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Fig. 1 Four aquatic plants. (a) Pontederia cordata L. ; (b) Thalia dealbata; (¢) Typha angustifolia L. ; (d) Hydrocotyle vulgaris

2.2 BUETR AL IR

B R ) BCPE i FH ViewSpecPro # 14 i3t 17 4b
B T AT R R B0 25 BR 325~449 nm i [ 1Y
W75 PR B 450~1074 nm 3 B N 0 A 08 o FF IR

BE Y AT SRR A 4 FDOR TR B89 % 3% 4 B vk E AT T
AhER L Ab PR ZE SR E 2 ron . Hop B 2(a) 2R IR
e B L B 2(b) 2R — B R EOLE L A S
6 3% B L 15 2 (o) 02 SR B 5 806 5 1k A2

0211001-2



Ja YOG B 1B 2(d) S R — B 0 S Rk
e J5 0 OG5 B L 1 2 Ce) o SR T Z B X B Bk
AR JE B O BOE o AR JE R e S B0 O T R 1

1.0

E50% £ 28/2023 £ 1 B/HEMN,
S HES i H MATLAB By K BE B 3% 4 58 1 4%
H G 0 B 25X 25 R/ B R AE R A S I ghRE A
LUNEIRE TN

©
@ g
19}
08 &
® &
506t £
g 8
o} i
T 04t 5
- ~ Pontederia cordata L. 2 ~ Pontederia cordata L.
— Typha angustifolia L. Z-0.02 — Typha angustifolia L.
0.2 ~ Thalia dealbata 3 - Thalia dealbata
- Hydrocotyle vulgaris g -0.03 + -~ Hydrocotyle vulgaris
0 1 1 1 1L L 1 P 1 1 1 1 1 1
500 600 700 800 900 1000 500 600 700 800 900 1000
g Wavelength /nm Wavelength /nm
0.008 r
g © T ownp E 006
0006} §g 0000F g
b = $ o00af
; 0.004 8% 00005 F 9 :
= E ~0.0010 F g 8
= 0.002 -o.gl's 680 700 720 740 760 g g 0.02
= Wavelength /nm §
g 0 £ 8
< Qe 0
5 -0.002 | . T
k3 L. — Pontederia cordata L. 8= —~ Pontederia cordata L.
8 -0.004 | — Typha angustifolia L. T -0.02f ~ Typha angustifolia L.
< —~ Thalia dealbata 2 ~ Thalia dealbata
§ -0.006 - Hydrocotyle vulgaris é _0.04 - Hydrocotyle vulgaris
D 1 1 1 1 1 1 1 1 L 1 L 1
&z 500 600 700 800 900 1000 500 600 700 800 900 1000
Wavelength /nm Wavelength /nm
g =
g8
7‘5 0.010 | i
o0 B % =
° LER
@ 0.005 2E-
29 §2-
ds Q \ 670 680 690 700 710 720 730
28
s
E & =0.005 | ~ Pontederia cordata L.
8 - Typha angustifolia L.
& 0010 | ~ Thalia dealbata
5 — Hydrocotyle vulgaris
g ~0.015 b i ; ; i i
0 500 600 700 800 900 1000
Wavelength /nm
12 AFh AR i i it 2 181 L () LR D63 5 (b) — B REOEHE ; (o) ZBr S OGS (D) — B3 28061 ; () Z X 205 4k

W
b7t
Fig. 2 Spectral curves of 4 species of aquatic plants. (a) Original spectra; (b) first-order derivative spectra; (c) second-order derivative

spectra; (d) first-order derivative logarithm spectra; (e) second-order derivative logarithm spectra
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Fig. 3 Gray scale images of 4 aquatic plants. (a) Typha angustifolia L. ; (b) Pontederia cordata L. ; (¢) Hydrocotyle vulgaris; (d) Thalia
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Table 1 Spectral data classification under different models
Model Training speed /(s*epoch™) Testing speed /(frame-s™") Accuracy /%
CNN3 5.56 0.030 85.06
VGG16 43.68 0.048 99.48
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Table 2 Division of different training sets

Training data Testing data

Training data ratio /%

quantity quantity
40 1596 500
60 2394 500
80 3192 500

Training process diagrams of different models. (a) Training accuracy graph; (b) training loss graph
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Table 3 Classification accuracy with different training set sizes

Training data

0

Model ratio / % Accuracy /%
40 0. 83
CNN3 60 84.93
80 85.06
40 97.70
VGG16 60 98. 74
80 99. 48
40 99. 15

C

Our model 60 99. 44
80 99. 50
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Table 4 Classification accuracy comparison of three kinds of models before and after sample data preprocessing

Accuracy /%

Model . First-order Second-order First-order derivative Second-order
Original data o . . o .
derivative derivative logarithm derivative logarithm
CNN3 76.67 85.06 79.59 84.74 80. 21
VGG16 96. 45 99.48 97.99 98.41 97.20
Our model 97.80 99. 50 98. 56 99.10 98.95
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Fig. 6 Training loss value of each model under different preprocessing methods. (a) CNN3 model; (b) VGG16 model; (¢) our model

0211001-6



SE50%5 F28/2023F 1 B/HEHHx

YNGR I B 24 /0N T X8 it s 25040 M 28 At 3k o 4k 381 1)
BN g s, ISR E g & 7 X —45 %
T, — B T BOE T LA RO/ E & R T s TR
SR B AT A A R . DRI, AR ST 4 I 44 4
Fa 285 A — B 3 BRSS9 30 I K AR AR B O 1 B o 2%
B AT LS B 4 I R K AR A W O 1% G PR S o
WA
3.4 KEEMBRENXIEST

E A W58 R W, K AR R — e X 3 21 A0 R Ah
BRI, ) K A2 A 0 003 2T A1 6 S BT LU
SR K A R I R T B I T A R R
TBUA R IR S 3 3 i 45 0, Sk 8 JBOCREOHRS A 1) 3 K AR A
Y19 R AR D 3 3 B, AR P BA R A Grad-C AM 3 X 4t
S K AR R PR A R AT AT AR O . T AT AL
AR AE B 15 B 0 IR 44 6 B2 i b R AE B
mE 7R, N BB 5 RS BUZ A 22 5 3
2K 4)2 GBS R TALRRE I o P e A 3R %
X3l A4 A0 1) A (B, G v o 0 A W 5 AR SR X T
TIE A BB 5

FET 0T AL AR T i 2 B0 A A TEAS 2 R RRAE
P an & 8 7, v A (] 9 26 AR 3R RR AE A BN TR Y
S, 20 AR SRR A A e K

I 3 F (R REAE AT R A BB R B
W T B R L0 I, 25 B A AR B T A RN R K AR
W AE 450~1074 nm 3% BL (1) 32 20 S UR gk B . H
o K o R U B B T AN, 43 il 456~461 nm |
470~478 nm. 714~720 nm, 738~745 nm. 881~
891 nm.906~917 nm.930~941 nm ; #2 1o & i) 73 2 8%

7 R AR P Ca) 7K (D) AR L RE 5 (o) Bl B0 5 (d) 11 ) 4K
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Spectral Classification and Characteristic Spectral Analysis of Nearshore
Aquatic Plants Based on AlexNet

Zheng Zongsheng, LiuBei', LuPeng, Wang Zhenhua, Zou Guoliang, Zhao jiahui, Li Yunfei
School of Information, Shanghai Ocean University, Shanghai 201306, China

Abstract

Objective Aquatic plants can purify pollutants and inhibit algae growth. Therefore, obtaining accurate information on the number
and growth status of aquatic plant species helps monitor the aquatic ecological environment. Spectral analysis, as a vital method for
aquatic plant identification, has the characteristics of noncontact, fast, and pollution-free. However, because they are affected by the
surrounding water environment, the characteristic spectral peaks of green aquatic plants are more challenging to distinguish than
terrestrial plants. The ground spectral data have high dimensions and numerous overlapping bands and background interferences, and
the characteristic spectrum is not obvious. The data are more challenging, and a few ground spectral datasets are suitable for deep
learning. Currently, conventional machine learning classification methods cannot accurately and comprehensively extract deep
features on small samples, resulting in unsatisfactory final classification results. Therefore, the deep learning algorithm and
hyperspectral data are used to classify aquatic plants for the problems of many overlapping spectral bands, background interference,

inconspicuous characteristic peaks, and less self-built aquatic plant spectral sample data.

Methods

nearshore aquatic plants. The classification accuracy and training speed of three convolutional neural networks (AlexNet, CNN3, and

This study uses the first-order derivative method combined with the AlexNet network to classify and identify four

VGG16) were compared to verify the classification effect of our model on the nearshore aquatic plant spectrum and the AlexNet
network was determined as the optimal network structure. Furthermore, the influence of the number of samples on different
classification models was studied, and classification effect of three models under small samples was explored. The influence of
spectral preprocessing on the model’s classification effect was studied, and the sample data before and after preprocessing using four
spectral preprocessing methods were compared. Finally, the Grad-CAM algorithm was used to study the classification model visually
to extract the characteristic bands of four aquatic plants. The sensitive spectrum bands of nearshore aquatic plants were analyzed,
extracted, and compared with the existing aquatic plant datasets. The results are compared to verify the effectiveness of the feature

extraction of this study’s model.

Results and Discussions The classification model based on the first-order derivative combined with the AlexNet network can
realize the fast and accurate classification and identification of this study’s four aquatic plants. Compared with the VGG16 and CNN3
networks, this study’s model has the highest test accuracy of 99. 50%. The model’s training and testing speeds are 13. 56 s/epoch and
0.032 frame/s, respectively, which are 30. 12 s/epoch and 0. 016 frame/s lower than those of VGG16. Although the model’s training

speed is 8 s/epoch higher than that of CNN3 and the testing speed is 0. 002 frame/s higher, the classification accuracy is 14. 44
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percentage points higher than that of the CNN3 model. To verify the model’s classification accuracy under small samples, 40% ,

60% , and 80% of the sample dataset were randomly selected as the training set. The lowest classification accuracy of the model was
99.15%, higher than the classification accuracy of the CNN3 and VGG16 models. The influences of spectral overlapping bands and
background interference on the classification results were reduced using four spectral preprocessing methods to process the sample
data, and the classification accuracy of the three models before and after preprocessing was compared. The first-order derivative
method improved the classification accuracy. The first-order derivative combined with the AlexNet network has the highest
classification accuracy of 99.50%. The Grad-CAM algorithm was used to visualize the established aquatic plant identification model,
and the classification-sensitive bands of four aquatic plants were analyzed, including seven classification sensitive bands for Typha
angustifolia L., two classification sensitive bands for Pontederia cordata L., eight classification sensitive bands for Hydrocotyle

vulgaris, and five classification sensitive bands for Thalia dealbata.

Conclusions This study proposed a spectral classification method of nearshore aquatic plants based on the first-order derivative
combined with the AlexNet network. Taking the four primary nearshore aquatic plants in typical river channels in Shanghai as the
research objects, a deep learning model capable of accurately identifying nearshore aquatic plants was established. The results showed
that the characteristic spectrum extracted using this study’s model correlates with the characteristic spectral bands of similar nearshore
aquatic plants extracted in other studies, indicating that the model is correct and effective for classifying four nearshore aquatic plants.
By comparing the classification effects before and after spectral preprocessing, it is found that the first-order derivative spectral
preprocessing method can effectively remove overlapping spectral bands and background interference, increase the model’'s convergence
speed, and improve the model classification effect. The classification method combined with the first-order derivative method and the
AlexNet network is applied to rapidly classify the spectrum of four aquatic plants: Typha angustifolia L. , Pontederia cordata L. ,
Hydrocotyle vulgaris, and Thalia dealbata. 1t provides an essential reference for classifying and identifying these four aquatic plants
under hyperspectral remote sensing.

Key words spectroscopy; nearshore aquatic plants; deep learning; spectral pretreatment; AlexNet network
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