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Single frame image slope detection algorithm for mobile
robots based on transfer learning

XIN Jing, DU Kenan, Wang Yuanyuan, LIU Ding

(School of Automation and Information Engineering, Xi’an University of Technology, Xi’an 710048, China)

Abstract: To meet the requirement of slope perception accuracy for stable uphill control of mobile robots in an un-
known environment, a single frame image slope detection algorithm for mobile robots is proposed in this paper based on
transfer learning. First, the deep convolutional neural field-fully connected superpixel-pooling network (DCNF-FCSP) is
trained using a standard indoor image dataset, and the depth estimation network model of indoor single frame images is
obtained. Second, the network parameters of the first five image feature extraction layers in the DCNF-FCSP model are
transferred to the outdoor image depth estimation network. Then, the network parameters of the image feature extrac-
tion part in the outdoor image depth estimation network are fixed, and the network parameters of the remaining five lay-
ers are trained using the outdoor image dataset; thus the outdoor single frame image depth estimation network is ob-
tained. Finally, it is applied to the slope detection of a mobile robot, and the slope angle is estimated according to the
single frame slope image. The depth estimation and slope detection experiments on a standard dataset and in actual
scenes show that the proposed algorithm can estimate the accurate slope angle according to only a single frame slope
RGB image captured by the vehicle-mounted camera of a mobile robot. The proposed algorithm meets the requirements
of the slope perception accuracy of a mobile robot in an unknown environment.

Keywords: unknown environment; mobile robot; slope detection; outdoor; single image; depth estimation; transfer
learning; deep convolutional network
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e i A RGB IRl x =[x x - x,]", [
=212 - 2" A2 0 AR ER B TN R, H
X ) ELSEIR A A y = [ 2 -+ vl

CRF JZTE4 E MMLAS & x (&1 F, BELAE
iy W H IR AT RBENL P (ylx), HERIKHH

1
P.(ylx) = 70 exp(—=E(y,x)) (1)

K EQ) HRER KA, H TR EER RS
MR R Z I R 5 Z() A BL R, TR i A
TG0 8 T 7] R A Ay SR Sk I B0 AR S e K (™

y = arginax P,(ylx) (2)

222 AFEABFINTINEWBLIFE AT
TR BE Bl T 0 T ZE R I GRRE AR, 8k
TR A 1 v, R 32 25000 AR E Ay B i, 4373 X LA
o I, AR SCR R B 2 20 Sk i el 2k = A i
T T 15 R B Ay 3 I 45 T 5 22 1 PR i 4 A BR Y
[, BT CNN HA R RJ2 R Es ), i B+
CNN K 35 51 1 JLJZ T 24 21 3] i 45 A 40 2 0 FH 45
fiE, Bt 25 X 26 2 R B NI, Ji T A 19X 6% )2 B0 i

HT R REERRIE . FTLL, RSO A o7 ) 8
= A PRIR TR L Ak 9 205 5 0 v 82 e AR A 1 R
WSRATIERE, LIS U 25 SRR AL T
W 25 BT o A0 S e, (RS 48 1 R 28 I 2Rt )
IR o7 ) F AT XL 55 5 HARE 55 Z [l 9
RIS, il R IR 55 IR b iR R A
FE R T FRRE S5 b, WA R0R] 3] B4 3R
TEF KA e BT 55 pric B A R il gl it
IR AT 55 TSI R AR AR, ok I 25 0 /)
FIARAE 55 150 B v o 2 o) 1) S 80808, AT 52 3L
/ISR A8 R AR 50 AT L A P AT 0 A 2
PR B OR [ A WF 5 G, CNN IR RS 3o i o
JIr e RS A 0 R AN R] o AN Sk FH A 94 20T
Foor: ] o BB BGT RS J5 150 = N RS R B A T 1)
WSRO B EINEBIR BT 2%, DS
FHOMNEMBIREZ AL 55, Wl 3 s
BB IR S H AR 3L AT S, R
TAERZ DL 3 g g Z 48, Hrbir 5 2
Je Ak T R AR FEA TR AR SR I, B 6 D ERUZ



51

A, G T IE R ) W R S AR ST P B R A I R0

TR G AR R BRI, B LAl LU R 5 =
A AR B 3 IR A9 4 i AR R S E AR AR

convl I+Relu
convl 2+Relu

‘conv2_1+Relu’

conv2 2+Relu

~ conv3_I+Relu

conv3_2+Relu

conv3 3+Relu

~ conv4_1+Relu

conv4 2+Relu
conv4 3+Relu

pool 14

conv 4

LRZ 4

: sp-poolingg

P28 )5 2 B BUZ I 3 A2 )2 2R EH N
HA 55 AT RS A5

conv5_ 1+Relu

convS_2+Relu
convS 3+Relu
pool 15

conv 5

HRIZS

\

: conv6_1+Relu

conv6 2+Relu

pool 11 pool 12 pool 13
conv 1 conv 2 conv 3
BRZ1 BB 2 R 3

: conv7_1+Relu
T conv?7 2+Relu
1 S I
conv 7
BRIZT

Blezwlt T .
‘ BIUZ 6

B3 ESEGREMITFHERIED S W& 51
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Table1 Comparison of depth estimation results for Make 3D dataset
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1 0.1024  0.0631 14.2517 0.1530 0.0734 7.3304 0.1532 0.0754 7.6390
2 0.5710  0.4357  28.8680 0.1449 0.0695 10.0483 0.1451 0.0716 10.3562
3 0.6145 0.4645 21.0095 0.1836 0.0769 7.9044 0.1684 0.0725 8.0804
4 0.6843 04123 37.3963 1.1952 0.3877 29.3387 1.1560 0.3845 29.6222
5 0.4973 0.3352 153152 0.3625 0.1465 12.3683 0.3562 0.1496 12.2847
6 0.5127 0.3897  26.0401 0.6315 0.2087 21.6887 0.6128 0.2101 21.1751
7 0.5259 03736  20.2887 0.5640 02790  21.0787 0.5559 0.2821 20.6893

8 0.7211 04315 23.5747 0.3659 0.2379 16.1994 0.3705 0.2445 16.3725
9 0.5435 0.3821 23.0167 0.6329 0.1674 9.2323 0.5901 0.1597 8.5783
10 0.6701 0.3653 23.7896 1.1973 0.2840 21.6687 1.1469 0.2818 21.2793
¥ 05442 0.3653 23.3550 0.5431 0.1931 15.6858 0.5255 0.1932 15.6077
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Fig. 6 The actual outdoor image depth estimation result (blue: close; red: far)
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Table 2 Comparison of depth estimation results of selected regions in actual outdoor images
Al (185, 220) (185, 286) (220, 220) (220, 286) IR
FLYE/m 16.7 16.7 16.7 16.7 —
FCRN/m'"” 13.2373 9.9595 14.0511 10.9642 4.6470
DCNF-FCSP/m'"” 16.808 4 18.3771 19.4635 20.6221 2.1178
ARILH R /m 16.5392 18.0835 19.1507 20.2916 1.8967
FEIE2 (279, 241) (279, 308) (304, 241) (304, 308) R
HLE/m 12.2 122 12.2 12.2 —
FCRN/m'""” 16.6765 15.9572 13.9033 13.6180 2.8387
DCNF-FCSP/m'"” 12.7644 12.4089 12.4916 12.1964 0.2671
ASLEE R /m 12.5389 12.1918 12.2688 11.9806 0.1588
FHIE3 (310, 250) (310, 270) (330, 250) (330, 270) PR
HIH/m 7.5 75 75 7.5 —
FCRN/m'""” 46831 4.1835 4.4692 4.0478 3.1541
DCNF-FCSP/m'” 8.9247 8.9263 8.4528 8.5408 1.2111
AR /m 8.7965 8.7980 8.3372 8.4227 1.0886
FHIE4 (236, 212) (236, 247) (266, 212) (266, 247) iR
FLYH/m 13.5 13.5 13.5 13.5 —
FCRN/m'""” 22.1212 21.2585 19.5015 18.4432 6.8311
DCNE-FCSP/m'"” 13.6837 13.3962 13.9285 12.0558 0.5400
AR /m 13.4732 13.1908 13.7447 13.8707 0.2378
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Table3 Comparison of depth estimation results of actual
outdoor images.

Ak MSE ‘lg‘ RMSE
(B /N GT)

FCRN'"” 03301 0.1624 23220

DCNF-FCSP'™? 0763 0.0357 0.6282

AICTT 0.0622 0.0294 0.5514
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Fig. 7 Slope image acquisition device
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Fig. 8 Outdoor slope edge extraction results and depth estimation results (blue: close; red: far)
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Table 4 Comparison of outdoor slope angle estimation results

HFDCNF-FCsp!? HFAIT
75 FLAAEN°) ; .
WOMFEE/(°)  daxhiR2E/) MR/ % BUAMEE/C)  AXHRZE)  HRHRE%
1 — 10.5920 2.6695 20.13 10.9247 2.3368 17.62
2 — 18.144 6 4.8831 36.82 152941 2.0326 1533
3 13.2615 10.0462 3.2153 24.25 10.8929 2.3686 17.86
4 — 15.1603 1.8988 14.32 11.4789 1.7826 13.44
5 — 16.4518 3.1903 24.06 16.0326 2.7711 20.90
6 — 13.5225 3.6843 37.45 10.9825 1.1443 14.67
7 — 12.1817 2.3435 23.82 11.6227 1.7845 18.14
8 9.8382 12.2018 2.3636 24.02 11.8937 2.0555 20.89
9 — 12.3618 2.5236 25.65 11.8244 1.9862 20.19
10 — 12.8103 2.9721 30.21 11.9170 2.0788 21.12
REEYIE — — 2.9744 26.07 — 2.0341 18.02
4 HHiE GG T v 8 IR % N AR R AN T 45

SRR B E SN EBRE AT S, X S
ARSCIRI T —F i TR 2 S SN Wi IR I AT AT, ke T M ER B A
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