
the model had excellent generalization ability. This hyperspectral modeling method achieved high
accuracy detection with a small number of spectral bands, striking a good balance between precision and
efficiency. It laied a solid theoretical foundation for the development of portable hyperspectral detection

equipment in the future.

Key words:; watermelon seedling leaves; element content; non-destructive testing; self-attention
mechnism; BiLSTM; Hyperspectral
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Tab.1 Fertilizer concentration of each treatment
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b 3 MEA FRERE/  REIRE/ RRIRES/
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Fig.3 Comparison before and after segmentation L
2.3 BRERMFMERKFTELR
BRI S MR S FUR. BOC + GF BT 2 3.1 6 k2t 30

ABEE 5 v FiT ST 0 RERE R AT i i 1) TR 28 3R B50OR i CARS SFFEH 50 WK, RHH 5 #7538 LR IE 1 4R
£4 U-Net &5 %R i fc /v RMSECV B i 7 AE I < 3% S48 2 3 ik
Tab.4 U — Net network segmentation effect % (SPA) P KB A EHEH NS5 ~30, LK N 1,11
R % N A % FI1 {4 i B /Iy RMSE 8 FRAE B o KT 4 Oy CARS 553
R 99. 481 96.747 98. 672 PEARAE U K 45 5 Bk T RMSECV Fifi 25 5% £ W B 1
W 99. 022 94.353 96. 361 WAL X R, A5 RMSECV £ /ME R 0.383% , 11t
20
18
.16
S 14
o 12
710
Z 08
0.6
04
.') 1 1 1 1 1 | 1 1 1 I 02 Il 1 1 1 1 i | | Il | 02 1 | Il | Il 1 1 1 1 I
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50
BARUEL BERUEL AT
(a) N (b) P (© K

4 CARS HRAE$EHu4h )1

Fig.4 Feature extraction results of CARS

—



TRIEDS 45 JET Self — Atention — BiLSTM [ 4% i 7 JIL A 1 - R B 40 & 4k i oL A ) Jr vk 249

I B0CH 1485 & RMSECVY f2/ME 4 0.413% |
I K B0 155 B & RMSECY fi /) fl
0.295% , I PR K ECh 12,

&5y SPA BLHE G PERFIE B M 45 R, JeoR T

RMSE B & W KB AR . A& RMSE fiz/h
B4 0.372% , BB K50k 15 8% & & RMSE £z /)
B4 0.397% |, WL % K- 250 1454 2t RMSE f5 /)
fEk 0.286% , MEBF P K H k11,

0 ! %g 0.85
9o 1.05 0.75
: < 0.95 ]
: So0ss 5 b
; 7075 7 055
= =

- =08 = 045
- 0.45
, o 0.35
025 1 1 1 1 1 ] 025 1 1 1 1 1 1 025 1 1 1 1 1 I

0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30

FRHE K SR AN FRAE KR RN B FRIERE AR
()N (b)P (K

5 SPA JrikRIREER

Fig.5

W b3k 2 By i a5 R PR AE 2 Bl ik b4
PR B B, A 1T A RRAE K 430,515,560
630,675,680 .720 ,760 800 .880 .900 nm ; f§ 14 4%
TE % K : 440 455 460 545 550,560 575 615 690
830 .850 .860 900 940 nm; 4 10 ~4E1F ¥ K . 440
510,560,600 .620 640 780 800 .850 970 nm,
2.3.2  FmARHETH SR

Feature extraction results of SPA

PR o Bl B BOR AR, R R %, RMSE. |- 7t
WANHEARSE LT A R R, N R P 7E 3 MK K 7
4 AU B b R o ARHIE v B/ 1 B A2 R AE D%
K,N 5 3 4:560,720,880 nm; P i 3 4460,
615 .850 nm;K & 4 4~:510 600 640 850 nm, fii
JH 7 2 ) /0 i D < A, R Bt 2 T % 0. 08, RMSE
2% T B 0.05% ,3F B T fff A 2 < g 82 i ]

KR A O i 25 AT T SR A 6 AT
6 ERABUEMEER
Tab.6 Final feature screening results
WRAE N ’ -
R? RMSE/ % y R? RMSE/% y R? RMSE/ % y
[URiRIES 0. 890 0.355 0.834 0.567 0. 891 0.341
7 AR 0. 874 0.397 -1.799 0.784 0. 602 -1.702 0. 886 0.364 -1.762
5 AR 0. 840 0.399 -1.568 0. 801 0.584 -1.491 0.876 0.371 -1.569
4 4R 0. 820 0. 402 -1.452 0. 674 0. 868 -1.743 0. 859 0.378 —-1.471
34K 0.813 0. 408 -1.363 0.796 0.574 -1.267 0. 823 0. 694 -2.254
2 MUK 0.754 0. 926 -2.654 0. 636 0.981 -1.693 0.736 1.012 -2.987
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Tab.7 Comparison of less-band spectral and

full-spectral modelling results

N p K
R> RMSE/% R* RMSE/% R?> RMSE/%
0.964 0.022 0.963 0.051 0.967 0.089

VRS

Eiai
LTI 1
0.961
FEAE
i 1 JE itk
It 15 Je e
o 0. 961
R AFRE

0.029 0.962 0.048 0.962 0.106

0.921 0.473 0.942 0.441 0.936 0.345

0.294 0.954 0.262 0.958 0.196
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Tab.8 Machine learning vs deep learning results

R d £
R* RMSE/% R?> RMSE/% R> RMSE/%

PLSR 0.813 0.408 0.796 0.574 0.859 0.378
MLR 0.804 0.437 0.801 0.598 0.861 0.355
RF 0.811 0.398 0.822 0.577 0.842 0.390
LSTM 0.891 0.346 0.887 0.431 0.901 0.344
BiLSTM 0.924 0.322 0.919 0.406 0.922 0.289
Self — Attention —

0.961 0.294 0.954 0.262 0.958 0.196

BiLSTM
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Fig. 6  Correlation of spectral features
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Tab.9 Multi-species watermelon seedlings to

verify effect

e N v R P BetF 2 At
RRMSE/% R RMSE/% K RMSE/% (4) 8 th 1 T 38 5 I 2 8 WK W 7 3, £ {8 1)
FLBELE 0.942  0.476  0.902 0.438 0.942 0.234 3~ d AR BT Sy 5 R TN A L S S R T
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