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Remote sensing recognition of pine wilt disease in Pinus massoniana forest
combined with microwave and optical time-series images
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Beijing Forestry University, Beijing 100083, China)

Abstract: [Objective] Large-scale and accurate monitoring of pine wilt disease (PWD) plays an important
role in forest epidemic prevention and management. Existing studies often use single-phase data, resulting in
greater uncertainty in the accuracy of monitoring PWD, which is easily affected by forest background and
non-host trees. In addition, single data have the limitation of insufficient characterization of disease
characteristics. For example, passive optical data focus on describing the horizontal structure of forest

canopy, and are easily affected by cloud and rain, resulting in missing data; Active microwave data are
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sensitive to forest vertical structure and moisture content, but there are problems such as high noise, low
pigment sensitivity and large terrain impact. Therefore, the combination of active microwave and passive
optical time-series images is expected to reduce the impact of environmental factors while tracking the time-
series change characteristics of the same forest stand, which helps to improve the accuracy and robustness of
PWD monitoring. [Method] First, using centimeter-level resolution drone images to obtain samples. Based
on extreme gradient boosting algorithm, PWD monitoring models were constructed by combining Sentinel-1
C-band microwave and Sentinel-2 optical time-series images. The performance of microwave model, optical
model, combined microwave and optical model in the monitoring of PWD was evaluated respectively. At the
same time, compare the performance of the optimal model under different environment conditions.
[Result] (1) The accuracy of combined microwave and optical model (overall accuracy = 80.62%, Kappa
coefficient = 0.61) was slightly higher than that of the single optical model (overall accuracy = 79.58%,
Kappa coefficient = 0.59), but significantly higher than that of the single microwave model (overall accuracy =
68.87%, Kappa coefficient = 0.36), and its showed the value of combined microwave and optical time-series
data in the monitoring of PWD. (2) The analysis of different environment conditions showed that the model
generally exhibited higher accuracy under gentle slope, sunny slope, low altitude, and high coverage
conditions. [Conclusion] This study makes full use of multi-source remote sensing satellite data and
provides new technical support for large-scale accurate monitoring of PWD.

Key words: pine wilt disease monitoring; optical time-series data; microwave time-series data; vegetation

index; machine learning
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[F 8 R ovy Flove, LK RS 5K & &
A i 2 7 A% 46 B (polarization ratio, PR) A 75 125 A8 #%
$8 % (radar vegetation index, RVD) . #4551t 5 A =
N 1 iR

® 1 FRARERBRESEFERBRRETEARN

Tab. 1

Microwave and optical vegetation indices used in this study and their formula

T 5 2L Vegetation index

i+ 5H A X Formula 22 LRk Reference

975 E /K B 5 3L Disease-water stress index (DSWI)

£ RS PHPUAE T 2L Green atmospherically resistant index (GARI)

&R 5 — 1k 2 57 /K Mg B Modified normalized difference water index (MNDWI)

IH—1L#RHE b Normalized burn ratio (NBR)
VA —4k 2 5718 5 #8244 Normalized difference moisture index (NDMI)
VA —4k 2 74 #4865 Normalized difference vegetation index (NDVI)

AL 2 A HE B Renormalized difference vegetation index (RDVI)

Ak L Polarization ratio (PR)

T ISAE P FEEL Radar vegetation index (RVI)

Bg+B3 [31]
By +By
Bg — (B3 —1.7X(B2 — B4)) -
Bs+ (B3~ 1.7x (B2~ By)) [32]
B3 — By 3
B3+Bll [ ]
Bs — B>
Bg+Blz [34]
Bs — By
Bg+Bll [35]
Bg — By
Bg + By [36]
Bg — By
VBs+B; Bl
OvVV —OVH [38]
4/( 1077 41 ) [39]

12 Bys B3s Bys By By FIB 73 AR ML 4, 0L A4 RIWLLAM I ANRL I LT AP 20 B 565 oy Moy 23 ) A RIARAL AN S XBAL T /5 Tl BT &
#. Notes: B,, By, B4, Bg, By, and B,, represent the reflection values of the blue band, the green band, the red band, the near infrared band, the short-wave
infrared band 1, and the short-wave infrared band 2, respectively. oyv and oyy represent the co-polarized and cross-polarized backscattering coefficient.

TV B SR SR AR I B AR S, AR AR IS
ZE A A, 3R Savitzky-Golay (S-G)JE J #%
XIS Ml 2 AT RV E A, B IR E 0K A
11, Br 80 0, 230NN 2. S-G IEB %0 /&
X N R AT IR 3, IR il i 25
E Wb 2 I AT e RS A B IR
VEAE PR AR R 75 SR AT B 18] 2710 il 2 1 [R] B, R 8
A S P B it 2 A2 A R
23 BESEERNERBERIE

AHIEFUR FH BRI e 52 AR R 7 5 40 2K
BB FIE Sits GFUBEAT AR 2R Hu s 5 MR AR . Siits
LT FAALAS 2 ST BOR X 2 4B 8] 77 91 AR B 47
5328, LA BFE SR S AL BEHLARAR . bk
JEEHE TH AN A R b 28 ) 28 S5 A1 2% 27 21 500, [R] I 4 fik
T K5 AL BAURS FE VAL SR DI RE, H AT R AE AR AR
g LT M A AR B A
23.1 WG AFRIFetE AT 424

i8R e A HLER A A 42 BURR AE B (8]
B o il 2, I K H Bk 2R 2 IR 2K (agglomerative
hierarchical clustering, AHC) 1) J7 1% 3F AT FEAE 3 -
AHC T8 TH AT S AN I A A 8] 1 22 S 4, AR 4

P2 R SORT B 2 M TN, R E A R AR R I
2K (clusters) HEAT & I A2 AR B, PR 48 1 4
=% {54 (adjusted rand index, ARDAE NA R 48 br
PR AR B AT D) E, A 45 5 24 AR RO LA SR 2R 2 T
()22 R AT RE R, ISR AR AT RN T, S B M AL
Al R AR TS BB = R A R 2 H B9, it
10 728 EGHIE R IR AR T B J5 28 X3 UFE A FE 2=
HEE . K 5 BLDSWIL ayy Moy I 7 i 28 41,
J& 7 Ak B PR3 RS2 T AR O3 R AR IR il 2 1 22 e, G
IR ZEHERR 9% BEETEEXIE,

232 WHHARBFHE AT ZI2H]

T EE B LA R W PP 3 R SE I 10 4738 X
BSUESE B, JRLR G IS (] BOACHIRE [ 2% &, S 2K iR
uiti 15 & $2 Tt (extreme gradient boosting, XGBoost) 5.
% . XGBoost 3% LL— A~ 55 Tl #5 #EAT W1 46 4k, ik
T AR P 6 B B Bk e /N AN BRI, 72 B3 AR
HALA TR L AR DR = M R

TS IS R O 2y O TR A RO 5
WA 3 4, 537 FE T XGBoost 524 B Fa 44 28 i
9o T B M ABE Y, 1) FH VI R G (0 A 2R o AN T 9 (X
I 7 B PAT 70 28, SRECA DO FH A . i, F)
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Fig. 5 Characteristic time-series curves extracted from healthy and diseased stands
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I RBES (= 7.57O) M (< 7.57°), WK
B (= 106 m) UK (< 106 m) . HRHE Sentinel-
2 5ot 55 I A BH 5 67 £ (97° ~ 163° )65 3 1) 43 9 BH 33k
(73° ~ 187°) FIEA I (0° ~ 73°, 187° ~ 360°) . HHT A
il 50 R I 2 A A 38 R 4t Sentinel-1 FH3UEE,
AR 52 BIE AR 7 LS, [RIUEARYE Sentinel-1 L2
RAT 75 1) A B (29 —120 00 35 10) 43 948 B 3% (168° ~
348°) A B3 (0° ~ 1682, 348° ~ 360°), JTIT% 2 —
T A (1T 520 3T o

P K1) 3 B SE DR 1 2 00 5 DI G AR RN B IE R
A AT BB, AE R — IR AR N R I
TE 0 5 MR A o T 0 I B R AR IE S UL &
G BTRE LA [ 2R 58 26 A0 T ARSI 22 57, AT AR

T R MEURA A 2 O3 S U ARORE 2 1 DR 2 R B v )
GBI AT T i

3 BREAM

3.1 RUEEE SRR,

¥ oyy Flova LLAERE TR 2L PR A RVI &5 21
TR AE 4 A5 T B B TR) 7 B0 2R AR D [SAR],
BERURE B 48 Rank 2 fioR . 45 BRI, 4Bk
K2 5 HZ 5 AHC BRGNS,
RGP R T e v o I MBI SRS OA N 68.87%
Kappa %A 0.36. b {5 5 1 il RS B2 PA I
I, A 54.71%, A2 F I PA 153 80.92%, i W]
AR AE R N2 FWR . s RSB —
I S XoF T T e AN o, M R D
3.2 REFEEF SRR

L5 B M DA B DA A8, S R 4
e 2EAE P FR B A GO A [OPTD I o £ d ar 432K
BLRY, 200 UFE 13 3 SRR FE OA 4 75.05%, Kappa %
0N 0.50(E 6). F—% 5] MNDWI. NBR. NDVI
SERE B TR BT, o> SR FE AR IR &, R HE A4 Rk
[OPT2]; 3 ek 45, (LR T DSWI — A&
#, I OA JA %] 79.58%, Kappa R HUN 0.59. 45
WA A AR 250, DSWI 5 R0 £k s 3 (1)
e . B 5, HLAE B A N S HOB 22, R B T BRI
(£ 3,
3.3 BERMIKESXFHFENRE T

BT BRE R, BeA B — M R £ DSWI

R2 BREERNNFRE S KEE

Tab. 2 Classification accuracy of time-series monitoring model using individual microwave data

il EI¥ £ Producer’s accuracy/%

F P FEE User’s accuracy/%

i eiikes SAOR P Kappa 73
Index group Overall accuracy/% Kappa coefficient (i HE4 Healthy 9% Diseased (i HE Healthy 24K Diseased
[SAR] 68.87 0.36 54.71 80.92 70.93 67.73

¥E: [SARJE A AR B Fa 2041 & - Note: [SAR] represents all microwave vegetation index group.
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mm ARG Overall accuracy

83 ; e 1 e 10.60
— Kappa #%X Kappa coefficient
®
s, 81
Q
XY S
E 2 79 =
=2y 2 S
B3 1050 5 &
575 V]
73 N S S A DS s 0.45
S Q> S
FTEAELT T
2 Q& <5 {\/\ S {\w\
SRS RO
9 A ¢ <
FEEUH A Index group

[OPT] 48 4= & & % 1 #% 5 £ 41 &, [OPT2] & i GARI. NDMI.
RDVI F1 DSWI AL (e A g B &, <o MR B &
% % 5./ 8 2. [OPT] represents all optical vegetation index group,
[OPT2] represents the optical vegetation index group composed of
GARI, NDMI, RDVI and DSWI, “=” represents removing a single
index from the index group.

K6 AREDEAEBHR B AT RN AR
BAKEFE S Kappa RELELE
Fig. 6 Comparison of overall accuracy and Kappa coefficient of

time-series monitoring models based on different optical

vegetation index group
R3 AEXFERBHASFE TR ENREE
EEESRAPBELLR
Tab.3 Comparison of producer accuracy and user
accuracy of time-series monitoring models based on

different optical vegetation index group %
il RS R oRE L
SR Producer’s accuracy User’s accuracy
Index group fFEX WX REE 2EX
Healthy Diseased  Healthy Diseased
[OPT] 73.99 75.95 72.37 77.43
[OPT] - MNDWI 80.27 75.57 73.66 81.82
[OPT]-NBR 76.68 77.10 74.03 79.53
[OPT] -NDVI 74.44 80.15 76.15 78.65
[OPT2] 78.03 78.24 75.32 80.71
[OPT2] - GARI 78.92 77.86 75.21 81.27
[OPT2] - NDMI 80.72 77.48 75.31 82.52
[OPT2]-RDVI 79.82 77.86 75.42 81.93
DSWI 81.61 77.86 75.83 83.27

A4 AR A B R 2 e A [OSDH Tl g Y, &
B0, MRS N 79.38%, Kappa R3804 0.59(1& 7).,
T I R AR G, A 4 A T AN Y 25 N M ) A 2
(1% N2 BN DSWIL avy F oy I 18] 7 51 B4 (i
Y [0S2]), AMAKESFEL S 80.62%, Kappa RECH 0.61.
5 2 M R A L, ek R 2 ) ) PSR A
SZERMH PR EY W E ETFGE 4, IE LIRS
Sl DO R SR G BUAME B o BB o DL B
£ I S 0 5 DR AR R 4 Sl I8 P B HEAN F 91X SR AT A
A 2% R P [X 43 A B, L HR TG A B A A 2 8
W 8 Fiw, 4 b o 2845 515 o AHLEAZ %

831 mm AR Overall accuracy 70.65
‘Q; g1 | — Kappa % Kappa coefficient :
3 T
s Z 79} 4
==T77 e ]
S y
)
3 75 F
73 N ry Y N 0.55
S S 9
© < &8
NS

G404 A Index group
[OS] # 4= B i A “E A B R $ AL &, [0S2] 4R i DSWIL ayy Al
ovu AR B IR B G, R MBI & PR R AR5
[OS] represents all microwave and optical vegetation index group,
[OS2] represents the vegetation index group composed of DSWI,ovy

and ovy, “—” represents removing a single index from the index group.
Bl 7 AR CS s R R B S A5 AR R IR 3 S A 28 Ao
%5 Kappa R

Fig. 7 Comparison of overall accuracy and Kappa coefficient of time-
series monitoring models based on different microwave and optical

vegetation indices group

x4 AERESEFEREHASFE THREFE SR
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Tab.4 Comparison of producer accuracy and user

accuracy of time-series monitoring models based on
different microwave and optical vegetation

index group %
] Pl 2 F RS R
Fesm S Producer accuracy User accuracy
Indexgroup fgge sk LK RER
Healthy Diseased Healthy Diseased
[OS] 81.61 77.48 75.52 83.20
[OS]-PR 81.61 78.24 76.15 83.33
[OS]-RVI 82.06 77.48 75.62 83.54
[0S2] 83.86 77.86 76.33 85.00

Eb o 767N [F) B5000 054 282 A A e A 78 o, e inl Bt e A
TS 5y 38 VA M 42 O Rt o0 R, T D 2 S B
PSS T 2 3 T AR P M AR, S R 2
RG> oy AT A e AR — 35, 1 B O 2 R CE A M 2
SO W 4 S S A, TR S T R IR
FERMVFIETE o 1295 X 73 A1 B3R B FA A 2k B 52 5
X5 3043 A0, X 5 S PR TE R A 2 B G0
TEOLEYI A

34 INEEFITEER AR T A,

T RARFHES HU A (R DSWIL ayy fllovy ),
TEARIREE 56 AF T 43 AT AU R IR 00 0F . g
RCE9, 3 SHRIHEL MT LR T, R A 2 3 L
/NT7.57°8F, RARKE S OA 1A %) 93.57%, Kappa &
0 0.87, M T3k BEACBEE LR I 2 MG FE s KT
e B, SR AR AL T B3R, OA ik F 92.31%,
Kappa R %A 0.85, LUFEATE [ 3% B 108 B s x0T
AR K1, FEATH AR TR 106 m I, OA & $1#x
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Fig. 9 Comparison of overall accuracy and Kappa coefficient of time-series monitoring models under different environment conditions
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Tab. 5 Comparison of producer accuracy and user
accuracy of time-series monitoring models

under different environment conditions %
i P R RS
R R T Producer accuracy User accuracy
Environment factor gk =K f# gk 2
Healthy  Diseased Healthy Diseased
BEH Steep slope 87.25 88.75 87.84 88.20
223 Gentle slope 93.59 93.56 93.86 93.27
FH3 Sunny slope 93.71 91.09 90.11 94.36
B3 Shady slope 89.48 91.22 91.45 89.21
=R High altitude 87.50 85.71 86.19 97.07
{&IfFK Low altitude  93.93 96.60 96.39 94.28
M Dense forest 92.07 92.17 91.79 92.44
Btk Sparse forest 89.07 89.73 90.23 88.51
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Fig. 10 Characteristic boxplots extracted from healthy and diseased samples before and after disaster
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