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Geographic location of the study area and spatial distribution of sample points
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Tab.1 Highest correlation coefficient between water quality parameters and single- and double-bands reflectivity index
TSS 0.69 (732)* 0.86 (168, 111) 0.82 (92, 73) ~0.82 (70, 94)
TN 0.33 (732) 0.65 (85, 41) —0.58 (176, 120) 0.58 (119, 176)
TP 0.35 (732) 0.53 (65, 68) 0.72 (65/68) ~0.54 (65, 68)
CODy, 0.48 (691) -0.81 (75, 92) 0.81 (92, 73) —0.85 (75, 92)
NH;-N 0.75 (729) ~0.66 (12, 80) 0.64 (80, 12) ~0.63 (15, 80)
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, NH,-N , 2 ,
, TSS , R?
, 0.94, MAE  14.3%; RBF
, TN  CODyy, , R? 0.89 0.85, MAE
15.8% 17.6%, RBF
2.4 R* MAE
; TP,

, , R 095, MAE 14.8%;
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Tab.2 Evaluation on the inversion model of water quality parameters index

TSS TN TP CODy, NHj-N
R? 0.76 0.71 0.83 0.74 0.75
RMSE 52.34 0.52 0.52 6.06 0.44
RPD 0.88 1.01 1.22 1.12 1.01
MAE 26.8 28.1 20.4 21.2 27.6
R? 0.81 0.75 0.89 0.78 0.72
RMSE 53.67 0.52 0.44 6.22 0.45
RPD 0.85 1.12 1.24 1.45 1.13
MAE 25.6 27.4 18.5 19.7 26.2
R 0.94 0.53 0.84 0.81 0.78
RMSE 41.79 4.06 0.46 6.15 0.42
RPD 1.54 1.13 1.19 133 1.15
MAE 14.3 323 18.6 18.6 25.6
R 0.84 0.87 0.86 0.81 0.88
(LS) RMSE 46.43 0.46 0.44 6.03 0.31
RPD 1.27 1.26 1.35 1.32 1.44
MAE 18.8 225 16.9 185 221
R 0.88 0.89 0.92 0.85 0.82
(RBE) RMSE 43.45 0.45 0.41 5.01 0.38
RPD 1.31 1.55 1.37 1.58 1.34
MAE 16.8 15.8 15.9 17.6 23.1
R 0.88 0.83 0.95 0.83 0.81
SV RMSE 44.52 0.56 0.39 5.56 0.37
RPD 131 1.34 1.52 1.34 1.36
MAE 17.1 18.2 14.8 18.4 22.8
6 TSS TN TP CODyy, NHX—N 17.6% 22.1%, TSS TN TP
6 ,TSS TN TSS TN TP CODy, RPD
TP CODy, NH,-N 11, 1.5, ,  NH,;-N
R*  0.85~0.95 , RPD  1.44, ,
, , ,TSS TN TP CODy, ,

, CODy, NH,-N, MAE NH, -N
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WATER QUALITY MONITORING OF INLAND AQUACULTURE PONDS BASED ON
UAV HYPERSPECTRAL REMOTE SENSING TECHNOLOGY

LIU Mei', MA Qi-Liang®, YUAN Ju-Lin', NI Meng', LIAN Qing-Ping', GUO Ai-Huan'
(1. Agriculture Ministry Key Laboratory of Healthy Freshwater Aquaculture, Key Laboratory of Fish Health and Nutrition of Zhejiang

Province, Zhejiang Institute of Freshwater Fisheries, Huzhou 313001, China; 2. Center of Information Technology, Huzhou University,
Huzhou 313000, China)

Abstract

and wastewater treatment ponds of a farming community, a real-time early warning and digital control system was established.

To accurately, quickly, and comprehensively monitor the changes in water quality of inland aquaculture ponds

In December 2020, a farming community in Huzhou City, Zhejiang Province in China was selected to conduct the
experimental research. An unmanned aerial vehicle (UAV) equipped with a GaiaSky-mini hyperspectral camera was used to
collect near-ground remote sensing images of the area, and these images were pre-processed in technologies including image
stitching, radiation correction, and geometric correction. Next, the reflectance bands were transformed numerically using
difference, ratio, and normalized difference index. The sensitive bands of different water quality parameters were determined
based on correlation analysis results. Linear, exponential, and polynomial functions were used to construct quantitative
inversion models for each water quality parameter. Partial least squares (PLS) regression, radial basis function (RBF)
networks, and support vector machine (SVM) inversion models were constructed, verified, and evaluated in the full bands.
Finally, the spatial distribution of water quality parameters in the study area was predicted and analyzed based on the best
water quality model available. The results show that the maximum correlation coefficients of total suspended solids (TSS),

total nitrogen (TN), total phosphorus (TP), potassium permanganate index (CODy,), and ammonium-nitrogen ( NH,-N ) were

0.86, 0.65, 0.72, —0.85, and 0.75 respectively. Comparing the six modeling methods, the model constructed via polynomial
functions had the highest accuracy for TSS inversion, the PLS model had the highest accuracy for NH;-N treatment

inversion, the RBF model had the highest accuracy for TN and COD),, inversion, and the SVM model had the highest

accuracy for TP inversion. However, the accuracy of NH4-N inversion requires further optimization, while the other four

water quality parameters all met the prediction accuracy requirements. Based on these results, a spatial distribution map of
water environment in the farming area can be established via UAV hyperspectral technology, with which a rapid and accurate
evaluation of water quality in farming and tailwater treatment ponds could be achieved.

Key words UAV; hyperspectral technology;

inland ponds; machine algorithm; water quality inversion



