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Table 1 MSE with different layer numbers of network structure

RelLU (x)= (8)

Layer number 2 3 4 5

Best MSE /(mg/m®)  0.305 0.096  0.181  0.198
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Table 2 MSE with different batch sizes

Batch size 16 32 64 128

Best MSE /(mg/m*)  0.202  0.147  0.177  0.272
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Table 3 Model building environment description

Operating  Programming . .
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Table 4 Chlorophyll peak range statistics

Chlorophyll concentration range Value
(0.0,5.0] 19183

(5.0, 10.0] 420
(10.0,15.0] 100

(15.0, 20.0] 43
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Fig. 3 Flow chart of water optical parameters calculation
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Table 5 Parameters for simulation of semi-analytic Monte Carlo

Parameter Value
Laser wavelength /nm 486
Telescope diameter /m 0.1

Platform height /m 2000
Field of view /mrad 25

Phase function Fournier-Fornad

Transmission photon counts 10°
Maximum scattering times 10
Profile resolution /m 0.1
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Fig. 4

Chlorophyll concentration profile and simulated lidar echo results. (a) Chlorophyll concentration profile from Argo-BGC;

(b) lidar profile from Monte Carlo simulation using Fig. 3(a)
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Fig. 5 Comparison of filtering algorithms before and after processing. (a) Results of RANSAC; (b) lidar echoes after noise processing
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Table 6 Average errors of different algorithms

RMSE / ME /

Algorithm RE /%
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Fig. 6 Casesdisplayed from PR-Chla and LIMC-BPNN. (a) Casel; (b) case2
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PR-Chla LIMC-BPNN
RE is 0.979 RE is 0.202
RMSE is 1.241 mg/m? RMSE is 0.244 mg/m?®
R=0.464 R=0.982
ME is 0.61 mg/m?* ME is 0.123 mg/m*

© 6

—_a

=

&

=%

8E 4r

-

o ., [ ]

=5 A

[5] =] & ®

= s Y|

g "E e 2

sg2r ;

g5 [F PR

(5] @
E )

0 2

4

high chl concentration, 10-20 m depth

PR-Chla LIMC-BPNN
RE is 0.102 RE is 0.282
RMSE is 0.795 mg/m?® RMSE is 0.482 mg/m?®
R=0.403 R=0.846
ME is 0.545 mg/m?® ME is 0.268 mg/m?®
® 6
=
g
2§ :
SE 4 &
]
o e
=5 $ y
[5] =1 oy <
= ® o8 2
EE | ™
53 2 (N e
B O B ¥ ©
K5 (e pee
g |-
S & J §
P . 4
Mt 1 1
0 2 4

Reference chlorophyll concentration /(mg/m?)

high chl concentration, 20-30 m depth

PR-Chla LIMC-BPNN
REis 1.12 RE is 0.358
RMSE is 1.268 mg/m? RMSE is 0.708 mg/m?®
=0.227 R=0.669
. . MEis 0.929 mg/m? ME is 0.465 mg/m®
® 6
2%
=N £ 4+
o
==
r
=8
=]
B8y .,
o v
= e
g e
- SRt TR &
S ororoiadt’| i
0 4

Reference chlorophyll concentration /(mg/m?)

high chl concentration, 30-40 m depth

PR-Chla

RE is 1.559

RMSE is 2.0 mg/m?®
R=0.038

ME is 1.677mg/m’

=
(=7
[=2]

LIMC-BPNN

RE is 0.4

RMSE is 0.853 mg/m?*
R=0.519

ME is 0.588 mg/m?*

'S

Retrived chlorophyll
concentration /(mg/m?®)
DO

0

Reference chlorophyll concentration /(mg/m?)



&5 43 % % 24 H1/2023 £ 12 B /R3320

low chl concentration, 40-50 m depth

medium chl concentration, 40-50 m depth

high chl concentration, 40-50 m depth

PR-Chla LIMC-BPNN PR-phla LIMC-BPNN PR—phla LIMC-BPNN
RE is 0.519 RE is 0.333 RE is 1:468 RE is 0.359 REis 2_.54 RE is 0:475
RMSE is 382 mg/m? RMSE is 0.156 mg/m?® II%MQS{:‘%}S 1.725 mg/m? RMSE is 0.407 mg/m?® lf;lv{)sgol; 2.757 mg/m? I%MOS}%IZS 0.98 mg/m?
R=0.682 R=0.849 =0. R=0.382 =0.. =0.
ME is 0.235 mg/m® ME is 0.099 mg/m? ME is 1.399 mg/m? ME is 0.313 mg/m® ME is 2.334 mg/m? ME is 0.661 mg/m?
(m) 1.0 ——— m) 2.0 » (o) 6 T
e > %
R e [ . Ao #
R ORIVE o 1”20 A A . ¢
=< 08| L+ A | e =2 | & bAY
E% A3 ;) .o E}i 15 Eé .3? <
gE 5 SR INSRERN " o5 gE EE 4 At °t
priag 2 » & = = o
F 06 & e Ly e S 'S
= 8 oy o ig = =1
= § o : o <= g €8 1%
o B=| e C oy e O = 1.0 ; g a
SR o) 8 00 SR f
©5 o4 G o g5 S5 |7 br
E‘: posle 2 e C: 50 2F LG Subs @
£ « 12“”?.&, 28 58 [, M\,
x5 % B os ® LA | mg0.5— &5 P ¢ ) oy L
S 0.2 b g 0 TS X g o © Y o~ »
Wi e G
I I ’ I 1 S ¢ - ’ I
0 0.2 04 0.6 0.8 1.0 0 0.5 1.0 1.5 2.0 0 2 4

Reference chlorophyll concentration /(mg/m?)

Reference chlorophyll concentration /(mg/m?)
PR-Chla

Reference chlorophyll concentration /(mg/m?)
LIMC-BPNN

B 7 [ e B AR R B LIMC-BPNN 5 PR-Chla 5 8 57 381 25 5 08 42 b5 48 (2 32 31D X LE . (a) (d) (g) () (m) IR v JEE
AR B S S5 R 5 () (e) (h) (k) (n) v B2 /K M B it 29523 5 (o) (F) () (1) Co ) o ¥ J8E /A AR ) 52 3 285
Fig. 7 Comparison of inversion results and dataset labels (chlorophyll profile) of LIMC-BPNN and PR Chla models with different

concentration ranges and depths. (a) (d) (g) (j) (m) Inversion results of low mass concentration water; (b) (e)(h)(k)(n) inversion

results of medium mass concentration water; (c) (f) (i) (1) (o) inversion results of high mass concentration water
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Table 7 Comparison of average errors between two models at different depths
RE /% RMSE /(mg/m*) ME /(mg/m®) R
Depth /m LIMC-
PR-Chla  LIMC-BPNN PR-Chla  LIMC-BPNN PR-Chla  LIMC-BPNN PR-Chla BPNN
0-10 50. 04 17.00 0.371 0.089 0.157 0. 037 0.782 0.991
10-20 44.82 16.03 0. 281 0.174 0.152 0.063 0. 808 0.959
20-30 39. 26 20. 35 0.421 0.259 0.201 0.108 0.767 0.923
30-40 56.53 23.56 0.795 0.334 0.432 0. 160 0.673 0.874
40-50 92.98 35.60 1. 209 0.410 0.715 0.222 0. 587 0.775
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Fig. 9 Comparisons between retrieved and in-sizu in different sites. (a) B3 site; (b) G1 site; (¢) G2 site
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#8  LIMC-BPNN X 52 5 415 11 Sz 3 245
Table 8 Average errors of LIMC-BPNN retrieved to the

measurement value in situ

. RMSE / ME /
Site RE /% , . R
(mg/m*) (mg/m*)
B3 19. 88 0.094 0.068 0.958
G1 10. 24 0.037 0.026 0.988
G2 10. 36 0. 045 0.028 0.965
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Chlorophyll Profile Retrieval Algorithm Based on Oceanographic Lidar
and BP Neural Network

Tie Ning, Liu Bingyi
College of Marine Technology, Faculty of Information Science and Engineering, Ocean University of China,
Qingdao 266100, Shandong, China

Abstract

Objective

Currents, sea waves, and climate changes are generated by air-sea interaction. Oceans cover more than 70

percent of the earth and play a significant role in the ecological environment. Therefore, various countries are researching

oceans. A wide range of substances are present in oceans, of which phytoplankton are important primary producers in the

marine ecosystem and are linked to a variety of oceanic processes. Chlorophyll a is an indicator to characterize the

phytoplankton amount and plays an indispensable part in ocean research. Meanwhile, bio-optical parameters can be

employed in various fields of oceanographic research and contribute to the rapid development of marine research.

Chlorophyll concentration is an important prerequisite for the inversion of bio-optical parameters, and it directly affects the

results of the bio-optical parameters. Active remote sensors with outstanding advantages have become one of the most

rapidly growing and most effective remote sensors in recent years. Since active remote sensing technology does not depend

on solar rays, it can obtain profile information with few detection limitations. As active remote sensing, oceanographic

lidar can be mounted on a variety of platforms and obtain the profile concentration of chlorophyll. However, the traditional
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methods of inverting chlorophyll from lidar signals have poor accuracy, because they are susceptible to multiple scattering.

Therefore, high-precision chlorophyll inversion algorithms are essential for marine research. Since the echo signal and
chlorophyll concentration have a complex nonlinear relationship, deep learning can be adopted to filter multiple scattering

noises, extract the backward scattering signal features, and build a high-precision chlorophyll inversion model.

Methods Four steps are conducted as follows. Firstly, a dataset is built with two parts of label and feature. The label
consisting of chlorophyll concentration profiles comes from BGC-Argo and the chlorophyll optical parameters are
calculated by empirical relations. The lidar echo signals are simulated by a semi-analytic Monte Carlo algorithm and
random sample consensus (RANSAC) algorithm is utilized to distinguish noises. Secondly, a network structure is
constructed by Python. We build a lidar inversion model for chlorophyll based on backward propagation neural network
(LIMC-BPNN) to solve the problem of multiple scattering effects degrading the accuracy. During the training, RelL.U
(linear rectification function) is adopted as the activation function, Adam (adaptive moment estimation) as the optimizer,
and the epoch is 32. Python is an implementation language. Thirdly, chlorophyll concentration by PR-Chla is calculated to
conduct a comparison between the two models. The perturbation retrieval (PR) proposed by Churnside can compute the
lidar backscatter coefficient. Finally, relative error (RE), root mean square error (RMSE), correlation coefficient (R), and
mean error (ME) are leveraged to quantify the results. The models are evaluated separately through three perspectives,
including the average validation set, the validation set divided by water depth, and the set divided by chlorophyll

concentration.

Results and Discussions First, a network structure of LIMC-BPNN is built to extract lidar echo features (Fig. 2), and
its parameters are determined by experiments. Next, a feature of the dataset covers the five oceans, which is around
twenty thousand. The label is created from the dataset by empirical formulations of chlorophyll optics and a semi-analytic
Monte Carlo (Table 3). The data in Table 3 exhibit lidar echoes containing chlorophyll information (Fig. 4), and then a
comparison before and after noise rejection is shown using RANSAC (Fig. 5). After training, the average errors of the
validation set are shown (Table 5). Additionally, two cases are presented (Fig. 6), the results in various chlorophyll

concentrations and depths are demonstrated (Fig. 7), and the error variation at different depths (Fig. 8) is discussed.

Conclusions The results of semi-analytic Monte Carlo can bring chlorophyll features, and RANSAC can filter outliers to
enhance the dataset quality. In the ME of the validation dataset, LIMC-BPNN declines 34.22%, 0.363, and 0. 213 in
relative error, root mean square error, and mean error. The correlation coefficient is increased by 0. 18, which indicates
better credibility and stability of LIMC-BPNN to provide smaller data variances. Meanwhile, the error of LIMC-BPNN is
lower than that of PR-Chla at different depths, which verifies the above findings. Additionally, in low concentration
ranges, three errors of LIMC-BPNN are small. In 0-20 m, the traditional PR method performs well, but in 20-50 m
RMSE and ME gradually grow larger. In medium and high concentration ranges, RE, RMSE, and ME are greater than
those in low concentration ranges, with unchanged stability. Nevertheless, the PR-Chla is stable in 0-10 m and its error
increased rapidly below 10 m. In conclusion, LIMC-BPNN is better than the PR-Chla for chlorophyll concentration.
However, as the depth increases, errors of the two models are accumulated to demonstrate that the attenuation

characteristics of the laser in water affect the accuracy.

Key words ocean optics; back propagation neural network; vertical profile; water optical parameters; chlorophyll a
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