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Inversion of Potassium Content for Citrus Leaves Based on
Hyperspectral and Deep Transfer Learning
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Abstract; Traditional methods of obtaining potassium content of citrus leaves are time-consuming
procedures with complex operations which can be harmful to citrus trees. Moreover, traditional methods
cannot meet the demand for rapid and non-destructive monitoring of potassium content in large-scale citrus
orchards. Combined with the state-of-the-art deep learning technology, a model based on stacked sparse
autoencoder (SSAE) and deep learning networks ( DLNs) using hyperspectral information for potassium
content prediction in four growth stages was proposed. The experiments were conducted in the Crab
Village of Luogang District, Guangzhou City, Guangdong Province, and the samples were 109 citrus trees
planted. During four growth stages, i. e., germination, stability, bloom and picking stages,
hyperspectral reflectance of citrus leaves was respectively measured by spectrometer ( ASD FieldSpec 3) ,
and at the same time, potassium content of citrus leaves was obtained by using traditional chemical
method. All the collected samples constituted a large-scale dataset with totally 436 tuples, 80% of which
were utilized as the calibration set and remaining 20% as the validation set. The constructed model which
relied on the calibration set and the validation set was evaluated respectively. Firstly, successive
projection algorithm (SPA) was provided to deal with the high-dimensional spectral vectors for dimension
reduction and feature extraction. A prediction model of multiple linear regression ( MLR) for potassium
content of citrus leaves was established based on those extracted features. The result showed that the
potassium spectrum contained a large number of complex nonlinear characteristics. Secondly, wavelet de-
noising was applied to reduce the high-frequency noise in the original spectrum, and the optimized
parameter combination of wavelet de-noising through orthogonal test was as follows: “coif2” as wavelet

”

basis function, the number of decomposition layer was 3, “sqiwolog” as the threshold, and “one” as
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noise estimation scheme, respectively. Thirdly, the features of SSAE in a specific stage were transferred
and merged into baseline layer by layer to find out the best number of layers. The result showed that the
best numbers of transferred layer were 3, 1, 4 and 3, and the corresponding values of determination
coefficients for calibration set were 0.899 9, 0.859 8, 0.886 9 and 0. 854 7 at germination, stability,
bloom and picking stages, respectively, which were improved by 19.82% , 9.45% , 21.49% and
7.21% , respectively, compared with baseline. Then, the features of SSAE in the best layer were
transferred and merged into baseline stage by stage to find out the best number of transferred stage. The
experiment revealed that features of all four stages were transferred to its corresponding stage domain
achieving the best performance. In this situation, the coefficients of determination for calibration set were
0.877 2, 0.898 1, 0.904 9 and 0.889 4 at germination, stability, bloom and picking stages,
14.32% , 23.96% and 11.56% ,

Fourthly, after performing wavelet de-noising and four kinds of spectrum

respectively, which were improved by 16.80% , respectively,
compared with baseline.
transformation, i. e., the first derivative, second derivative, reciprocal and logarithm to the original
spectrum, the layers’ features and stages’ features, which were obtained in SSAE previously, were
transferred and merged into spectrum in four growth stages. When the first derivative spectrum was used
as the input vector of the samples with wavelet de-noising, the SSAE — DLNs model achieved the best
result and the coefficients of determination for calibration set were 0. 8992, 0. 8899, 0.8838, 0.8727
and 0. 898 8, respectively, and the corresponding values of RMSE were 0.542 5, 0.549 6, 0.550 9,
0.5539 and 0.544 3, respectively, and the corresponding values of sparse proportion were 0. 141 1,
0.1633,0.1189, 0.1856 and 0.207 8, respectively, at germination, stability, bloom, picking stages
and the whole growth period; and for the validation set, the coefficients of determination were 0. 865 1,
0.870 4, 0.855 1, 0.858 0 and 0. 877 1, respectively, and the corresponding values of RMSE were
0.569 3, 0.5674,0.5786, 0.5722 and 0. 552 8, respectively. Comparing with traditional models such
as support vector regression (SVR) , partial least square regression ( PLSR), general regression neural
networks (GRNN) and stepwise multiple linear regression (SMLR), SSAE — DLNs model achieved the
best performance, and the next was SVR, in which R? of calibration and validation set were 0. 898 8 and
0.877 1, respectively. Finally, the research result proved the feasibility of monitoring potassium content
of citrus leaves, which may provide a theoretical basis for growth monitoring and nutritional diagnosis of
citrus trees.

Key words: citrus leaves; potassium content; deep transfer learning; stacked sparse autoencoder;

hyperspectral ; support vector regression
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Fig.1 Relectance spectra of citrus samples at

different growth stages
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Tab.1 Characteristic bands of potassium content at different growth stages
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fa i 357 416 396 352 351 ,355 401 360 420 ,391 408 364 353 ,406 ,409 370 380 0.5018 17
HARfE RS 358,359,356 391,367,360 ,370 .1 001 369 366 745 0.3815 11
KA 357,383,356 717 .1 435 663 381 .1 9351 937 .2 496 0.6345 10
2311.,2255.1336 441 445 455 466 556 444 2116.2018 406,357 515 4371253 2499 433 430,
o 431 412 415 426 .1 836,402 403 |1 922 978 422 427 768 716 378 .1 091 420 416 417 405 397 | 0.603 1 7

398 424 423 408 .1 517 .1 399 ,392 355,364 381,657,390 ,434 363 419 373 384 394 694 369 ,
353 413 351,395 410,483 401 360 448 376 387 .684 .2 489 359 377 371 367

HI % 1 A, B W] AR E R LIS IR L 4,
AN T A A 0T A R ALE D6 335 0 A1 A7 B0 AS [7) , ARF AIE T8¢ B B
WwE BT MBE R, MEERKIIHER R
S A B o T A D B U B AR . W2
FARRAE P FZ A T AE 1000 nm N, SRR A H4
ERAE PR 2 1935 ~2 007 nm Al 2 496 ~2 500 nm

W SRR B G 1% BEAT — B i A, A5 R R 3

7N o A 490 ~530 nm B, AR 44 A AR R
T AR A 3K o A A R R R R
IR, S W 2R3 5 48 540 ~ 660 nm i B, — Bir 1l
SR, B R, 0 I MR B O B 650 nm Ak
AL YCAT, BER & AR, R R ST
W%, A 1 FRI T 2006 000, Wl 45 428 . 780 ~
1100 nm {57 BEE Y, — i o0 1 FIEOK , 8 35



190 & A Bl B ¥

2019 4

1, P RES A BT R B AN A AR A TR
JEESE I, W RUA T A 4 A A AT R ) A e 2R
A K. 1900 ~2 010 nm 7 BJE HIN , — B st o3 59 Al
A, B BB, N T Y AR B AR AL LB AT 1R

5{ [29-30] .
'3_'?_
— Wi
Fa LIty
ol — BRI
e 3 ]
“‘, 1.0+
-
ar 0.5
2
b |
0.5+
1 /| 1 i L L e J .

-1.0 .
400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
i fnm

F3 0 MG R S — B oy
Fig.3  First order derivative of relectance spectra

for citrus
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Tab.2 Performance evaluation of MLR model

at different growth stages
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Tab.3 Factors and levels of orthogonal test
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Tab.4 Grouping and result of wavelet denoising orthogonal test
R T 5 A B [ D R? RMSE, R’ RMSE,
1 haar 1 rigrsure one 0.8420 0.548 3 0.824 6 0.650 1
2 haar 3 heursure sln 0.860 8 0.4929 0.8239 0.65538
3 haar 5 sqtwolog mln 0.8296 0.5958 0.8023 0.8399
4 haar 7 minimaxi mln 0.8263 0.6259 0.8101 0.8155
5 dbh4 1 heursure mln 0.8142 0.648 6 0.8029 0.8323
6 db4 3 rigrsure mln 0.8586 0.498 6 0.8338 0.568 7
7 db4 5 minimaxi one 0.8128 0.796 1 0. 804 0 0.8300
8 db4 7 sqtwolog sln 0.8453 0.5163 0.8326 0.5858
9 sym8 1 sqtwolog mln 0.854 6 0.4923 0.847 6 0.5141
10 sym8 3 minimaxi mln 0.8728 0.4452 0.8525 0.507 5
11 sym8 5 rigrsure sln 0.8195 0.6850 0.802 0 0.8445
12 sym8 7 heursure one 0.8140 0.6858 0. 809 4 0.824 0
13 coif2 1 minimaxi sln 0.869 6 0.499 8 0.8397 0.5592
14 coif2 3 sqtwolog one 0.8879 0.343 6 0.8752 0.3148
15 coif2 5 heursure mln’ 0.874 0 0.3283 0.8505 0.504 8
16 coif2 7 rigrsure mln 0.8675 0.486 3 0.8453 0.5202
JE A i 0.8127 0.798 1 0.807 2 0.826 0
x5 PMREBEXRBERBREDN
Tab.S5 Analysis result of wavelet denoising orthogonal test
SRR ! s ¢ ?
R? R? R? R? R? R? R? R?
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H, 0.874 8 0.8527 0.8383 0.824 4 0.845 4 0.826 6
R 0.0420 0.037 4 0.036 1 0.0317 0.0136 0.017 8 0.0351 0.0367
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Tab.6 Model performance evaluation on calibration set with different transformations of spectral data
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Fig.7 Comparison of measured and predicted potassium contents by using different modeling methods
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