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Fig.1 Flowchart of Grid DEM Micro Landform Classifi-

cation Based on Convolutional Neural Network
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Fig.2 Spatial Distribution of Sample
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Tab.1 Distribution of Each Type of Sample
T WEALRR INGRREARSE /A AR/ A Bt/

1 1L T5 132 73 205
2 LE 448 237 685
3 GE 3 407 218 625
4 HE 564 266 830
5 i3 509 241 750
6 PR 568 279 847
Bt 2628 1314 3942

T2 MNAESLXERBEERE
Tab.2 Confusion Matrix of Test Set Classification Results

A EE IR IE T 4 UM 28 R0 48 54 vk AR U B 23 2
038 PP o (H 5 AR 28 0 448 B 1 3 6 2K (il U 11
T8 IR R BN — B, Hoh e AR 1 3 1P A
WER R 99.64 %4, Bk 3% (438 B Pk e 55, vE R N
92.95% , HoAth & 50 6F 18 S8 1 1 R 5% 3BT o

x3 MKEPRLEREBESIT
Tab.3 Accuracy of Test Set Classification Results

=Sl o bR WH Y A Rl

T 4L 70 236 216 263 224 278
HETREL 3 1 2 3 17 1
Wi/ %  95.89  99.58 99.08 98.87 92.95 99.64

Wefr &AL T lJE IR ML BEd whRUR BdT

1L 5 70 0 0 3 0 0 73
Iy 0 236 1 0 0 0 237
GE 0 0 216 0 2 0 218
W 1 2 0 263 0 0 266
il 0 0 0 0 224 17 241
TR it 0 0 0 0 1 278 279

Bt 71 238 217 266 227 295 1314

RVEKE 1/ % 97.95

Kappa £ % 0.974 9

F 2, BB AR ST B B R AR Y
SRR BE R B T 97.95% , Kappa &2 %0 0.974 9,
2 W36 B Al 28 X 4% vk i T L AR S A7 43 K

(@) BopHTikrREE R

T R 2 ) 245 3k o Ml AR T T 2 0 b
T 28 S 00 TRAT R AR P 214 A 28 S A A e L
TR T8 S, £ 5 o B 28 I 4 TR A A B
R RO T B0 6 2 SO 1938 L 1 R — B

SR AR SO B 84 28 AT R L DARE
AR FAE DX IR S 56 SE A B R S 56 IX R, anE 2(a)
FEASWEIE XK, S5 X AR T R/ R 5 m X5 m, 3
A 160 000ME G .

DA SCHR L5 135 00 00 60 3801 28 n 43 AT 12 43 28
S5 NE 3(a) P s LhASHIF 5% 2 57 1) 46 R A 48 )
LRI AT A S BLILAAR R AL A B 4328, A 28
SESRNE 3(b) TR .

PG s e T L Y P ik e PR

K3 S Xy e R
Fig.3 Test Area Classification Results

A 52 5 DX 3 T M0 6% B 0 Jo B 7 vk R
T2 TR 28 I 2% 14 5 VR 0 A A T Y L R AR
PLHEAT R FARBRGE T, WK 4 PR

1 4 AT U Y, & 2850 B9 CNN 2 2R 45 R i
BRUCE FE B R ik Mg Ay BT v, HL R R R A
— &

B I3 TR R BRI Sy 35.91 %0 , T ik T 45 7R
28 0 265 1) 7 1 AN A AR BR R, 3 A R & in B
TR RN M R 22 TR R o 2R 07 1 0
TR DX, M IR B 52 2% 6 00 A — B, Bk Bk T
FEL AN T 7 5 i A AR 22 90 2 3ok AR P G I 1o 4% 3 1B
TER 22 Y DB AR DR 1 73 28 5k ik )
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Tab.4 Classified Incomplete Statistics
Ty ik &b 1L 5 g g I B R S
$H 4425 30 474 4451 46 039 8127 9030 102 546
=3)1E2 0 RN )
W/ Y% 2.78 19.05 2.78 28.77 5.08 5.64 64.09
#H 10 212 35954 16 923 53 448 18 621 24 843 160 000
5 R 28 I 4% vk \
TR/ % 6.38 22.47 10.58 33.40 11.64 15.53 100.00

33 AEBRTKMYERLERSH

PLSEEGIX 5 m X 5 mAZT R DEM b R R4
W, AR AU 2.5 m X 2.5 m A 10 m X 10 m
BTt A% DEM %48 o 76 2.5 m F1 10 m {2 T
M DEM I, 43 531 35 37 4 B i 780 R R o i A7

5, A8 E) 2.5 m F 10 m 4 B R T 426 8 L OF
XF 2.5 m>x 2.5 mf4IC A 10 m X 10 m 5 It (1 # 4
DEM #4740 25 .

25 A Ay B 45 I e R 3% 5 T, 3 28
gE RN 4 FTR .

RS BUNKESLEREBERSEIT

Tab.5 Accuracy Statistics of Test Set Classification Results

BOURAN/m T/ % 1A/ % T/ HEWE/ B3¢ / % MR/ 6 TSR Y EHUE
10.0 90.48 96.30 100.00 94.70 95.03 100.00 96.09 0.080 7

5.0 95.89 99.58 99.08 98.87 92.95 99.64 97.67 0.060 3

2.5 96.47 100.00 98.78 100.00 89.15 100.00 97.40 0.095 5

f:?

G

(a)' 10 mx10 mf% 6K/

(b) 5 mx5 m{g G R/
Pl o o T T T R e bR
K4 ARMEILR/NT 324
Fig.4 Classification Results of Different Pixel Sizes
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5mX5 m K MK DEM 7E 43 H 8 6 28 1l 14 i 7
A ) ) G 2 4 SR o R R OB B/ X
25 MY H e B BRI TE M . ZE ROk UL 1B
JER/N RS m X5 m A DEM L #538 1 45 B
2 W 2% SO Y B 8o 26

4 & iF

B & B A% DEM B4 19 A W7 == 5 F8C7 e

I3 BT BOR B PR R T OB IR 73 24 B IR
P M B RN A AR SR IE AOL A R
AL A AR R | b R TR A T TN T SR
W o AT AT X2 GEd A% DEM Rt e 73 2677
FRy e B, )P A B 2 0 265 5 0 RE L ) 42 4 i Y
R B A B R 23 2 MR O 3 8 4 R R 22
P25 5 I A MRS DEM Bt 7026 . lid 24
3 2 PSR T 58RI 5 6 0 R A S i R R A R AR
A KA AR T B 2 I AR AR 2R A B
B RUORG BE WA O PR o SEER A5 SRR T, M
DEM i i 2 73 28 4 46 FR i 28 W0 28 3% 7 52 e vh A7
R, AR T B o M (9 70 2 05 3k %7 i AU
E T or A5 R o8 Bk T Bk T KRR
& U 28 9 28 0 AE A A% DEM OB IR 73 2 1 A
DR, et e A 3o R T — A A 0 i



%546 55 8 Y T A5 L MRS DEM S 40 28 110 o LU 28 90 45 1191

A2 o AHAR 7 5 X i R RE A B BT 2 5 9 L 26
Sl AR iR RO | Y T 2 )RR AR R LR R A
SE RN, 23 B R e o B 28 T 4 R A i B
AR ROR T B DEM BB 43 28 45 1
As 2 S, O A LB R LR B R iy o g — P
Wr5e .

2 % X M

[1] LiZhenhong, Li Peng, Ding Dong, et al. Research
Progress of Global High Resolution Digital Elevation
Models [J]. Geomatics and Information Science of
Wuhan University, 2018, 43(12): 1 927-1 942 (2=
PRub, 220, T, AL LRk o PR T R R
RIS R [T]. RILKFEH-FEFRF
M, 2018, 43(12): 1927-1 942)

[2] Zhou Qiming, Liu Xuejun. Digital Terrain Analysis
[M]. Beijing: Science Press, 2006 ( J& 3 Mg, x| 2%
T Ber g ML dbst: Bleg AL, 2006)

[3] Dragut L, Dornik A. Land-Surface Segmentation as
a Method to Create Strata for Spatial Sampling and
Its Potential for Digital Soil Mapping [J]. Interna-
tional Journal of Geographical Information Science,
2016, 30(7): 1 359-1 376

[4] Dornik A, Dragut I, Urdea P. Knowledge-Based
Soil Type Classification Using Terrain Segmentation
[T]. Soil Research, 2016, 54(7): 809-823

[5] Zhou Fangbin, Liu Xuejun. Improved Hill-Position
Classification Decision and Experiment of Micro
Landform Classification Based on DTA [J]. Acta
Agriculturae Boreali-Occidentalis Sinica, 2008, 17
(3): 343-346 (JAVT &, X% . T DTA A
732 e S 5 G Y Bt 5 RO LR B gl 2 28 0F 5
(7], PEHEAr 24, 2008, 17(3): 343-346)

[6] Zhou Fangbin, Liu Xuejun. Research on the Auto-
mated Classification of Micro Landform Based on
Grid DEM[J]. Jowrnal of Wuhan University of Tech-
nology (Information & Management Engineering) ,
2008, 30(2): 172-175 (R Ui, X#% . H Tt
DEM H 3l ] 43 (50U b 5508 & f pF 5 [T]. ;RS T
KM (B 58P TR R, 2008, 30(2):
172-175)

[7] Li Deren. Brain Cognition and Spatial Cognition:
On Integration of Geo-spatial Big Data and Artificial
Intelligence [J]. Geomatics and Information Science
of Wuhan University, 2018, 43(12) : 1 761-1 767
(2= TIN5 23 DA R —— 38 25 1) R s 5
NTREREM BN T]. BROUR 4R - 15 AR,
2018, 43(12): 1761-1 767)

[8] Gong Jianya. Chances and Challenges for Develop-

[11]

[12]

[14]

[15]

ment of Surveying and Remote Sensing in the Age of
Artificial Intelligence [J]. Geomatics and Informa-
tion Science of Wuhan University, 2018, 43 (12) :
17881796 (ZB{dAE . A T8 R AR 238 R R
MR EALIB S PRI ] RO = 5 AR
M, 2018, 43(12): 1 788-1796)

Liu Jingnan, Gao Kefu. Challenges and Opportuni-
ties for Mapping and Surveying and Location Based
Service in the Age of Intelligence[J]. Geomatics and
Information Science of Wuhan University, 2017, 42
(11): 1506-1 517 (X2 /i, wif ok . & fE AL
2 500 i 55 SR B PR RS L [T]. DR 2
e+ 15 BRHEM, 2017, 42(11): 1506-1 517)

Xiong Wei. Influence of Artificial Intelligence on the
Development of Some Fields of Surveying and Map-
ping Technology [J]. Geomatics and Information
Science of Wuhan University, 2019, 44 (1) :
101-105 (fif . A T80 BRI 2 Bk 45 4 T G &
JEBISEWIAT 2 [T, BR324 - 5 BB WL,
2019, 44(1): 101-105)

Gao Jingxiang, Wang Jian, Li Zengke. Challenges
for the Development of Surveying and Mapping
Technology in the Age of Intelligence[J]. Geomatics
and Information Science of Wuhan University,
2019, 44(1): 5561 (R F#E, T, 2GR FfE
TR R R R LR UR [T BRI R A
e 15 B ARFE R, 2019, 44(1): 55-61)

Liu Qian, Chen Shiyu, Cai Yang, et al. A High-Reso~
lution Remote Sensing Image Classification Method
Based on Spatial Information and Fully Convolutional
Networks| J]. Journal of Geomatics, 2020,45(4) :93-
99(XIAE , BRI I, 2847 , 45 . U 25 AR B 5 2B
ol 228 1) 45 1) o o B R G R ORI ] e
M F A B, 2020,45(4):93-99)

Wang Shanna, Zhang Huaxiong, Kang Feng. Emo-
tion Classification of Necktie Pattern Based on Con-
volution Neural Network[J]. Jowrnal of Textile Re-
search, 2018, 39(8): 117-123 (TEHHIK, kAR AE, B
BT A LA 4R I 455 11 Gl AL AU R A 2 LT
Y8124, 2018, 39(8): 117-123)

Qin Chengzhi, Lu Yanjun, Bao Lili, et al. Simple
Digital Terrain Analysis Software (SimDTA 1.0)
and Its Application in Fuzzy Classification of Slope
Positions [J]. Jowrnal of Geo-information Science,
2009, 11(6) : 737-743 (FK&E, FaH, WA,
SRR M B 23 B (SImDTA) K H A
DA B S 11 A 3 DX Bl A8 AR 23 2R S ) [T
HERAE BRF A4, 2009, 11(6): 737-743)

Qin Chengzhi, Zhu Axing, Shi Xun, et al. Quantifi-

cation of Spatial Gradation of Slope Positions [J].



1192 VRV PNE S S TSR PSS e Tl 2021 4£ 8 H
Geomorphology, 2009, 110(3):152-161 chang: East China University of Technology, 2014
[16] Qin Chengzhi, Zhu Axing, Qiu Weili, et al. Map- (BXTRLE . 25T BP #2828 1) 3% I GY A2 7 25 9%
ping Soil Organic Matter in Small Low-Relief Catch- [D]. M E KM T ¥, 2014)
ments Using Fuzzy Slope Position Information [J]. [21] Zhou Feiyan, Jin Linpeng, Dong Jun. Review of

[17]

[19]

[20]

Geoderma, 2012, 171(2): 64-74

Wang Yanwen, Qin Chengzhi. Review of Method
for Landform Automatic Classification[J]. Geogra-
phy and Geo-information Science, 2017, 33 (4) :
16-21 (EE3C, ZkE . WHIE SR A 352k
JrkgRAR[T]. MBS MR SR, 2017, 33(4)
16-21)

Wang Lei, Ma Fenghua, Wu Wei, et al. Fuzzy Slope
Position Segmentation Based on Random Forest[J].
Journal of Southwest China Normal University
(Natural Science Edition) , 2018,43(1) : 10-17( £
e A AR A L ST B AR PR AR 35
243 2 (7] VM B K 2= (AR B
2018,43(1):10-17)

Fang Kuangnan, Wu Jianbin, Zhu Jianping, et al. A
Review of Technologies on Random Forests [J].
Statistics & Information Forum, 2011, 26 (3) :
3238 (FEM ., RIUM, REF, 5. MM
LR A T] geil 515 Bk is, 2011, 26(3) -
32-38)

Zhao Lijuan. Remote Sensing Image Study of Classi-

[22]

[23]

[24]

Convolutional Neural Network [J]. Chinese Journal
of Computers, 2017, 40(6): 1 229-1 251 (J& &,
MM, EA . B S MNKU R T]. TR
24, 2017, 40(6): 1 229-1 251)

Le C Y, Bengio Y, Hinton G. Deep Learning[J].
Nature, 2015, 521(7 553) : 436-444

Erik D S. Deep Learning and Computational Neuro-
science [ J]. Neuroinformatics, 2018, 16(1), DOI:
10.1007/s12021-018-9360-6

Gu Jiuxiang, Wang Zhenhua, Kuen Jason. Recent
Advances in Convolutional Neural Networks [J].
Pattern Recognition, 2018, 77(5): 354-377

Sainath T N, Kingsbury B, Mohamed A R, et al.
Improvements to Deep Convolutional Neural Net-
works for LVCSR[C]. IEEE Workshop on Auto-
matic Speech Recognition and Understanding, Olo-
mouc, Czech, 2013

Wei Zhenyuan. Deep Learning Python Practice
Based on Keras[M]. Beijing: Publishing House of
Electronics Industry, 2018 (Zf vl Jii . IR & 2% ) I
T Keras [ Python SE & [ M ]. dbmt: H+ Tolk i

fication Based on BP Neural Network [D]. Nan- *t, 2018)

Micro Landform Classification Method of Grid DEM Based on

Convolutional Neural Network

ZHOU Fangbin'? ZOU Lianhua' LIU Xuejun® MENG Fanyi'
1 School of Traffic & Transportation Engineering, Changsha University of Science & Technology, Changsha 410114, China
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Abstract: Objectives: Micro landform classification of grid digital elevation model (DEM) is the founda-
tion of digital landform refinement application and has broad application prospects in pedology, urban plan-
ning, civil engineering, military affairs, diplomacy, etc. However, problems, e.g., low degree of automa-
tion and incomplete classification, are still existed in the micro landform classification method of grid DEM
based on regular knowledge. With the advantages of convolutional neural network (CNN), a CNN method
for grid DEM micro landform classification is constructed and its automated implementation process and ap-
proach are created. Methods: Taking the advantage of CNN that can automatically learn the sample data
and mine the hidden knowledge of the data set, it can automatically learn the features of the micro landform
data set and realize the automatic classification of the micro landform combining with the micro landform data.

Firstly, the plane curvature, section curvature, slope and elevation of grid DEM in the experimental area
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are extracted as data sets. According to the decision table and prior knowledge, the hill-position of the sam-
ple data set is divided into 6 types, including summit, shoulder, back-slope, foot-slope, toe-slope and allu-
vium. Among which, 2/3 data are used as the training set, and the remaining sample data are used as the
test set. According to the data requirements of the CNN and the characteristics of the data set, a convolu-
tion layer is constructed, which can automatically learn the data characteristics in training set, determines
the training model, and uses the test set to evaluate the model’s accuracy. After the model meets require-
ments of the accuracy , the new micro landform factor generalizes the model are entered and the results of
landform classification are outputted, i.e., the model is used to automatically classify hill-position of the
grid DEM data. Results: CNN is used for grid DEM micro landform classification. The experimental re-
sults show that the overall accuracy of the model test dataset established by the selected typical sample
points in the experimental area reaches 97.95% , and the Kappa index is 0.974 9, which demonstrates the
applicability of the CNN algorithm in micro landform classification. CNN method has a strong dependence
on landform category knowledge contained in typical sample points. Incomplete description of local shape
category feature knowledge will affect the CNN algorithm in mining implicit knowledge directly, resulting
in inconsistent adaptability to 6 types of micro landform. The highest classification accuracy of alluvium is
99.64% , while the lowest are toe-slope with 92.95% , and the accuracy rates of summit, shoulder, back-
slope and foot-slope are 95.89%, 99.58%, 99.08% and 98.87%, respectively. The incomplete degree
based on superposition analysis is 35.91% , while the method based on CNN does not exist incomplete.
The reason is that superposition analysis is a classification method of multi-factor system for each grid node.
For different regions, the landform complexity is inconsistent, and the incomplete degree range is uncer-
tain. The CNN method takes its advantage of back propagation to solve the problem of incomplete classifi-
cation. The classification accuracy of CNN method for micro landform classification of grid DEM data with
different pixel sizes is different, among which, the average classification accuracy of the pixel size of 5 m is
the highest with 97.67% . The classification accuracy rate with the pixel size of 10 m is relatively lower with
96.09%. The grid DEM with the pixel size of 5 m has the lowest accuracy dispersion of classification re-
sults of each category among the 6 types of hill-position, and shows strong adaptability to all type of land-
form. In summary, grid DEM with the pixel size of 5 m is more suitable for automatic classification of micro
landform based on CNN. Conclusions: Automatic classification of hill -position realized by CNN model is
suitable for grid DEM micro landform classification. Compared to the classification method based on rule
knowledge, the complicated data overlay analysis process is avoided and the completeness is improved.
The overall accuracy of the model reaches 97.95% , among which, the highest classification accuracy is al-
luvium with 99.64% , while the lowest is toe-slope with 92.95%. Considering the influence of the pixel size
of the grid DEM data on the classification accuracy, the grid DEM of 5 m X 5 m is more adaptable than
2.0m X 2.5mand 10 m X 10 m.

Key words: landform classification; grid digital elevation model (DEM); convolutional neural network;

hill-position

First author: ZHOU Fangbin, PhD, specializes in digital terrain analysis. E-mail: Arthur1975@126.com

Corresponding author: LIU Xuejun, PhD, professor. E-mail: liuxuejun@njnu.edu.cn

Foundation support: The National Natural Science Foundation of China(41671446, 41371421); the Open Fund of Key Laboratory of Spe-
cial Environment Road Engineering of Hunan Province (Changsha University of Science & Technology) ( k{j140502); the Scientific Research
and Innovation project by Graduate Students of Academic Degree in Changsha University of Science &. Technology (CX2020SS17).

5l X #& 3\ : ZHOU Fangbin, ZOU Lianhua, LLIU Xuejun, et al. Micro Landform Classification Method of Grid DEM Based on Convolutional
Neural Network[J].Geomatics and Information Science of Wuhan University, 2021,46(8):1186-1193.DO1:10.13203/j.whugis20190311 ( J&] i
I ARBEAE X 2275 A RS DEM S T 4325 1 38 B UR 28 00 28 2= (0], i IR 242248 - 5 BURF 3£ I, 2021, 46(8):1186-1193.DO1:10.13203/;.
whugis20190311)



