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Abstract: Most of the existing algal blooms analysis is based on the monitoring data of the water area, which lacks
the comprehensive analysis of the whole water area. In this study, the eutrophication state and chlorophyll-a concentration
were taken as the characterization indexes of algal blooms, and the remote sensing images and the total nitrogen and
phosphorus in the water were taken as the main research data, then a new method based on remote sensing image 3D-CNN
and nitrogen and phosphorus cycle is proposed. Firstly, the remote sensing image features are extracted based on 3D-CNN,
and the network structure is optimized by bacterial foraging algorithm to predict the water eutrophication level. Secondly,
considering the chemical processes such as nitrogen and phosphorus cycle in the process of bloom formation, according
to the coupling relationship between ‘nitrogen-phosphorus-algae’ and substrate feedback mechanism, a three-dimensional
biochemical kinetic time-varying parameter model was established to determine the outbreak degree and critical conditions
of the bloom. Combined with the characteristic information extracted from remote sensing images, the ENN model was
established to predict the time and extent of the bloom. In this study, the remote sensing images of Taihu Lake Basin
obtained by MODIS satellite and the water quality monitoring data such as total nitrogen and total phosphorus were selected.
The simulation results show that the analysis method based on remote sensing image 3D—CNN combined with nitrogen and
phosphorus cycle achieved good results in eutrophication status and water bloom outbreak prediction.
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Fig. 1 Flow chart of convolutional neural network optimized

by bacterial foraging algorithm
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3D-CNN
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Table 5 Outbreak degree and critical conditions of
water bloom
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Table 7 Prediction results of water eutrophication level

BEFE OFEA 3D-CNNFHi|

2D-CNNF]

WL M FEABGERS)  FEARGERS)
I 9 4 (44.44%) 7(77.78%)
i 16 13 (81.25%) 13 (81.25%)
I 6 3 (50%) 4 (66.67%)
v 4 0 1 (25%)
Bt 35 20 (57.14%) 25 (71.43%)

FEVEYH XS HE T 2D—CNN 53D-CNNJ7 i i H A%
PERE. AR TN ZREFEAZON1 154, MREFEAECH
3520, o BT X I 2R 5 R AR M TR HEAF 2R 5 1)1 25
B[] 4 7 THEAT VRAG . 25 SRAR BH, 3D-CNN 7 V3R 15
TR0 A ) T AR 2, fE100s AT S5 R, A8
%7 VE TR e TR KRS P AR~ 25 TS B 3541 T4
2D-CNNTF2I T4t 3.

4.3 TKHETE RO RE S BT BoK A2 R Tl 45 R

FRYE KT BRI FE 0 “ R 34k LE AL B 12

AR S HRE AL, KA e S HCR e g5 1
WRIFR.

% 8 2D-CNN53D-CNN#) 3 zmbk At Ho 4k
Table 8 Detailed performance comparison between
2D-CNN and 3D-CNN

2D-CNN 3D-CNN
L M ylEs MR

EIRI% BREEFTY) sy BEsFY BT
54.87 57.14 70.25 71.43
54.71 56.98 70.21 71.29

1) /s 53 17 92 32

X9 WASHERER

Table 9 Calibration results of constant parameters

S ARTEHE  RedsR
BRI REKZ gmax 0.01~100 24.7

FeRE AR K7 0.01~10 0.08
BRI R T 0.01~30 21.6
REFBIRRET, 0.01~20 10.3
BB IR IR T 0.01~1 0.09
BEIS BRI g 0.01~110 2.68

WA AN BRI R dy  0.01~100 57
PSR gp 0.01~1 0.014
WA RN BTk dp  0.01~1 0.23

BRAKIEREEME KN 0.01~10 3
BRI AT K 0.01~5 0.51

RIVIUEHEE Ny 0.01~50 23

T IIVIUEVR BEAE Py 0.01~10 3
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Fig. 11 Water temperature sampling data

KL/ C

RNEESHIN B S )G, HEA RS A
Tl FRTIRE ) A, DA K2 “ BT — " = 4Bk sh 13 &
S ARN I 12— 13 .

1.8 T T T T T T
oSl —amikE [\
- 12f — BEIRE N
2 10r 7
= 0.8F B
= 0.6 7
T o4t 1
oot ~]

0.0 — — B = e’

0 5 10 15 20 25 30 35

AN
K12 B BRI Ta pfe
Fig. 12 Time history of TN and TP
05
£ 010
@ 0.05
£ 0.00,
i & o o : 0.5 4 o 157
</ (mg L s S LT

13 “E—Wh—5" =4 s 12 R
Fig. 13 “N-P-alga” three dimensional biochemical kinetic

system phase trajectory

M BIE KR G (t) AR AR S RN R 2R B A
[AIZAL I, S 2 R " =3 )12 R G
ST i I TR1 AR AL 3t o 3(3) SR A1 i
FeFasg M el B, FEEB3 1A KAE AL, Rétib T 7%
ik B RS, U 75 5 3 1o 4 i Pt 2% 2R a2 Y T
{2 1 R B A e K S 3 R IR B AR I 2
JE.

XTI SRR alk FE R TINS5 R, B 148 7R 1 sl
18 53 59 5 38 J& R 3D-CNNARFAE T AR, DA J 2k T

R = HEAALEN N A SRR R
& 3D-CNNHFAEFIIH 28 2R aiflk P 7K 5T i 13 S Bl 1)
ENNG& P E i L h 2.

AW TR X & E IR AR S i R R IR AT A F

HIPPO FRAE, X PR R P REBEAT VP E. X T E

38 &
FACEEL, K5 Wi A S an=8) irr:
= (1 — toplerror) x 100%. (8)
i —:‘ﬂ‘éﬁﬂ\ﬂﬁl | | | |

——3D-CNN &
- —ENNGh& TE

4 ZaikE / (ug - L
N w ES W (=)} - oo O

FEAA S
K 14 H2RaRadR BTN Hh 2k

Fig. 14 Prediction curve of chlorophyll a concentration
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