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Table 1 Statistical table of concentrations of water quality

parameters in water samples from the study area

/(mg/L)
PINGTE S 1 FoME RKRE HyfE i 22
S (TP) 0.2179 0.3021 0.2543 0.0206
MA(TN) 4.5271 5.0418 4.7920 0.1157

A (NH3-N) 0.0307 0.6823 0.2930 0.1606
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Fig.3 Reflectance curve of unmanned aerial vehicle

hyperspectral image of water sampling points
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Fig.4 Impact of different network depths on model performance
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TEN R b, W EE S FL7E 0.2193—0.2996 mg/L,
oL E T 0.2538 me/L; I 4R VR E Ol 0.2179—
0.3021 mg/L, %k 0.2546 mg/L.
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Fig.7 Pearson correlation coefficient of water quality

parameters (n=40)
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Table 2 Number of selected wavebands for the inversion
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Table 3 Comparison table of TP inversion evaluation indicators
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ALK 0.8956 0.0062 0.0053 0.7040 0.0127 0.0117
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Table 4 Comparison table of TN inversion evaluation indicators
. IR A
RS N 2
R RMSE/(mg/L) MAE/(mg/L) R RMSE/(mg/L) MAE/(mg/L)
LBFGS-MLP 0.9374 0.0289 0.0229 0.8202 0.0454 0.0394
BEHLERR 0.9591 0.0234 0.0182 0.7485 0.0537 0.0458
CatBoost 0.9252 0.0316 0.0237 0.7324 0.0554 0.0460
XGBoost 1.0000 0.0005 0.0004 0.8049 0.0473 0.0419
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Table 5 Comparison table of NH3—-N inversion evaluation indicators
. I atAE
kAR - 2
R RMSE/(mg/L) MAE/(mg/L) R RMSE/(mg/L) MAE/(mg/L)
LBFGS-MLP 0.7222 0.0897 0.0710 0.7167 0.0670 0.0601
RfAILAR AR 0.8862 0.0574 0.0428 0.6220 0.0774 0.0624
CatBoost 0.9796 0.0243 0.0200 0.6345 0.0761 0.0630
XGBoost 0.6735 0.0973 0.0732 0.6661 0.0727 0.0665
TE: IR TR R a0
0 0g
R &N 5
0.35
500 ¢ 500 1
0.30
10007 025 ~  1000f 4_
S =
on oh
E 0.20 £ -E-[;M: £
= 1500 - E = 1500 F 3§'
0.15 &
2000 0.10 2000 2
2500 005 2500 F N SL 0 £ ) !
~ - - Ben
0 500 1000 1500 2000 2500 3000 3500
75
(a) BB (b) BA
(a) Total phosphorus (TP) (b) Total nitrogen (TN)
05
500 F 0.8
1000 06 %
il g
= 1500 F Z
0.4 &
Z
2000 -
0.2
2500 - %
0 500 1000 1500 2000 2500 3000 3500
75
(c) @A
(¢) Ammoniacal nitrogen (NH3-N)
K14 KBTS H0k B 23 [ 53 A1 18]
Fig.14  Spatial distribution of water quality parameter concentrations
5 2k P b N ROEE T AR AE o [, e AMLEA FE
A o}

ARHFFELAT AR A B A T e A SEIX, 58
BT B R A L B A B BRI S | BER )Y
MR RN, M T DEEERAR, LKA
TR R IR BN . SR R . (R, A
Xt $pl T R /INRT IR0 A FEBCRRERR L T BRI A — 1Y
FEAE, R IC AL & 55 2808 0 B A RT LAk
Bos sl moeils o B R i R, RERS

Z FARA RAT . BRI R, AT DR 4R 2
Bl HEAT CATAESS, MARAS b fif ok T 10 AL 8 kA
B 2 0 B SR T 5 50 A 00 B SR L 4T Bl 2k B )
FOL, A T VAT S A OS24 ) v LA e A
AR SCHE T IC AL i 8 SO Ik iy o A O
SRR SEURBE L RN & R R R AT R e
T, $EH T —F LT LBFGS ik (1) £ J2 550
AR (LBFGS-MLP) , Jf 5 BEHLARM (RF) .



ke 45 . HET LBFGS INiH 22 J2 BRI 265 11 8 i i Al 27K Bt 2 80U i 2981

CatBoost, XGBoost 1L AT RE BEXT EL, BRE T T
11 25 T 4 B I T e S G R AT K T 4
Mrital Ak R ARt . AR, i i Xl 4 Rk Y
MPE 28 (R . ¥R 2 (RMSE) FIF-y
A xR 2% (MAE) #7500 5 B, A5 &8
X APV A AR G K TS B T B U T AR
BOFRCR, Hr, ABF5E4R 1) LBFGS-MLP 5
BAES KR SHOR AL R, B
LA .

FE SR B S I A S Ty T, 4 R RTR RO A
T, {H CatBoost H.y2: Bl #0 A AO M), 78 RV
U 45 )7 T, LBFGS-MLP B 12 %50 9 ¢ 4,
XGBoost LR Z, RFE Y CatBoost B 4HY ,
{H XGBoost B B T i #LE 1 IR, 78 2 Rk
B S 45 )7 T, LBFGS-MLP 2R Ml T i3
B, OB T Hfl 3 Fh B s . FEK RS B
e 5175 o

MGt FERTH, HIR LBFGS-MLP Bk 7E &
B RVEURIZEA 3 Fh ARG R K i S B0k R T
RIS TR EREE, (SR E S RENE
., WS TAEREMAR T HALIFHLAS = Bk,
I, % T LBFGS-MLP 535 A B AL U 45 S MiE =
SR IE Z AR, R SR BTSE TAE ] L% e R
ATFFE 3T 22 2 0 I 45 B 1 e A e K T S 44
S T SHOR T REL, 058 R A2 N 2% AR TR 1
I B AR S b i R

52 3Lk (References)

Chen B T, Mu X, Chen P, Wang B, Choi J, Park H, Xu S, Wu Y L and
Yang H. 2021. Machine learning-based inversion of water quality
parameters in typical reach of the urban river by UAV multispec-
tral data. Ecological Indicators, 133: 108434 [DOI: 10.1016/j.
ecolind.2021.108434]

Chen P, Wang B, Wu Y L, Wang Q J, Huang Z J and Wang C L. 2023.
Urban river water quality monitoring based on self-optimizing
machine learning method using multi-source remote sensing data.
Ecological Indicators, 146: 109750 [DOI: 10.1016/j.ecolind.2022.
109750]

Chen T Q and Guestrin C. 2016. XGBoost: a scalable tree boosting
system//Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining. San Fran-
cisco: ACM: 785-794 [DOI: 10.1145/2939672.2939785]

Doiia C, Chang N B, Caselles V, Sanchez J] M, Camacho A, Delegido J
and Vannah B W. 2015. Integrated satellite data fusion and mining

for monitoring lake water quality status of the Albufera de Valen-

cia in Spain. Journal of Environmental Management, 151: 416-
426 [DOI: 10.1016/j.jenvman.2014.12.003]

Dorogush A 'V, Ershov V and Gulin A. 2018. CatBoost: gradient boost-
ing with categorical features support. arXiv preprint arXiv: 1810.
11363 [DOI: 10.48550/arXiv.1810.11363]

Fan H W, Shi S, Zhang B M, Zhang Y P, Lin Q and Sun H. 2020. Im-
proved learning resource recommendation algorithm of deep neu-
ral network based on MLP. Application Research of Computers,
37(9): 2629-2633 (HkifEFE, 0L, T A, R, BB P
2020. T MLP S0k A0 PR 32 4 28 [0 4 25 5] et 4 30 318
HL FHESE, 37(9): 2629-2633) [DOL: 10.19734/.issn.1001-3695.
2019.04.0109]

Fang K N, Wu J B, Zhu J P and Xie B C. 2011. A review of technolo-
gies on random forests. Statistics and Information Forum, 26(3):
32-38 (R, S, AR, IR E . 2011, BENLARMOT 1L
RER . Gt 515 2815, 26(3): 32-38) [DOL: 10.3969/j.issn.
1007-3116.2011.03.006]

He Y H, Gong Z J, Zheng Y H and Zhang Y B. 2021. Inland reservoir
water quality inversion and eutrophication evaluation using BP
neural network and remote sensing imagery: a case study of
dashahe reservoir. Water, 13(20): 2844 [DOI: 10.3390/
w13202844]

Huang X X, Ying H T, Xia K, Feng H L, Yang Y H and Du X C. 2020.
Inversion of water quality parameters based on UAV multispectral
images and the OPT-MPP algorithm. Environmental Science, 41
(8): 3591-3600 (& W bl , N7 RS 4, UL, Wi bk, A 3R 0%, L 0%
JR . 2020. 5T TN Z G 3E 5 8 OPT-MPP 551 (1 /K 51 2
B R . FREE AL, 41(8): 3591-3600) [DOI: 10.13227/. hjkx.
201911141]

Kingma D P and Ba J. 2015. Adam: a method for stochastic optimiza-
tion//3rd International Conference on Learning Representations.
San Diego: [s.n.]

LeCun Y, Bengio Y and Hinton G. 2015. Deep learning. Nature, 521
(7553): 436-444 [DOI: 10.1038/nature14539]

Liu D C and Nocedal J. 1989. On the limited memory BFGS method
for large scale optimization. Mathematical Programming, 45(1/3):
503-528 [DOI: 10.1007/BF01589116]

Liu X, Zhao T Q, Cai T Y, Xiao C Y, Chen X S and Zhang W J. 2021.
Spatiotemporal monitoring of total nitrogen and ammonia nitro-
gen in Danjiangkou reservoir. Journal of Agricultural Resources
and Environment, 38(5): 829-838 (XI#T, #X [l i, ZE K X, B &
i, BRIEAT, Tk SCH . 2021, SR UK BRI IS R
ZE AT . R RS FREE 241, 38(5): 829-838) [DOL: 10.
13254/j.jare.2021.0195]

LiuY, LiJ S, Xiao C C, Zhang F F and Wang S L. 2022. Inland water
chlorophyll-a retrieval based on ZY-1 02D satellite hyperspectral
observations. Journal of Remote Sensing (in Chinese), 26(1): 168-
178 (X EBE, R A4, MM, K, BT . 2022, B —5
02D 5 I AR AT RE AR M 2 2% a R JIE R . B AT, 26(1):
168-178) [DOL: 10.11834/jrs.20221244]

Liu Y J, Xia K, Feng H L and Fang Y M. 2019. Inversion of water
quality elements in small and micro-size water region using multi-
spectral image by UAV. Acta Scientiae Circumstantiae, 39(4):
1241-1249 (XIEH, HB, 1ifgsk, Jr250 . 2019, B FTRANLE



2982 National Remote Sensing Bulletin

% RFER 2024, 28(11)

JETE AR W /D RUK BOK BT R IR 2R, 39(4):
1241-1249) [DOI: 10.13671/j.hjkxxb.2018.0362]

LuWT, XuG B, Wang Y, Ying K H, Lin Y N and Xie B. 2023. Re-
mote sensing retrieval of water quality at Jiaojiang estuary based
on Beijing No.2 satellite image and synchronously measured data.
Journal of Hangzhou Normal University (Natural Science Edi-
tion), 22(2): 218-224 (B gile, TR UChl, 5, N FLAE, MOERE, 131
k. 2023, BT AR T AR S [0 SN B (AT A T
F R S50 B 38 AT I R 272 i (F AR ), 22(2): 218-
224) [DOI: 10.19926/j.cnki.issn.1674-232X.2023.02.015]

Ma X J, Song Y Q, Chang B S, Yuan M Y and Su H. 2020. Application
research of P2P default prediction model based on CatBoost algo-
rithm. Statistics and Information Forum, 35(7): 9-17 (%%, ‘K
HEF, % E &, WAL, F5 . 2020. 2T CatBoost 51 [ P2P 5
LB EL S RS . SEiES 65 B, 35(7): 9-17) [DOL 10.
3969/.issn.1007-3116.2020.07.002]

Michaelsen E and Meidow J. 2014. Stochastic reasoning for structural
pattern recognition: an example from image-based UAV naviga-
tion. Pattern Recognition, 47(8): 2732-2744 [DOI: 10.1016/j.pat-
c0g.2014.02.009]

Niu C, Tan K, Jia X P and Wang X. 2021. Deep learning based regres-
sion for optically inactive inland water quality parameter estima-
tion using airborne hyperspectral imagery. Environmental Pollu-
tion, 286: 117534 [DOL: 10.1016/j.envpol.2021.117534]

Robbins H and Monro S. 1951. A stochastic approximation method.
The Annals of Mathematical Statistics, 22(3): 400-407 [DOI: 10.
1214/a0ms/1177729586]

Tong Q X, Zhang B and Zhang L F. 2016. Current progress of hyper-
spectral remote sensing in China. Journal of Remote Sensing (in
Chinese), 20(5): 689-707 (g DA, gk 5, 5K 748 . 2016, HpE R
Ot 15 T S Y I R M%Isz 20(5): 689-707) [DOI: 10.
11834/jrs.20166264]

Wang S M and Qin B Q. 2023. Research progress on remote sensing
monitoring of lake water quality parameters. Environmental Sci-
ence, 44(3): 1228-1243 (L EAF, Z3{1158 . 2023. WK RS 40%
JE M AR F 3 . FRBERLAE, 44(3): 1228-1243) [DOL: 10.13227/
j-hjkx.202203285]

Wang S R, Shen F and Wei X D. 2023. Deep learning based super reso-
lution reconstruction of Sentinel-2/MSI imagery and water quality
retrieval in rivers and lakes. Remote Sensing Information, 38(3):
16-24 (FAH, P75, B/ . 2023. Sentinel-2/MST I 2% > i
43 W R T A I I K O 3 R R L R RS B, 38(3): 16-24)
[DOTI: 10.20091/j.cnki.1000-3177.2023.03.003]

Wu H H, Guo Q Z, Zang J L, Qiao Y, Zhu L and He Y H. 2021. Study
on water quality parameter inversion based on Landsat 8 and mea-
sured data. Remote Sensing Technology and Application, 36(4):
898-907 (U, [EI LT, i Je, T, AT, f] 1 . 2021.
T Landsat 8 15 5B 19K BRSEUCIHATE . 8B SR,
36(4): 898-907) [DOI: 10.11873/j.issn.1004-0323.2021.4.0898]

Wu S Z, Wang D, Ma L K and Xu M. 2015. An overall reading of ac-
tion plan for prevention and control of water pollution. Environ-
mental Protection, 43(9): 15-18 (2 7R ¥, E74R, BIR %, R
2015, [a 7K {5 YL B AT 5l 4945 AATETT R iR
B MR, 43(9): 15-18) [DOI: 10.14026/j. cnki. 0253-9705.

2015.09.002]

Xia G E, Tang Q and Zhang X Q. 2020. Improved multi-layer percep-
tron applied to customer churn prediction. Computer Engineering
and Applications, 56(14): 257-263 (& & &, Fﬁf,i, ik k4 . 2020.
B 22 2 AL P i e B0 e g R L TR TR S N
H, 56(14): 257-263) [DOL: 10.3778/j.issn.1002-8331.1904-0496]

Yang C X, Li Y, Yang J and Shu S J. 2023. Remote sensing inversion
and regularity analysis of suspended sediment in Pearl River Estu-
ary based on machine learning model. Bulletin of Surveying and
Mapping, (9): 117-123 (¥ &I, 4255, H B, & 80, 2023. Hlds
2 R 0 BRI BT R VDR RS T S LR A BT I 2 A,
(9): 117-123) [DOLI: 10.13474/j.cnki.11-2246.2023.0275]

Yang H Z, Zhang J and Li L. 2023. Personalized recommendation
based on multiple similarity and CatBoost. Computer Engineering
and Design, 44(9): 2687-2693 (I 1%, 5k#, 2575 . 2023. LT
Z L AHLLEE FI CatBoost I MMEALIERE . THRHL LR 5 iit, 44
(9): 2687-2693) [DOI: 10.16208/j.issn1000-7024.2023.09.017]

Zaman B, Jensen A, Clemens S R and McKee M. 2014. Retrieval of
spectral reflectance of high resolution multispectral imagery ac-
quired with an autonomous unmanned aerial vehicle: Aggieair™
Photogrammetric Engineering and Remote Sensing, 80(12): 1139-
1150 [DOI: 10.14358/PERS.80.12.1139]

Zhang B, LiJ S, Shen Q, Wu Y H, Zhang F F, Wang S L, Yao Y, Guo L
N and Yin Z Y. 2021. Recent research progress on long time se-
ries and large scale optical remote sensing of inland water. Nation-
al Remote Sensing Bulletin, 25(1): 37-52 (5K &=, 28R4, H195, 2
#izl, 5k J5 5, THER, BhA, F6aL03, B 7 3% . 2021, K FETE
Pl P Bl K A S 2 22 S F 5 0 R . 18 084l 25(1): 37-52) [DOL:
10.11834/jrs.20210570]

Zhang F F, Li J S, Wang C and Wang S L. 2023. Estimation of water
quality parameters of GF-1 WFV in turbid water based on soft
classification. National Remote Sensing Bulletin, 27(3): 769-779
(kT T7, BRE, T, TR . 2023, For—5 TR EMK A
KIS RO o SR R B R AR, 27(3): 769-779) [DOL: 10.
11834/jrs.20232442]

Zhang H J, Wang B, Zhou J, Yu Y, Ke S and Huangfu K. 2022. Remote
sensing retrieval of inland river water quality based on BP neural
network. Journal of Central China Normal University (Natural
Sciences) 56(2): 333-341 (GRE =, 0K, FE, RT3, fl b, 2

. 2022, KL BP it 22 [0 2 By PR il 0 K BT RS A T T
»zajt:é%é%&( [ 48 BE 27 iR, 56(2): 333-341) [DOI: 10.19603/j.
¢cnki.1000-1190.2022.02.017]

Zhang L, Lei J R, Chen Y Q, Chen Z Z, Zhou P, He R X, Wu T T,
Chen X H, Li Y L and Pan X Y. 2023. Inversion and spatial evalu-
ation of water quality parameters of Yongzhuang Reservoir in
Haikou based on drone multispectral data. China Environmental
Science, 43(S1): 258-267 (3K Ik, T 4%, BB, Mratds, 4
ﬁ;f% e, REER, Pr/ME, 28622, /M. 2023 %?EAM&

TR K BT S B 5 PEA —— LU AT K K 2R
'#lifT E AL, 43(S1): 258-267) [DOT: 10.19674/j.cnki.issn1000-
6923.2023.0236]

Zhang Y F, Jiang C, Cheng X and Liu Y. 2018. Deepnetwork structure

design based on base completion and embedded multi-layer per-

ceptron. Journal of Southeast University (Natural Science Edi-



ke 45 . HET LBFGS INiH 22 J2 BRI 265 11 8 i i Al 27K Bt 2 80U i 2983

tion), 48(5): 933-938 (JKE 4, ¥4, B, X5 . 2018, FLF 3¢
AL Al A 2 R IBRAHLI TR EE M 25 1T AR R
(A R B2 RR), 48(5): 933-938) [DOI: 10.3969/j. issn. 1001-
0505.2018.05.022]

Zhao C, Shen P, Li Q, Chen C, Liu X Y and Liao F J. 2021. Retrieval

concentration of TN using random forest algorithm based on GF-
1 WFV remote sensing data. Environmental Science and Technol-
ogy, 44(9): 23-30 (B4, TLIS, 24, BREL, x5, BRUA .
2021. T GF-1 WEV SZAR R AR ARG 5 59 B B S IS
IR S5HOR, 44(9): 23-30) [DOL: 10.19672/j.cnki.1003-6504.
1080.21.338]

ing retrieval of chlorophyll-a concentration in Dianchi Lake based
on orbita hyperspectral imagery. National Remote Sensing Bulle-
tin, 26(11): 2162-2173 (FREME, TRl €, ZEH ., R, A7 00 .
2022. FE TR AR m OGS R AR BB 43R a e BE 18 S IF
7% . HEIEEEAR, 26(11): 2162-2173) [DOL: 10.11834/jrs.20211264]

Zhou B T, Zhang Y Y and Shi K. 2022. Research progress on remote

sensing assessment of lake nutrient status and retrieval algorithms
of characteristic parameters. National Remote Sensing Bulletin, 26
(1): 77-91 (AR, sKAEME, i . 2022. ITAE FR R A2 BATHr
R JLRAF S B0 i S 0F 58 1 L 3B i, 26(1): 77-91)
[DOLI: 10.11834/jrs.20221232]

Zheng Z B, Zhang R F, LiJ Z, Lin L and Yang H. 2022. Remote sens-

Inversion of non—optical water quality parameters of hyperspectral
remote sensing based on LBFGS— accelerated multi-layer
perceptron network

HE Ruyan',LYU Zijun',JIA Sen"?*?

1.School of Computer and Software, Shenzhen University, Shenzhen 518060, China;
2.Key Laboratory for Geo-Environmental Monitoring of Coastal Zone of the Ministry of Natural Resources,
Shenzhen 518060, China;
3.Guangdong — Hong Kong-Macau Joint Laboratory for Smart Cities, Shenzhen 518060, China

Abstract: Water is the source of life, the foundation of survival, a necessity for production, and the basis of ecology. However, under the
dual pressures of human activities and climate change, aquatic ecosystems are facing increasingly severe challenges, particularly the serious
problem of water pollution, which directly threatens the physical and mental health of residents. Water quality monitoring plays a crucial
role in water pollution control, which precisely evaluates the health of water bodies and promptly adjusts control strategies, ensuring the
stability and health of water environmental quality. Hyperspectral remote sensing exhibits significant potential in water quality monitoring.
With the rapid development of Unmanned Aerial Vehicles (UAVs) and hyperspectral technology, UAVs equipped with hyperspectral sensors
have considerably improved in terms of spectral and spatial resolutions. Accordingly, water quality parameter inversion by using
hyperspectral remote sensing has gradually become a research hotspot. However, current research predominantly focuses on optical water
quality parameters, with relatively less emphasis on nonoptical parameters, which also reflect the effect of human activities on water bodies.
In this study, an urban river in a certain village in Guangdong Province is selected as the study area,. An experiment that involves UAV for
hyperspectral remote sensing image acquisition and simultaneous water sample collection is conducted. Then, we propose a multilayer
perceptron (MLP) network model accelerated by the limited-memory Broyden — Fletcher - Goldfarb - Shanno (LBFGS) method, called
LBFGS-MLP, for the inversion of nonoptical water quality parameters. The parameters include Total Phosphorus (TP), Total Nitrogen (TN),
and ammonia nitrogen (NH;-N), which are important indicators for measuring the nutritional status of water bodies. Through Pearson
correlation analysis, spectral bands related to the three nonoptical water quality parameters (TP, TN, and NH;-N) are selected as model input.
Subsequently, on the basis of exploring the effect of different network depths and optimization algorithms on model performance, the
LBFGS optimization algorithm is adopted to accelerate the MLP network, and the loss function is mean squared error. Finally, the LBFGS-
MLP model is applied to spatially analyze the concentrations of TP, TN, and NH;-N in the study area. Overall, the LBFGS-MLP model
demonstrates significantly better accuracy on the training and testing datasets for the concentrations of TP, TN, and NH,-N compared with
the random forest, CatBoost, and XGBoost models, particularly in the inversion of TN and NH;-N concentrations. The model’ s coefficients
of determination are 0.71, 0.82, and 0.72, while the mean absolute errors are 0.0118, 0.0394, and 0.0601 mg/L, respectively. The
concentrations of TP, TN, and NH;-N in the study area are mostly distributed at 0.1—0.3, 2—5, and 0.1—0.4 mg/L, respectively, which are
consistent with the survey results. Through this study, the effectiveness of the MLP algorithm in the inversion of nonoptical water quality
parameters is verified, providing a theoretical basis and reference for a more comprehensive assessment of urban river water body condition.
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