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Low-risk terrain classification based on convolutional neural network
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Abstract: To deal with the limitations of manual feature extraction and high misjudgement rate of risky terrain in ex-
isting recognition methods, a low-risk terrain recognition strategy is proposed to classify the outdoor terrains for mobile
robots. This strategy, regarding risk reduction as the primary objective, is dual-verificated. Firstly, a multiple classifier
is used to identify all terrains, and then a binary classifier is used to identify the safe terrains in the multi-classification
results to reduce the misjudgment of risk terrain. Based on this strategy, two convolutional neural networks are designed,
the Terrain—CNN [ for multi-classification of recognition, and the Terrain—-CNN II for two-classification of safety confir-
mation. In addition, in order to solve the problem of terrain samples, six kinds of terrain images including water surface,
grassland, mud, asphalt, sand and gravel road are collected. After data enhancement, these samples are divided into training
samples and testing samples for networks’ training and testing. The experimental results show that the proposed method
can significantly reduce the error rate of critical risky terrains while maintaining a high average accuracy.
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KI5 T, BT HARMESS AT R0E.

UTAER, [ A Ah— UL N\ ST ) i 70 2 T 46 5%
TEAZIAE, JFHEAT T — SRR A 7T, 40 Sk (8]
I IRENFE B LA NAEVD L A FHb, o Hb 57 R
H] b DAOMUH FEAT Bk, 43 il S HUZE 40 5 1 T 42 i /5 AH
HAEFRINIE R 5 A S, HE, RESCR &L
(support vector machine, SVM)73; SCRR[O]1HHEH T
— PP TS S I A SR TV, B R AL
A N RS Tl 73 BT () BN gy ST 1O,
P KT AR SR B 5 42K

WG 5 5 e S B ARMERE S, FaEdyl
AN 5 T 2 SR AR, Tov T ) H B g4 4y 2101
SR, X T AESS M AL T A S AL N S &, o8
PSR B R OB = . T A H
B 28 515 BF 8 pRe U STk (12148
TERAZGHNIE RS ey B, IR I BB+
1B EREAE, R F 2 )2 BN Bl (multilayer perceptron,
MLP)X B R EREAT 73 28 AT A 2 7] 47 #5543 55 1
H 1, B A7 e AR ST TR, il STk
[I37E SR B SR G S, SR B R B & B 80
HTUAATRFAELE A ) e MU SR AIE, PR FH 6 T BT L AR
MITE LRI 502, PRI 5 MBS A w5 FE AR G
() — NEBIMRAE R 102K, 3R 1 BOsiR .

2 PR TR AR R 5 B G Ak B0 58 1 A FEaE Fe,
iR 3R () HER 2 R TR =, (R SR TG VR 2
v /. K] B A4 2 B0 1 TR T AR IO SRR, Ay
FRR 2 N TSR AE B BRI sz ma i KU, 3 4F
K, MG AL B8t Fe HDB H 5, Ferh iR BE 5 =) J7 vk
I A . H AlexNeti R 42 H LK, BRI
I 2% (convolutional neural network, CNN) £ £ VE &
J&, BLEHET 2 S TSR N E bRl
LU, AH AR e B 73 2807 1, CNINRE 8 36 4 55
BARRFE SR, ACNNIYAREE ) R 73 B, 4Tl
T ARG SRR BURRAE, J5 40 287 1 B Tl B
FITS16T 5% 25 =) A3 1 5 R Sy T T R 55010 ) i A4
TR TR

SR, A58 FH AR P 42 I 28 gE AT HU SR A AE LR
] 1) B BNHLA N T R A T
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Bl 1 #EKIKSEZ LA A (Knightscope)
Fig. 1 A drowning K5 patrol robot (Knightscope)
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R /N RS MO SRR 5 7k, & VAR R (2
AP RN ATBE “ fER IR AT 2 VORI, R
AR el gk R E R e
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&K, EFRA S fEEND.

FF DL BRI, Bt T T CNN AR XU 3 55 v
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Fig. 2 Flow chart of low-risk terrain decision algorithm based
on CNN
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Fig. 3 Six sample terrains for test
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HAmE 4R, HIMNMNE 3PN ERE . 3Nk
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Fig. 4 The structure of Terrain—~CNN [ network
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Table 1 Parameters of Terrain—CNN [ network

v s BBRERSE

B 9=5 G it AL B R
1 LTI — —  200X200X3
2 B 5X5 1 196X196X 16
3 okt 2X2 2 98X98X16
4 Bl 5X5 1 94X94X32
5 AL 2X2 2 47X47X32
6 BN 3X3 1 45X45X64
7 Btk 2X2 2 23X23X64
8 R — — 1024
9 i — — 6

% 2 Terrain—CNN II 254 4
Table 2 Parameters of Terrain—CNN Il network

P—

R R fgﬁﬁ K R
1 LTI — —  200X200X3
2 LSl 5X5 1 196X196X 16
3 Bt 2X2 2 98X98X16
4 R 5X5 1 94X94X32
5 Btk 2Xx2 2 47X4TX32
6 BN 3X3 1 45X45X64
7 Rt 2X2 2 22X22X64
8 B 3X3 1 20X20X128
9 Bt 2X2 2 10X10X128
10 ik — — 512
11 i — — 2

3.2 AdamSEALFE L

K H] Adam(adaptive moment estimation)#f: & T
P B VE SR AR AL BT 44 2 () Terrain-CNN 15 Terrain—
CNN 1. 3 s B P B R L — 2 S R
BUEE, H 2 o) %k e R, T Adam 57520V FH A
33 1153 E i b7 N 1S X i W L A BN e S BN
125 21 2R, A2 Pl — B AE Al =X (1) 550
QFR, T nG) 5@ pos:

Vaw = B1Vaw + (1 = p1)dw, (1)
Vay = B1Vap + (1 — B1)db, (2)
Saw = B2Saw + (1 — f2)dw?, 3)
Sap = BoSap + (1 — B2)db?, 4)

Horr: dw, dbsr R BB AUE w « i B E bR
B Vi Vap 28 B dw, dbi— B 845115 Squw, Sap
M X dw, dbIF) B FEASTE; 81, Bo AL T 4R 2L
TP, By, Bo HIHEEE 20 311250.9, 0.999[21-221 ]
BT, Vi = 0, S4w = 0, Vg = 0, Sqp, = 0. HTH]
GRAEORI V32, I JLIRFEAS T I 8 X SEBRA 34T

A IE R T, PR AT e 22 2 IE, 18 1 U7 A
H(E-®)Fr:

Vau

Vit = 5)
M1
v

‘/:icl;Jrrect — 1 db -, (6)
M
Sau

gt = 1 (M)
M2
S

STt = 1 ®)
M2

E EP‘/quzrreCt, Vci:l;)rrect, Sg(’?;rect’ Sg(grrectﬁ%/h%ﬁ{ﬁij—
PIMEIEAE. B A T 1350, Bl AR B v 38 hn, 42
BB T AEAL T HE, RIWIUGAE O H Al THE S2 e
BRI, w28 1R 5 P BUE T H 558 W RUE A
BE, WxX9)-(10)Fx:

Vcﬁzrrect

‘/dCbOITeCt
/ Sggrrect i 87

Horp: e BB RN B, o H A 5 BEN0;
QRNEESRARF e = 1078, a = 1074
4 LGRS

VLA ST B I RUR, DL AR R Bk
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VERER R /7 LA SRR R ZE B DL
4.1 FARENE

BRI AR AR SE L0 25 IR F H s,
HHT G AT R SR HR 4R, WOR FH I 25 1€ A
ORISR ] Fr, TS i R A A 5%
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Fig. 5 Examples of six typical terrains
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Fig. 6 Data enhancement renderings
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Table 3 Distribution of six types of terrain data sets
KIE FEHh Yot ATihEx Vi WA

YIZREE 5000 5000 5000 5000 5000 5000
Mg 500 500 500 500 500 500

[K Terrain—-CNN I T-Ab B — 70 384T-5%, FRB g T
B IE SRR PR, SLi /K B A Arid N E
FEAR, JE/KTH R brid N S REAS. SR FH B VE B
FAEKIIIZREE MRS HH B LEkIE20% 1) B A 1
RIS MREE, KT I SR AE MR E AR, 28,
FH 1E SRR AR ZH RS T A 2 (1) o A i L R 4 .

k4 ERAMABRBESH
Table 4 Distribution of positive and negative sample
data sets

IEREA SRR

YIZGE 5000 5000
WAL 500 500

4.2 AR HIER 73 2 X ZE AR RS I 2R -5 A

K R S256 7 6 3 T Python 1R B 2% S HE 22
Tensorflow, #E1E £ 5t A Windows 10 6447 ; fFi1f 3 b5
“N: CPUN64%2.80 GHz Intel(R) Core(TM) i5-8400,
N AE8 GB, GPUNGTX1060. 5475 M 2% (Il 253k
R UL S & PERE, K mini-batch 7712, #t&= 4 H
YNGREEXT 283017 11|25, batch-size 5 425.

PRAMEE R LE I 255 b (el R AR A n R 7-8 s,
MASAY 28t A R 28 7 I 2RI AERR R —
SR PEE (AR 27 , {EL4IR V%5 s 58 Bt o DI 2R IR B ) 18 i e B
15, SR ks Bt 2 0 BT 3 IR I R R 2
R T batch-size Il g5 575, IIGRMTHHREK A T 250
batch-size X/INAIEHE S A HTEEE, BRI ZRREE
SRR EN, BEE N ZRIBIE N, W% i &4 Ra .
22240007% )11 25 )5, Terrain—~CNN TF iR 51K B AE95%
BRI, T Terrain—CNN Y 7550007 1125, R 5145
F BI ] 4 395%, FH 1 AT WL Terrain-CNN I/ 4% ) T
Befai B, IR MERE b Terrain—-CNN THEA.
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Fig. 7 Changes in accuracy during training Terrain—CNN [
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Fig. 8 Changes in accuracy during training Terrain—-CNN II
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56,

i 3%57] WL Terrain-CNN [7E 3 b . ¥ H g8 B 5
A AR5 = R 2, JLTFH2E100%, e /KT e
PR A ZE AR T90%. f iR AE R4 oA I
W% N92.6%. TTREM 5 R AR T HoAthuh g, Hih.
VoA W RN RI B . SOERARRAE, 0 2R, Tk
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%5 JRZA& M Terrain—CNN I 893437 5
Table 5 Use Terrain—-CNN [ for terrain recognition
T
JKIH HEHl et FAihER YoM FE AR HERIE %

JKIET 500 449 3 29 11 3 5 89.4
Hifh 500 2 497 0 0 1 0 99.4
JEHL 500 10 0 443 9 14 24 88.6
e 500 8 0 11 450 14 17 90.0

DMV ¢

Wik 500 3 0 3 2 489 3 97.8
WA 500 7 1 19 17 3 453 90.6
& 3000 — — —  — — — 92.6

* 6 A% F Terrain—-CNN I 9352182 7|
Table 6 Use Terrain—-CNN II for terrain recognition

T
KT KT HERER /%

JKM 500 465 35 93.0
Bk 500 31 469 93.8
A+ 1000 —  — 93.4

X i35 = 0 2 ) i, R R BH M R (true
positive rate) ffFH 1% % (false positive rate). FLII %
(true negative rate)- {29114 % (false negative rate)F 7~
ZOYRI ISR, 43 HILITPR, FPR, TNR, TNRE .
FH19¢6 1 WLTPR (KK I ER IR 547K D)5 TNR (-l
PRI IERRRI A AEKIRD) 73931 A193.0%, 93.8%.

4.3 M B CEIE N ZET L

DA SIREG B 7 56 10E R RS Hi S 1R 1) SRR 5 2 25
BRI HIVE R, RIS 20 AT AN [F AR 4H 755 6] 1
TR RCR IFE . A8 N IR 3R 7 kAT i3 2

A) S fF H Terrain-CNN I

B) Terrain-CNN [ + SVM;

C) Terrain—CNN [ + Terrain—CNN IT (i XU 57
WHITTE).

MR A3 1k 2 3 i) 6 2t 3l 2. H o,
SVMA T =338, T AN RIS A7 AR A9 BE 2 R
RERE L I A S0 ERRRIEZE 5, DRI =¥ — A8
#i5(local binary patterns, LBP)%.T-$& 1) El 5 803
FHE/ENSVM . LBPE il b o8 = 5
JE B 2R B R /0N T i e — 8 gk G i, a3 7 S B P
B FILBPRHESEEL. AR = A% A S VM A% ek 4L
SVM(LBP) ] - 35 — 73 S /KT 1 7 S 2
N90.6%, GHRTHT7R.

% 7 JhAE ISVM(LBP) &9 #5832 7
Table 7 Use SVM(LBP) for terrain recognition

T

Kby HoE

Sehr HeE

SRR AEKE e
JKTH 500 453 47 90.6
Je/KiE 500 51 449 89.8
&it 1000 — — 90.2

A, BFIC=Fh 7775 #3500 i RS 14 DL K ~F- 35
WU 2N R8P/, L IR &5 vl 1, 5 7 iEAME L,
J7IEB J71ECY AT 3 B i K X P S e b 3 Y 1R
AHERRZE. o, J7ECHIR FHIRAE 7] 14 9.8%, &I
AR 100%. AT, 11 B8 & R 1S R 0 2832 T+ 1 []
B, BN A MR PR AR T AN [ RE B I R AG.
o, J7VEB I BRI L VA C R, TR LS /KT B Ak
SRR I, J71EBRSE IR R PR 15.1%,
M7 1ECHIPF R 2 /METE T, 3T HIEER0.5%.
FECL IR ER N a2 A AR B,
F: a) HALAIAEKIHIST; b) AR AIAE/K I HbSR, FLsk
SRKTH, ARBR AR T AEKTH. PAREN, 024k
HRAFHE: 1) JSzIEKT N, B HIB AR K T 2) B
SEAE/K AR, BRI 7K, 3) AR KRN, B
FIWTAKI; 4) REBAE KT, #AIWTAAEKTH. LA
ARSI D 5400 5 250 TeR ), (H2) 2 PRGN
/K T TR0 2R, (A3 3 AR U 2 BRI, 3)RETE Ri /K
TR 1) 26, 3 T o A R 1) R 4R = AR AR AR AR .
45 J2)F13) S [R] v re B AR UM A8 4. A EE T-SVM,
Terrain—-CNN DX 25 5 3) (2B K, HBR2) ] GedE
B/, ISR T AT R R EE 2 R ) S A

& 8 MIePh B -F- 2R A F 2T e
Table 8 Comparison of risk and average recognition

rate

A% BI% C/% B—A/% C—Al%

KM 894 965 992 +7.1 +9.8
TR 994 932 99.0 @ —6.2 —0.4
Ve 886 824 862 —62 —24
FE% 900 809 882  —9.1 -1.8
Wi 978 91.0 968  —6.8 -1.0
WA 906 809 892  —97 —14
T 926 875 931 -5.1 +0.5

BESEIG gk AR A A« XAEIE” BiR A SEng ny
R R BRI R, SRR A — e 2
FE b2 tEBE ARSI 2R A A PR, (HE “ et
P RHN LT SMLES N F KA AH B, 1% P
Fr FEREFEWA, Bt BN EIREE. Sz, A3
2 B Terrain—CNN [+ Terrain—CNN I {5 FH 5 22 }Y
28R R PG I MO S A2 ) 2R, [R] I B R e
ft R R 2R BRI AR, (AR R R AR A K.
5 M4

ARSCHEH T 2T CNN I RS Hh 35 R ) v, 5k
IR BZ T 10 fa I M3 1 1R 0 26 1T 1899.2%, BE i
5 PRARFE BT A N R - 3552 ) o SR ) RS . =5 4 b3
A IS IR T LR, PRA R i A A e TR W B K
FEAR, #OC A H 1T HA 62, (HA 7 1 AT id F R xt
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