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ABSTRACT

Aims: Under the influence of high intensity human activities, e.g. urban expansion, offshore pollutant discharge and
marine resources over-exploitation, various ecological problems have been caused in recent years, especially plant
species decrease, productivity decline and ecological function degradation in coastal wetland. In this context, a quick
and accurate understanding of types and distribution of plant species is of great significance to coastal wetland
biodiversity conservation and ecological sustainable development. Due to cloud cover in coastal zones, it is difficult to
obtain effective data by using optical satellite remote-sensed images. However, unmanned aerial vehicle (UAV) remote
sensing technology can overcome weather constraints and provide intelligent and flexible data acquisition for a feasible
technique for plant species monitoring in coastal zones. Compared with pixel-based classification methods, object-
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oriented classification method can effectively avoid the salt-pepper phenomenon with better classification performance.
However, only the low-level features are applied to the object-oriented classification method. Because of this, it is
difficult to improve the classification accuracy for complex regions with many plant species. High-level classification
features are used by a deep learning method to identify land cover types to achieve higher classification accuracy. In this
study, combing UAV remote sensing technology and object-oriented deep learning method, plant species information of
coastal wetlands was identified and classified.

Methods: A representative coastal wetland area, located in Minjiang River estuary of South China, was chosen as the
research site. High-resolution visible-light images of Minjiang River estuary wetland were obtained by UAV, and field
sampling sites were collected by GPS. By the correction, splicing, and clipping of the UAV images, the digital
orthophoto map and digital surface model were obtained. Then, on the basis of object-oriented multiresolution
segmentation, the optimal segmentation scale of UAV images was determined by the scale parameter estimation model.
The optimal feature combination was selected from spectral, texture, shape and height features based on separability
analysis. The U-net deep learning method was used to extract the plant species information of coastal wetlands, and its
classification accuracy was compared with four machine learning methods: K-nearest neighbor (KNN), decision tree
(DT), random forest (RF) and Bayes.

Results: Combing object-oriented method and the U-net classification method, the classification results had the better
integrity with less mixing and misclassification than other classification. The object-oriented U-net method could
effectively avoid the salt-pepper phenomenon with overall accuracy (OA) 95.67% and the Kappa coefficient 0.91. The
OA and Kappa coefficient of each classification were in descending order: U-net > Bayes > RF > DT > KNN. There
were significant differences between the producer accuracy and user accuracy of a single plant species in different
classification methods. Kandelia candel, Phragmites australis and Ipomoea pescaprae had higher identification
accuracy, while Scirpus mariqueter and Cyperus malaccensis had lower identification accuracy.

Conclusion: The object-oriented U-net deep learning method has a favorable classification performance, and its
accuracy is significantly higher than other methods in our study. The selection of optimal feature combination is the key
to improving the extraction efficiency of coastal wetland plant species information. Our study could provide references
for fine classification of coastal wetland plant species, as well as monitoring and biodiversity conservation management
of coastal wetlands.

Key words: plant species classification; coastal wetland; object-oriented; U-net deep learning; unmanned aerial vehicle
remote sensing; optimal segmentation scale; machine learning
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Fig. 1 Location of Minjiang River estuary wetland and distribution of species sampling points
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Fig. 2 Flowchart of coastal wetland vegetation classification based on object-oriented deep learning
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Table 1 Information of feature space based on the visible-light images of unmanned aerial vehicle
FA RHAESRBR AR T AR MMAHEA S 555 30k
Types Feature factors Formula/Explanation Be screened into the References
optimal feature
combination
HHEREE Mean R LU BOGIE S 35{E Mean of red spectral brightness SEMRAESE, 2019
fs,’éiztrr;l Mean_G SRk BOBIE LB H5{H Mean of green spectral brightness v FMAEAE, 2019
Mean_B T BOGIE S 1 Mean of blue spectral brightness v ZMIELE, 2019
SD_R P B SR EZE Standard deviation of red spectral brightness v %A HESE, 2021
SD_G SR BOGIE S ARMEZE Standard deviation of green spectral brightness v AR A, 2021
SD_B W B IE = briEZ Standard deviation of blue spectral brightness v AL, 2021
GBDI 415 72 453 Green-blue difference index, GBDI = (G - B)/(R+ G+ B) JA V45, 2021
ExG T 4kF8 40 Excess green index, ExG = (2G ~ R - B)/(G+ R + B) N FAREE, 2016
NGBDI VA — AL 2= FF5 20 Normalized green-blue difference index, N VE/NREE, 2015
NGBDI = (G - B)(G + B)
NGRDI JA—1b SR 4T 7 54840 Normalized green-red difference index, v Hunt et al, 2005
NGRDI = (G — R)(G + R)
VDVI ] WG B 2= R TR L Visible-band difference vegetation index, E/NEEE, 2015
VDVI = (2G - B— R)(2G + B +R)
ExG-ExR It GRS T840 Excess green minus excess red index, v I %, 2015
ExG-ExR = (3G — 2.4R— B)/(R + G + B)
DEVI ZF R E IR Difference enhanced vegetation index, HEE 2021
DEVI= G/3G + R/3G + B/3G
oUHEERE GLCM_Mean 1 Mean, L L v SEFRFEZE, 2019
Texture u, = zziP(i,j)
features =0 j=0
GECMESD trifE % Standard deviation, , L J HHMIES, 2019
o,= {ZIP(A M- ui)z}
i=0
GLCM_Homogeneity {;[5/{# Homogeneity, 2L A HEEHESE, 2021
Hom = ZP(i,j)/[l+(i—j)2]
=0 j=0
GLCM_Contrast *FECEE Contrast, Lol Ll PRAEMEEE, 2021
Con=" > (i~ )*Pli. )
=0 j=0
GLCM_Dissimilarity #1514 Dissimilarity, Lo L J FEAFHESE, 2021
Dis = zzp(i,j)x\i—j\
=0 j=0
GLCM_Entropy {5 5@ Entropy, L L J A EE, 2021
Ent = ZZP(:’, AP, j)
=0 j=0
GLCM Secondary i Secondary moment, L L AR IEAE, 2021
moment Sem = ZZP(L b))
=0 =
. N2 . ‘g‘k:.:‘f
GLCM _Correlation  #5%1# Correlation, Cor i i Emi o Pl P N BRI, 2021
0;
=0 =0
JEARFFAE  Shape index TEARIEHL, B PEYURRAE 14540 Shape index, an index v WA= 7545, 2019
Shape reflecting the shape characteristics of the entire patch
features  Compactness BB, RIPEEAE 2 (8] 0 A LA B2 L% Compactness, reflecting v HkA=J5%%, 2019
the tightness of patch distribution in space
Density SR, A T AR B FIBEEREE Density, reflecting the number of v YKAZJ74%, 2019
patches per unit area
Area TR, WBEERAT 525 [ K/ Area, reflecting the size of the space v A= J548, 2019
occupied by the patch
Rectangularity fit FETERE, MBEET HAMER T 78 FEE Rectangularity fit, N A= J548, 2019

reflecting the degree of patch filling its surrounding rectangle
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%=1 (&%) Tablel (continued)

FHERA RHESR R AR

i N IRHE & 275 3CHk

Feature  Feature factors Formula/Explanation Be screened into the References
types optimal feature
combination

EIEER4E Max_Height 1 5 B K {H Maximum height ThRiR4E, 2021
IfLIelt’ﬁht Min_Height 11 /% #/MBE Minimum height Ri%%s, 2021
eatures

Mean_Height M Average height TRtk 4E, 2021

SD Height = EFRUEZ Standard deviation of height IRIRSE, 2021
v BRI AR IS T AT o B S T R N I AR IE AL S . Ry G B RIFEIRTELL. G WEIB T RAARMB T I K BEAE; 18 A A o A

077 ) E IR i) — SHE R IR AR 53 A ik B RE SR, 12 NPG, J, d, 6), LNSARIKIE S5

v indicates that the feature factor is selected as the optimal feature combination based on separability analysis. R, G and B represent the gray values
of pixels in red, green, and blue band, respectively. The gray level co-occurrence matrix describes the probability of occurrence of a pair of pixel gray
values with a distance of d in the 6 direction, i and j, respectively, denoted as P(i, j, d, 6), and L is the image gray level.

FLHETENVI 538047 5 SLHLK iR B 702K
142 RERHE

YL (decision tree, DT)/&Breiman®s(1984)
P& B — B e B HL S T B 4 2R AR, g il
SR 2 A0 B A SR A 8 — A R SN . R 3R
o R AR FRAE VA AR v, A B2 R H A
BT R PR S AT B BY SR i /N A 45 1) R
B, ZRIE LA (BT, 2021). R, oA A A
BARGH e s, 8T N T
R, WRN R ERG SN, ARW
U SREAN HE AT . RS A B KT SRR S
AN P SR IR B (Hua et al, 2019). AHF 5K
FHRE A party £ S 30 4 564 702K
1.4.3 RKEHLFRI G2

B BLAR AR 7 25 A — Tl 35 T 40 SR [ A ) 22
YL 43 I 5 v (Breiman, 2001). BELARAR 1) 5
SR BE AL LA ] A I 2R il 22 AN I R A
VERZ I ZRER, B ER TR 5 52 il k43 2K 5,
SREABIRE P A R . BRG] DAk
PR AR, HLEAG kS f 5 AN a] DU R AE E 2
AT HE SR S . AR EHRBRMG D
randomForestf SE I FEAL AR 7325
144 DUMETS 2

DU 3 43 28 (Bayes) /& & Fl 70 I8 2% Hh 7 R R
NE 28 i /N B0 A L5 25 5 AT B4R L 1 33 KU
s/ AR, o R R R I T SN S SR A
2, M DU A TR AR, BIZA R
J& TR, RERA &K AR
R G @SR LR 5, 2020). D2k A
B2 KEHIR I AE W BT B & mEs g, X

Fraf OISk, 45 0 AT R AT 5T B AR FHR
At Hrbnlearn €SI D17 432K
15 SIERHMEITE

BT B A 52 R R R EUHE R R ARORS T
(overall accuracy, OA). Kappa R, H ) H E (user
accuracy, UA)FIA: =35 k%5 & (producer accuracy, PA)
XFU-netiA i 2 SIS R M4 FR LS 27 S AL 73 S
FEBATIEMY « B PP S8 R AR T 5 A a0 R (F R 45,
2020):

>N, 3)
OA= £ -5x100%, =1,k

N..
UA=—x100%, N,, =N;; + N, +-*+ N, (4)

1

i+

N..
PA = —5x100%, N,, = N, + Ny +*+ N,; (5)

+i

NZNii _ZNi+N+i
Kappa = —=! T L (6)
N? - ZNi+N+i
i=l

b, K 1A KRR N RE AR, N, A R A
HIE WA RO REA R, N TR BE A th i frr e
R N NSEBR A KB4 ik MR R

21 mMNEIRE

AT TR R S Al T A 3R E T 124
Lo FIR P # I A (K3), Jerp s s an o 1 RS
ZH0N33, AU EIRESHON62. IR
oM I iR L BRI X BIRCR (R2) AT R,
SRRENE 2> F R AT SEURTI AR . 38— PR =
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131
12F
1nE

10f

J&#B 724 Local variance
Yol

'
g
W

»
=3

—— JREB 72 Local variance
—o— RER T 25 AR AR

Rate of change of local variance |

Vo Vip =

Rate of change of local variance

(62,0.42)] ¢ 5

E3 AESFIRENERAFERAL R

L L L L 1] 0
45 50 55 60 65

A1 RE Segmentation scale

Fig. 3 Local variance and its change rate for different segmentation scales

®2 RUEEESNERDEIRESEIFRILL

Table 2 Performance comparison of optimal fine to rough

segmentation scales

FEIRE IR
Segmentation Segmentation
scale effect

scale

DEIRE  oEICR

Segmentation Segmentation

effect

33

35

37

39

43

46

L 149

1045 (20, 0.8949)
09
0.8
0.7
0.6
0.5
04
03
02
0.1

0

T[4+ B3 HE B Separable distance

0 5 10 15 20 25 30
FE%L Number of features

El4  SAREHEDS B4 BTN

Fig. 4 Evaluation of optimal feature space dimension

V5] 43 A %1, BTNy ST KA B 0 A5 e LA
BRIE . STV LRIV Fh
%, HFERA . BVELANEWEMZ R, K
PRI ER33 R Bl 3 B RS o
22 HEHFEAI BN

I AT o 8 B B SRS WD AR R AR 4R AR AT A
T, 19 BIARIRHE 2 () 45 B2 ) v] 23 P (1 4) . S FAIE
2% 6] 4k B (BVERAE R0 9200, AT 79 B8 1 B8 04 B e A
{50.8949, F WAL MEFEAE A N AR Y FHE] )
B A B SR AL e A, TT A PR AR AT,
ENAR B RS EFEH A (R ). B 1 0 1k B4R AL 45
RATH, SRR A LA BRI RHE . SOAFE
FTIRFFAE3 S, HA AR iE A R & 2 (101), &
PRRHIE AT ARFFAE R Z (B 51) o
2.3 FEEXTEL T

TE TH ) % R EAAR S LR AR I8 B ) 6tk b, 40 )
F FH U-neti# & 27 =1 J5 A4 fh SR KL 88 2 =) 73 2505
PRSI TS X VR A D R I 43 25, X ey
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R R (&15) KAEFE(R3) A, U-net7r KB i
af, oy R BMBRBHAM YN, REAT ROk
G BEE DG . %% FRE RN SR MK appa £
Ho WK EINHEF : U-net > DU > BEHLARAK

> PR > KA » U-netiR B 27 2] 7 1E (1 70 25k
FE i, AN EIA95.67%, KappaZEN0.91; H
o RO AE PR R AR PR R S B s, N 100%,
SyBT IR, ] RE AR L 7T X P AR A 4

(a) EADLAT LGB (b) E X HR-KEHRITLR (c) THTAXTR-PHEARS (d) T[] X G- BEHLFR AR
Visible-light image of Object-oriented Object-oriented Object-oriented
unmanned aerial vehicle K-nearest neighbor decision tree random forest
T 3 Ty ol LES S o R N
: 0 30 m
A
o Bkl
Kandelia candel
. R
Ipomoea pescaprae
ok
Rl Phragmites australis
o s EEEREE
N N ﬁ‘& ’ ﬁ Scirpus mariqueter
R , v, ) B i, -
(©) E X R- DL (O X5 -U-net HEES] (g) U-net HEEZ:>] Cyperus malaccensis

Object-oriented Bayes  Object-oriented U-net deep learning U-net deep learning

E5 ETARGZENMRXEMERIEHHEKLER

Fig. 5 Classification results of wetland vegetation types in the study area based on different methods

"3 TRDEFEDEBELE

Table 3 Comparison of classification accuracy of different methods

T A e T K54l SRR BEHLARHK DU-Hip U-netiffZ 2]

Wetland vegetation ~K-nearest neighbor Decision tree Random forest Bayes U-net deep learning

e PRI PRSI PO PRI RO PR ARSI PR RSO R
Producer  User Producer  User Producer User Producer User Producer User
accuracy ~ accuracy accuracy ~— accuracy — accuracy accuracy  accuracy accuracy  accuracy accuracy
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

M 60.00 92.31 80.95 100.00 90.48 100.00 7143 100.00 75.00 93.75

Cyperus malaccensis

SRR 58.06 58.06 80.00 66.67 86.67 61.90 96.67 72.50 90.32 82.35

Scirpus mariqueter

=N 75.00 100.00  75.00 54.55 81.25 65.00 100.00 72.73 87.50 100.00

Ipomoea pescaprae

=1 93.30 84.78 87.08 92.39 83.73 96.15 88.04 97.87 98.56 97.17

Phragmites australis

V@il 37.50 64.29 79.17 67.86 95.83 62.16 95.83 65.71 100.00 100.00

Kandelia candel

Js¥uvdics 82.00 84.67 85.33 89.00 95.67

Overall accuracy (%)

Kappa R % 0.60 0.70 0.73 0.79 0.91

Kappa coefficient
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Bl )E#E Ipomoea pescaprae 7935 Phragmites australis
[0 #k3ih Kandelia candel [l 552 Cyperus malaccensis
Bl =R Scirpus mariqueter

E6 MmEMNR-U-netiREF 3 (a) 5U-netiREF 3 (b) /7%
DRERFEBTIRILL . FERXFAZIEIMEERE, 47
TR, FHEARM, BETHRENSLSENER R IKRA
B, HHIMESEE, MEER AT AR B RIZIE)
B, BEEAERMX O TEIEIFE.

Fig. 6 Local detail comparison of classification results
between object-oriented U-net deep learning (a) and U-net deep
learning (b). At the community boundary, plant species are
often mixed with unclear outline and similar image
characteristics. The results based on pixel classification method
show obvious “pepper and salt” phenomenon, which is prone to
misclassification. In contrast, object-oriented method could
effectively avoid this problem and distinguish different plant
species more accurately.

250 T (a) r,\mﬁ,\/vm,\/wwp«: 1.00
Q
o 2.00 080 3
E 4
2 1.50 100 §
= — VI Train loss g
™ 1.00 — IBUFHZR Validation loss 1040 <
% _/ — YIZHKEFE Train accuracy 1020 g
050 IUEMSBE Validation accuracy | 42
1 Aaal\
0 ; 0
0 20 40 60 80 100
%L Epoch
2.50  (b) '[\'\/\/\/\V/\’\/\/\/\ﬁ-ﬂ\/\«/\/\.ﬁ_\n./v\: 1.00

o 2.00 {080 2
E g
s >
; 1.50 —Y|Zx#i 2k Train loss 10.60 8
S —IEH 2R Validation loss g
ﬁ 1.00 I — AR Train accuracy | 040 E{
= 050l KUERSBE Validation accuracy | 020
&

0 1 1 1 1 0

0 20 40 60 80 100

&A%K Epoch

E7 EEXR-U-netiRESF 3 (2) 5U-netiREF 3 (b) 73
FERRENIZ S KR K ERAEE XS

Fig. 7 Loss value and accuracy comparison of model training
and validation between object-oriented U-net deep learning (a)
and U-net deep learning (b)

YOFh, BKACNARAAEL, WL 5o B, Shar A,
HEENTIRAEISR, BA B RIX 53R,

X LG Tl 3 S5, AN [RIRE AP F () A 77 25 K
FERH RS BEAPAE R 22 5 . Horr, P2 R A
FEY R, H AR O AT RS E 4 E 80% LA
bo fEKEUTAR. DM HiFiU-netr 5+, BRI 7
FHGFER R, A=k B A ok B & DA —Fha]
15100%. FHECTE, =1 B HLNIURT Y2 (10 A
FERAR.

BEAh, SRt PUTHI ) X B -U-netd 5 5= 2] FlU-net
REEZE I RIS, 0BT 38 10 845 (KI5t
Pl 6) LA B A5 Y 1| £ R0 56 AIE (1) 453 2R B 55 8 B (B 7) T
a, R B RS E RN, BRI U-nett 24|
SR 53 G5 RATAETS BRI AR, 11 25T 10 m) of
F-U-netiR B2 > 1) 43 5 45 F nl ik b 1% ) /L

VY S ARV W RS AR A0 70 0 U 2R
MR E S RN AAEEZE L. Ak, &
AfF 7 i 1) 90T 11 S 2R 3 b 23 A1 X 9 F 700

Z, D ANUAT W38 B GO AR I, # i
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TP IR SRR FEE 2 3] BRI RVt R A ) R
S5 HKTT . EITER AR ESHA TR A e &
W AR BIRE, FFRET & 7 17k 7
I VZIRAS [ERE TN R S AR 22 5, B8 B TET [F) 0T
FERE S ) TNERR S, 7RG R R4F B
WERE T BT %00 K077%, VLI 1 L A i 1
TV o3 Rt RS E1£95.67%, B IMERTF
BA—EWILH, XA RV IR A ) Pt 1 R )
BOUKGHE, "N RV o R SR R R T
EXFSSEEE.

X TAE G B TR R Rk, IRFES: 2]
TI AT AR SRR o R AR E, B PR
SEPRR TR ER, I3 A5 IR oI R IR
B, A3 e AL ER ) TAE &g . ML 5,
THI [) 0 R 3 KT AR B T N R, AT 2L
T G 1% ), IX 5 BRI A5 (2012) FILi%E (2015) 1
W SR8 R, 76 Rt %4 2Kt 2
AN ] TARJE R 3 RAFAE, B TR 2
(RS2 XA, HL 73 RS B A DAk — D4 i (10 12
&,2020)0 HIL, ARFFRMNESRHARIAE LK, ¥
TH] [7) 0] G5 PR 2 S B A, G T SR B
R A HERESERE JCEE ] /. A, A4y
RAE WA LR TE N — B, AR T e EfE 1
) o G R AR 2 FIREE, FR 704248 T AL AT WO se
B SO, TRARAN G LS B30/ MRFE, AH
TR AT TL, A TR R AR R R S R A 3
R YRR R . TEBLIERE b, i GuREAE T
R P FRG SRR T R, i — R AR
FRAELH A BET 2 BRIk . [FII, N T S f st sy B F0
TRV AW FC 73 K TTVE 70 RACR, 4 U-netif &
2T7 4R - RINLES 7 ) J7 ik 4y 8 45 Rtk 47
T LG o 7 A RV AR Y)Y P 2 R T
A BT B, R TR R A ) RS A
HEEGSHENE. 5% 2020)F &6 71 5%
(2021) K HE V) Py Aot B8 B 7y SRAR L, AT 78 A 0
T2 Y AR AT O AR, o 2R H U-netiR
J5£ 2 2] T iR N e 1 M A P ) A AT RS B 2R,
G5 RN AW T R ITVERA o R aE R R
OF KRR RE L, 2 RRCR R T H X R S
TRBE2E 21 0y KOT R4 B AR S, T B E T
ATIE S P K S 1R 7 V200 T 2 2R R D R R R R

FEw rRRORL R, v ORI IR AR Y P Fh 2 R
PR RO A B E R R S5 .

KRHFF A, FERERAN R EA A, =
BRI A BREARAN, BF 78 X IR P Rl 2 A
EAKY), = ERBUN, PG BACKEL, B
X JE EAFMFT T N TRE MR P93 R
ARG SR S, SRR BN,
DR b R HF 7 X VR AR 0 ol v 22 S AN
WAk, 2563 RaE R LB HMAE TR, U-net/y 254G
ST TR L 1 S R A DXRE A B R 2 ) A3 AR,
N RS R AR A AR S AL MR, X
522 BT RS B SCRUARIE, 1990)  J5 7 (KK FH
HAE, 2011) =ARBERLRAIBCNZE 72, 1992).
PSR A (B R AR A5, 200 1) ORI 7T 45 SR — 5.
T 70 DX RE P 7 B A 552 o ol b B30 33 1) 2% i IR
(6] 53 A, HET& AC S AEAE AN FIRE AR & A K,
AT AR R, X5 ma%
(20173 VL H A Fh o3 A (R ik — B #5700
R FEAEREE A X B YA B X 35, an: 73
(R 23 32 B v T R ) & <8 S Al DA 1a] i i
GHREE ST MR T o

RIS 7B K808, B RA
—EMRRYE. FovEBER AR R Z R, A
AN A 5% L AR AR T AN L
JAR, RALRARE RECHA IR, NI meTHE
B FE S E i IR, 4 5 I S b
] SRR RS (2 e . skl Bob
RS s A 2 P TR R AR YR, 2R AL T
YR AT IR S BT . BeA, RIS
FRAG IS BN 7R, YA KCHE RS, AR o
B G BRI S, WA 7t iR = B R A
ARG RS, (Rl T & BAREY) FIAE R A
A, KB af s, NHTHEPF 2]
WDRDILG, BRI A SR T 2238 N 2 B A SR 4
WP RER.

Bl Rt moRRE XA A REY R I/EA
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