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Table 1 List of features for gully extraction
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Fig.3 Relationship between the number of features and

overall accuracy of images with different resolution
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different resolution
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Table 3 Accuracy statistics of classification results from Google image and GF-1 image
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GF-1(8 m) 82.90 85.14 85.45 58.75 77.02 82.60 82.90 85.14 81.56 0.72
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Table 4 Statistical results of gully morphological parameters
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Fig.6 Percentage error boxplots of gully morphological parameters extracted from Google image and GF-1 image
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Fig.7 Simulation and validation of gully length and area conversion model

TH)REAE RS B2 A B 22 AR, 5 m 43 B 238 00 B 40 DA
YRR V)98 Y T B T E RS i Y U YA i R
S HER R 0.5 m AL B IE . 2 m PR
A R R RULRA R R RS R TR DO & 0 Wi
5 TRl FLAR PR 0 2L AR 45 5 R DL I 3 4 S U0
PO B, Liu 2" M 1 m DEM A1 Worldview—3 5%
R RN RS N 93% . ARSCMMFR A RS
IR AR — 2, H 0.5 m Al 2 m 43 HER AL D)
1 F B ORS B 0T 3k 90 %6 LA b, VIV I A HE R 1T
8 m 43 P8 G AR AL W) I8 BN Bl 8500 2,
TH 2 456 17 K305 SEPRAHAT , (058 U U0V 34 4%
HUBE . 0.5 m 4 #EK Google 32 1% #E B V114 2 50 hY
WRZETE 10% LA, 2 m 43 318 GF-1 52 8 3 B 12
2E7E 13% A4y, 8 m 43 BE R & B A0 B i
SR 2R A R RO 46 Ty 1 el S e IR B
RSGAR W) V8 S 500 e e B, AT DLk B AL dr 1Y
FRM AR . RLUHAE N JE R A 0.1 m 5 m 4y B
H Y DEM 52 8 AE oy B8 U5, #E S0 T P Fh Ay B R
DEM & B U1 V4 B S FRIE S 80 S e i Y . P A BiF
G 6 W3 > %) e S B A | B 6% /K kb iR o P R 1 I
SRR e = 0 () B[R] BR A8 4 v AR TS A

B DX I U] 9 132 ol M0

ABIF 5T 2 WY ) T ) %) 4 0 E BIL AR bR B 1 g
i 52 B R RS BE B9 VI A1 3l J B, W 4R TR
DD 48 UCR o BAE R e h e h U B A LU T OF
T AT ket - O AR W A R ) R 1R 2 B Bt ) 18] 't
W BORRHIEATE R A S iR 2. BB
25 () 73 5 LA L% TG o HS B2 2 T EOIR 22 9 A
@ 4% Bl RF AR AL B 0F 70 JORS BE Y LR SZ ma L), 8 A
TPt — P WRAR ., O L a X, IE R MW
R M3 B o0 7y ST AR T Uy 4R B, BB+
B YA AR X 0 B A, R SCHR R DA B B O T
P A A5 70 R 7 05 T T B o UM XA AT
HE— LR

6 % it

DA S 4 SRR {8 8 X BRI D A ST X, LAJE AL
05 0080 S Xk B )P T 1) X6 G2 5 AR 0 B O 1 R B
PLARAR 3 2R 5005 A S 4R DT, 2007 1 3 Fh2r Bk
P RZG RN SRS B B2 T

Lk

(1) ] FH B AL AR b B0 3 3 Ak 45 F 1% o 24, X



% 5

SR B SE I T AN [ o i R SRS AR Bh P DD 34 19 5 20 A i 4 A8 Y

1225

R AF AR dt E AT 5 B HE T RO R | A0 AR R AE 288 S HE
AR G R AE > SRR AR > LA A .

(2) 0.5 m A1 2 m 4> B 252 ARV T0 50 0 B
1R AR ORI PORS BE 3835 90 %0 DA B DI T
BTN, T 8 m oy PR ARSI (4 A4 7= RS
FE R PORS BEAE 850 oA B YN B 8 KRBT &
M7

() WRIEVEIEESHN G5 R, b5

T SRR 25 18] 43 BE AR A R AR, VTR 2 808 R 25 Bl

ZHEK . 0.5 m Al 2 m 43 FE AR SR HU VIR VA K
AT FR I8 B8 B AR 25 43 I AE 1000 DA R 1390 A2
A58 m o HER AR B VI 78 Y K TR BE Y
EHIE iR 22N 18.82%4 .27.62% F118.93% .

(4) HT 0.5 m 43 B3R Google 5% 1% $2 BUAY Y1 14

TESHIES B, E 8 m A HER GF-1 R IR BN

IV K R L = 1.22L"- 0.28(R'=
TR A = 1.44A'+ 31.56(R’=0.916), &
FEpEHI/NT 0.01, F i a5 R H A B SIS

% % X ik (References) :

[1] LiY, PoesenJ, Yang J C, et al. Evaluating gully erosion us-
ing ¥'Cs and *"’Pb /"¥Cs ratio in a catchment[J]. Soil & Till-
age Research,2003,69(1/2):107-115. DOI:10.1016/S0167-
1987(02)00132-0.

[2]  Zhang Guanghui. Advances and prospects for gully erosion re-
searches [J]. Journal of Soil and Water Conservation, 2020,
34(5) : 1-13. Lok . VD38 R A WF 78 2 e S5 e B [T ] oK £ ff
FE2#4R 2020, 34(5) :1-13. ]

[3] Singh B M. Interpretation of satellite imagery for delineation
of ravines[ J]. Journal of the Indian Society of Photo-Interpre-
tation, 1977, 5(1):31-34. DOI: 10.1007/BF03025387.

[4] Karami A, Khoorani A, Noohegar A, et al. Gully erosion
mapping using object-based and pixel-based image classifica-
tion methods [J]. Environmental & Engineering Geoscience,
2015,21(2):101-110. DOI:10.2113/gseegeosci.21.2.101.

[5] FEustace A, Pringle M, Witte C.
of gully extent and volume using high-resolution LiDAR

Give me the dirt: detection

[C1// Jones S, Reinke K. Innovations in Remote sensing and
Photogrammetry Berlin Heidelberg: Springer, 2009: 255-269.
DOI1:10.1007/978-3-540-93962-7 _20.

[6] Shruthi R, Kerle N, Jetten V. Object-based gully feature ex-
traction using high spatial resolution imagery[J]. Geomorphol-
ogy, 2011, 134 (3/4) : 260-268. DOI: 10.1016/j. geomorph.
2011.07.003.

[7]  Zhou Peicheng, Cheng Gong, Yao Xiwen, ez a/. Machine learn-
ing paradigms in high-resolution remote sensing image inter-
pretation[J]. National Remote Sensing Bulletin, 2021,25(1) :
182-197. [ JRI H5 i, 2 %, Wk 76 3C, 45 . i3 43 Bk 5 IO A
B 2 A [T A, 2021,25(1) 1 182-197. ]

[8] Tang Tingyuan, Fu Bolin, He Suyun, ez al. Identification of

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

typical land features in the Lijiang River basin with fusion op-
tics and radar[J]. Remote Sensing Technology and Applica-
tion, 2020, 35(2) : 448-457.[ FEEIC AT I R =, %
T GF-1 Ml Sentinel-1A A9 i 1. It 42 i 780 4y 97 £ B4R MR [T ).
J& IR 5 11,2020, 35(2) :448-457. ]

Shruthi R, Kerle N, Jetten V, ez a/.Quantifying temporal chan—
ges in gully erosion areas with object oriented analysis[J]. Cat-
ena,2015,128:262-267. DOI:10.1016/j.catena.2014. 01.010.
Shahabi H, Jarihani B, Piralilou S T, ez al. A semi—automat-
ed object-based gully networks detection using different ma-
chine learning models:
Queensland, Australia[ J]. Sensors, 2019,19(22) :4893. DOI:
10.3390/519224893.

Garosi Y, Sheklabadi M, Pourghasemi H R, ez a/. Compari-

son of differences in resolution and sources of controlling fac-

A case study of bowen catchment,

tors for gully erosion susceptibility mapping [J]. Geoderma,
2018,330:65-78. DOI: 10.1016/j.geoderma.2018.05.027.
Phinzi K, Holb I,
agricultural area using satellite images:
learning algorithms [J]. Agronomy, 2021, 11: 333. DOI: 10.
3390/agronomy11020333.

Pu Luoman, Zhang Shuwen, Wang Ranghu, ez a/. Analysis

Szabo S. Mapping permanent gullies in an

Efficacy of machine

of erosion gully information extraction based on multi-resource
remote sensing images [J]. Geography and Geo-Information
Science, 2016, 32(1) :90-94.[ # & & , 3k 3¢, £ 1L, 5%
Z 8 38 S AR 0 AR Tl Ve £ BRI Br (] o B b B
Fh4#,2016,32(1):90-94. ]

Yao Yuan, Chen Xi, Qian Jing. A review on the methodology
of scale issues in quantitative remote sensing[ J]. Scientia Geo-
graphica Sinica, 2019,39(3) : 367-376.[ Bkix , Bk , 42 #% . &
R e A Oy kW g e (T ). BB 2 L 2019, 39(3)
367-376.]

Liu Yan, Wang Jindi, Zhou Hongmin, ez a/. LAT measuring
data processing, analysis and spatial scaling in the middle
reaches of Heihe experimental research region[J]. Remote Sen—
sing Technology and Application, 2010, 25(6) : 805-813.[ XI|
o, O A 20, A SR R DA ] 20 B R LATEL
i Kb 353 W A0RBE e e [ 7). 38 R R 5 8 AL, 2010,25(6)
805-813.]

Ji Menghao, Tang Bohui, Li Zhaoliang. Review of solar-in-
duced chlorophyll fluorescence retrieval methods from satellite
data[J]. Remote Sensing Technology and Application, 2019,
34(3):455-466.[ B 56, A, A R ORPIE S04 %
PO 1 TR T R S 5 s E AT B R (D] G R R S R,
2019,34(3) :455-466.]

Zhu Xinming, Song Xiaoning, Leng Pei, et al. Spatial down-
scaling of land surface temperature with the multi-scale geo-
graphically weighted regression[J]. National Remote Sensing
Bulletin, 2021,25(8) : 1749-1766.[ BLHT W1, R/ T* 4L, 45 .
22 RUPE 3ty B3 IAS 1] 0 1 el 5 T e ROBE AR S (0] 38 kR
2021,25(8):1749-1766. ]

Shi Quanzheng. Jixian County Chronicle[M]. Beijing: China
Science and Technology Press, 1992:50-58.[ &1 4 1E . % H ik
(ML AE5T: P R =R AR, 1992:50-58. ]

Mei X, Ma L,

age on the loess hillslopes in China and its estimation[ J]. Cate-

Zhu Q, et al. The variability in soil water stor-



1226 R I S S B VA 5376
na,2019,172:807-818. DOI:10.1016/j.catena.2018.09.045. [25] Breiman L. Random forests[J]. Machine Learning, 2001, 45

[20] Luo Laixing. A tentative classification of landforms in the Loess (1): 5-32. DOI: 10.1023/A:1010933404324.
Plateau[J]. Acta Geographica Sinica, 1956, 22 (3) : 201-222. [26] Ghorbanzadeh O, Blaschke T, Gholamnia K, et al. Evalua-
[ k2% A 08 (Bedb (B AR B 4 X383 1] 5 78 4% 1Y) H tion of different machine learning methods and deep-learning
SURAT]. P 2E 4R ,1956,22(3) :201-222. ] convolutional neural networks for landslide detection[J]. Re-
[21] Zheng Fenli, Xu Ximeng, Qin Chao. A review of gully ero- mote Sensing, 2019, 11(2):196. DOI:10.3390/rs11020196.
sion process research[J]. Transactions of the Chinese Society [27] Li Zhen, Zhang Yan, Yang Song, et al. Error assessment of
for Agricultural Machinery, 2016,47(8) :48-59,116.[ #B#; 41, extracting morphological parameters of bank gullies by manual
WS N I R A R (D], Al ML 24 4, 2016, visual interpretation based on QuickBird imagery[J]. Transac-
47(8):48-59,116.] tions of the Chinese Society of Agricultural Engineering,
[22] Dragut L, Csillik O, Eisank C, e a/. Automated parameteri- 2014, 30(20):179-186.[ =44, 5k 55 , #4455 . QuickBird 5
sation for multi-scale image segmentation on multiple layers 5 A i PR 0k B IOV TR B 35 S B0 RS 2 43 B (D). Aol TR
[J].ISPRS Journal of Photogrammetry and Remote Sensing, 4% ,2014,30(20) :179-186. ]
2014, 88: 119-127. DOI: 10.1016/].isprsjprs.2013.11.018. [28] Liu K, Hu D, Tang G, et al. Detection of catchment-scale
[23] Clinton N, Holt A, Scarborough J, ez al. Accuracy assess gully-affected areas using Unmanned Aerial Vehicle (UAV)
ment measures for object—based image segmentation goodness on the Chinese Loess Plateau[ J]. International Journal of Geo~
[J]. Photogrammetric Engineering and Remote Sensing, Information, 2016, 5(12):238. DOI: 10.3390/ijgi5120238.
2010,76(3):289-299. DOI: 10.14358/PERS.76.3.289. [29] Wu Hongyan, Zheng Fenli, Xu Ximeng, ez a/. Transforma-
[24] LiuK, Ding H, Tang G, et al. An object-based approach for tion of gully morphological characteristic indicators extracted

two-level gully feature mapping using high-resolution DEM
and imagery: A case study on hilly Loess Plateau region, Chi-
na[J]. Chinese Geographical Science, 2017, 27 (3) : 415-
430. DOI: 10.1007/s11769-017-0874-x.

from DEMs of different resolution[J]. Journal of Soil and Wa-
ter Conservation, 2016, 30(6) : 147-152, 161.[ 2 £ # , A5 ¥
R LB S ORI HE R DEM 42 B8 T8 & R 1E 2 500
B AR SE[T]. K AR Fe 24, 2016,30(6) : 147-152, 161. ]

Accuracy Analysis and Conversion Model of Gully Automatic
Extraction based on Remote Sensing Images with Different Resolutions

Zhang Qi', Zhang Guanhui’, Zhang Yan'', Wang Jiaxi', Yu Shuangwu'
(1.Jixian Forest Ecosystem Studies, National Observation and Research Station, Beijing Forestry University,
Beijing 100083, China;
2.School of Geography, Beijing Normal University, Beijing 100875, China)

Abstract: Gully erosion is the major driver of land degradation and the unique landforms on the Loess Plateau.
It is of practical significance to assess the applicability of extracting gully from satellite images with different res-
olutions and explore automatic gully extraction method. Google image (0.5 m resolution) and GF-1 images
(2 m and 8 m resolution) were used to extract gullies automatically with object-based image analysis and ran-
dom forest in Zhongduo tableland located in the southeastern Loess Plateau. Gully morphological parameters of
30 gullies extracted from three satellite images were compared to those from UAV data (0.14 m resolution).
The results were as follows: (1) The importance of image feature variables used for gully extraction is sorted as
follows: spectral feature > texture feature = geometric feature. (2) The user accuracy and producer accuracy
of gully extraction based on 0.5 m and 2 m resolution images were higher than 90% , while the user accuracy
and producer accuracy reduced to 85% when 8 m resolution image was used. (3) The errors of gully length and
width extracted from 0.5 m and 2 m resolution images were about 5% and 13%. The average error of extracted
gully length, area and width from 8 m resolution image were 18.82% , 27.62% and 18.93% , respectively. (4)
A model was put forward for improving the accuracy of gully length and gully area extracted from GF-1 image
with 8 m resolution, based on the gully parameters extracted from 0.5 m resolution image, i.e., L=1.22L"~
0.28, R*=0.896 and A=1.44A"+ 31.56, R*=0.916.

Key words: Gully erosion; Automatic extraction; Gully morphological parameters; Random forest; Loess Pla-

teau



