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Feasible Region Detection Model for Climbing Robots in
3D Steel Structure Environment
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Abstract: Feasible region detection is of great significance for autonomous mobile climbing robots to understand the
surrounding environment and ensure their efficient and safe movement. An improved DeepLabv3+model is proposed to address the
issues of large parameter count and slow computation speed in traditional semantic segmentation models. The backbone network of
this model uses lightweight MobileNetv2 instead of Xception, effectively reducing the number of parameters and improving the
computational efficiency of the model; We added convolutional branches and optimized the hole rate in the pyramid pooling unit of
the hollow space, enhancing the model's segmentation ability for objects of different sizes; Introducing a global attention mechanism
in the decoding stage enhances the model's ability to aggregate contextual information and further improves the segmentation accuracy
of the model. The experimental results show that the improved DeepLabv3+model achieves better segmentation performance in the
feasible domain detection task of climbing robots compared to the U-Net model and DeepLabv3+model.

Keywords: climbing robots; feasible region detection; 3D steel structure; MobileNetv2; global attention mechanism

il

U] FHLRI B E T, H A, RN R
B R R R, SRR SR TR, 124 . AR (A
EHAE RO R 20, TR, W L TTSSIENLE A TT LU A AR 4%, B A

36+ BeWmE. MR ERBEEET FHH (52275011 ;
[ R4S ST S SR T 903 4 SRR 22 S A T
H (2024A1515011871) .



JIME LA S f) v X, e EATLAR AT AT I A T A o

WA, AR I8 AT SN IR 3 AU IS R Y
ke, JUHAE B KR AR o BB E B G A 7 T
RINELT - ZENEHL G NAERE NI =GN S5 L HY
ATAT IS — TSR I Sy BT SS, HA e T
SeHFR R P ME R SR AIRHE, X OMESS P
DX 3 A X3, AR T AR 22 X 2% F oAt
R, S BRI I R B BARRAE, SRR
EUE BRI = 28 EE, MRS ENE S, HE
SHELHAMERPIZ: 42 7 4 HIM 4% (fully convo-
lutional networks, FCN) , 74 fift ke 1 B R~ BIR il g 1)
B, JEMB PSR S T A FERAEER R
BB LR B TR R BRI o, EEGAnY
SEWIH AR . STER[6]# H U-Net 2514, FFH gt
FHARIR R R A i 208 SUE ., IR ARG 25 il it i
AVER R T7 S AR R HRME, SRAS SRS 7
FILER, EREFER I T KESH, B 7R
o HR[7]#2H SegNet £5#4), H.5 U-Net &5 AH1EL,
HAEmRMAE R P R AE TR R B, R 2K
FER BEREBIE S5 R R s 28 AE 4238 40 B 5
R, EAERS SR R Z A RE AN 2 o STHR(8]
F2th RefinetNet, I BIRZEERAN T RAERFIE
KRR S, 32T 70 BIRGRE  AERTHSENMIEAE AR
. Google & T — R4 DeepLab FAIC-121, (H
TXBEAGTHRY A K PR RIS R 25 77 T AS A

Bfxh IR A1, ANSCIET DeepLabv3+57, 47
— PR EAGHTE U FISAL (MG DeepLabv3-+15
B o A R R Y MobileNetv2
X Xeeption, LAIRMER (2808 SARTHT AR,
TEfERS I B 51 N\ 42 J5 v = JI ML (global attention
mechanism, GAM) , H45@ A0 R 30E B R G RE
73, VARG BIRE L . ZENCALEE NG S i)
S BREEE AT, Al ROl N RN SER
X3 A2 Bk i

1 xR

1.1 MobileNetv2
MobileNetv2 f&—/MaEsl. BRI AIRES SR
RSB BN T — B B, S IR L
PEALPE, FRRHTIE RGN, AR TR T
i, AR R AT B, BRI T
R, JRE 5N TS, VPR 5
SRAEE RN, (RN BERE CRAUER R BE . AT,
MobileNetv2 i#Hid ReLU Ji bR HCK IS A Y [ ik
ReJ1, IR AR AL B L i et iz
B3Pl b TR S5 . MobileNetv2 s AL
Hange 1 pos. oy, ¢ O N GEIE RS R 480 (R)
PIAEHO 5 ¢ N IEE R EE, n SRR E R IR
B s NEPUPIR, kNS T
# 1 MobileNetv2 BB ARZe4

LITPN AR t c n s
2242X3 conv2d - 32 1 2
1122X32 bottleneck 1 16 1 1
1122X 16 bottleneck 6 24 2 2
562X24 bottleneck 6 32 3 2
282X32 bottleneck 6 64 4 2
142X 64 bottleneck 6 96 3 1
142X 96 bottleneck 6 160 3 2
7>X 160 bottleneck 6 320 1 1
7>X 320 conv2d 1 X1 - 1280 1 1

7>X1 280 avgpool 7X7 - - 1 -
1X1X1 280 conv2d 1X1 - k -
1.2 GAM

GAM & —FRTHAR L 2 SR RURHIERIX BE 11
HLAINO, & T 5 A R R L5 . GAM
D R BT SR AT ST AT, SRR A
B E BRI E: il S A E SN B TR OUE R
K&, RUEREMUERMEZE. GAM @hd T
A VE R IH AN A (R L, S5 RN 1 R

20246 HEa5 % ol BIHUEEEIE 37



R RE R R
> 59

LN E S RHIE R
E1 GAM 4ty

GAM ACHUFE F R RE s 2 20 )Rk -
{Fl =M. (F)®F

(1)
F=My(F)®F

A B ONZEEIETE R R B R AL B,
M ONEENERY, ® NZETRRE F, W47

[VE R IR B 5 AR IR, M O TR R AL

M TEVE R 2 B

— MLP Sigmoid

permutation reverse

o] men |+ O—
NEHIEZ R 2

K2 JEIEE R

G, WERNRHE BT AR W RS, K YE
FEAR 5 A NGB N Z R AHL (multilayer percep-
tron, MLP) , DASGERAN [F] 4 2 8] ff) 38 18 1 2 1B 44t
P (MLP G345 2 MEAEEM 14> ReLU SIS RREL: 56
—NENEERRE B R 4t - HEATIIE R4, O
HIH ReLU 50 bR BURZ R LT R MBRNEIL R 55—
MM E BB IE4E AL IR )5« feJm, FIF Sigmoid
BR800 NARFAE B EAT AR B I — A Ak P

A R IR AN 3 B o

CxHXW ClixHXW CxHxW
Sigmoid
77 77
O EE
R NRFAIE 2 Tt RFIE 2

K3 (R

e, PRSCBIETE RS RHIE R RS
HIE 2 S 77 FIBRRATRHERE CR— DN ERE
FEIRHE IS, LKRAREREE, W)

38

SRR I BB NG E R E
AL, JEE(E B e, dE— DA RHIERIL)
HeJa, I Sigmoid BAEAE R HIALEE, FHOREH N A
TIEIRR NRER, USRS A& SN e
1.3 B4i#tAY DeepLabv3+i=H!

DeepLabv3+15 8 DISREERE BN 2 BIARHEG RN
B NFFAE BIEEAT TR, FRad BRI AN RHIE I R
SRS BR TR R AT B g GRS A RS T
Xception ZEH 17 7% 8] 4785 704L (atrous spatial
pyramid pooling, ASPP) LTI # . Xception 4444 H
TRNEIE G R ZE UGS ASPP HondEid £
IIPRERRHERSE, (RFFEARIIFEE . SR, XAl
G 77 NP R B R4 AR, JCH AR 7R ER
FHHEIE RS 7 A2

N T AL EIRS RS, IF# R DeepLabv3+
BRI PR iy B AR LT R BRI BCRAG, sz ERC
SREEAWINE, A DeepLabv3+H A 317 LR
Brei

IDRErEtll= iEee S Le RithIe £ NG W &
ZIAGRAFIRKIIR S, My, HRER
[¥) MobileNetV2 1t Xception, Jfi/b> THA )4 &
AT K

2) JFgh ASPP HUTHE S AR BN 64 12 A
18 () 3 MG, T KA E, w22y
FIRCR L T/ BR324 24
B E T 28 SE B ARRAE B 23 2B PG, 75 241K
TR R B RRSE DU Hr R (S B i,
£ ASPP BTG HURNE — R AU, HA TR N 4,
8. 12 F1 16, $TFTHALG 2 R HbR /- l6E

3) fEMFRESMTBLEIN GAM, #— D Es Al
SEIRERE: GAM AR B IR B HOR &R
HaEnt e R R BHRERE ) I GAM XHRE
EPEAN ] X 3853 B AN [R] AL B, AN R RBE AL ]
Z IR BATH, 2 RERHMERRL G FralefE
WEEEAAE T S EIREN, GAM fRerEnf Hb 3 iR K]
BNE . BUER DeepLabv3+HRI L5 LN 4 Fs.



BREE ABikiE: HiE=HIRERIFERN RIS AR TR E

__________________________________________________________________________________

3x3 Conv
Rate 4

—

Input 3x3 Conv

Rate 8

—

L 2

MobileNetV2 3x3 Conv

Rate 12

3x3 Conv
Rate 16

Image

Pooling

________________________________________

e

DECODER
Low-Level U I <
psample by 4 [«
Features il

A 4 A4

_________________________________________________________________________________

K4 ol DeepLabv3+iE A 25§y

2 LIERSITFNIER

LR

A S SR Y ) A AR 56 E 202 () Deep-
Labv3+BA AT it . BmAE @ fEun T

D ey ANEERG kL, E2IARIMNES
SERR P AR EAL b I R AT

2)  FIH Python XHEANRIA LA & )iz ]
TRAF, FEHORAER BHRAE N R da R &

3) RAER. #BY. KE. eSS AT T
X SR AREAR A A T I 5R,  RE BRI 1 814
R KR s

4) JEiL Labelme A5 58 5 AR AL AT F
TARYE, RATIEMERREN Safe, 5 XIBMARERN
Back-ground;

5 KebrEEREERSEILIR 9 L1 Btk FENL
RN NI ZREERI IR SE .

S AR A B N CPU A E5-2650v4@
2.20 GHz, W1#4 16 GB, &4 NVIDIA Corporation
TU102 [TITAN RTX]; %5 N: Ubuntu20.04,
PyTorch1.8.0, Python3.8.5, CUDA HIA<N 11.6. #J

2.1

G272 20N 231074, YIGHEICH 16 4, B FE IR epoch
N 200 %, Mz Adam.
22 VHNERR
AR FAE IR (MIoUD | “FEIFE % (Mpa)

MHEZE (recall) 3 MEREFEIRK AN ZETEH 45 A AT
ATIRAIRIYERE . HoA, MloU il s H5 sehrgd
R G FHERELHIIC R Mpa A& FINE 2R HE
WHEERFSAME: recall A TEBATIIN A T 47380 5 4B Sk
PrefATim b, THEA RSN

z TP
MIoU=—Y" 2
n+1% TP+ FN + FP

1 TP
Mpa=—) ——— 3
P n;TPI.vLFNiJrFPI. )
s @

recall TP+FN

A TP ONIEBTNON AT G R S 5, FP
NIRRT S DRI FTAT IS R B R, FN N
RTINS R G R K, n R RR 2
WU H RS a4

20246 HFa5% ol BIHUEEEIIE 39



3 WSS

VA AR B EG2E ) DeepLabv3-+H5 84 (4G
MPERE, 5 U-Net #5724, DeepLabv3-+ 81317 X%}
besag . LEAH A SR SR R AR A8 N ig AT Lk 3
PR, SEEREEIRINER 2 Pis.

2 3 MRBINLETINEER %
it MIloU Mpa Rrecall
U-Net 94.28 89.93 94.67
DeepLabv3-+ 95.82 97.35 96.44
AR 97.04 98.50 98.38

H# 2 A1, ASCHALLL U-Net #5741 Mpa F1
Reccant 73 R E T 8.57%K1 3.71%; H DeepLabv3-+1i
T MloU F1 Mpa 53 5ill#& i T 1.22%F01 1.15%.

N E B TR A SRR (G DeepLabv3+
BiAY) 554G DeepLabv3+ AL (P B 2 5, 4500 #1145
FRAT AR EE, kS R

|

<=
=<

DEREES — R

(@) KHEE

(b) Hr%

K5 ANERR o 145

(c) DeepLabv3+ (d) AT

HIE 5 FTLVE H: fEon@lE] 1o, B RET i+
P, DeepLabv3-+E MY ) 73 FI145 RAEHER: £~ 151 K]
2 1, DeepLabv3+H5 A1 B ARFEATERf /> E1 114 74,
EAEA {0 Y BN A 1) AN S s AR Y
RESEAERR U SE B0 R, 70145 R EEIEmT, TIASC
BORA AER R o> 1T, I RE T E TSR,
EAEASFTAT I 3B B N e %

LRa R IR 5o RIs KK, AR U-Net
1A, DeepLabv3+H AR, 7ERTATIA EIPERE A
BT HIROR

4 5P
ARSI W) B FE B sh 2 L8 N e BN S SE

40

IS, RIS R S AR5 B, SR Aol
(1) DeepLabv3+BRUBHATRIATI &1, PhBhZEIEN L%
NEERF) . LI RRY, ASURAAEET U-Net
B, DeepLabv3+EA!, HA HIFHIHRIRIR. RE
AR I DeepLabv3+ERI4R & 7 Al 471853
FRCR, (B HIZ R T R Tt o TEARRI TAE,
BRI R M A e, BRI 508 2 N 2,
i#jd TensorRT HEMEAEZLARLAIENL BT & 152073
FINTATI, SCILEEEHLZ N B R A E 850

©The author(s) 2024. This is an open access article under the CC
BY-NC-ND 4.0 License (https://creativecommons.org/licenses/
by-nc-nd/4.0/)

SE

(1] ZEAR AR BE A K I rh JE S N SR 132 Y 20 W [9]. 2 44 1)
HHAR 2024(7):139-141.

[2] CHEN L, LI S, BAI Q, et al. Review of image classification
algorithms based on convolutional neural networks[J]. Remote
Sensing, 2021,13(22):4712.

[3] MINAEE S, BOYKOV Y, PORIKLIF, et al. Image segmenta-
tion using deep learning: A survey[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2021,44(7):3523-
3542.

[4] Wi M IO TR B 2 ST RS Lo B R 0]V Bl

5,2022,35(2):69-72.

[5] ARBCLAEZ P, HARIHARAN B, GU C, et al. Semantic
segmentation using regionsand parts[C]. 2012 IEEE Conference
on Computer Vision and Pattern Recognition, 2012:3378-3385.

[6] OLAF R, PHILIPP F, THOMAS B. U-Net: Convolutional
Networks for Biomedical Image Segmentation[J]. CoRR, 2015,
abs/1505. 04597.

[71 BADRINARAYANAN V, KENDALL A, CIPOLLA R. Seg-
Net: A deep convolutional encoder-decoder architecture for
image segmentation[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2017,39(12): 2481-2495.

[8] LIN G, LIU F, MILAN A, et al. RefineNet: Multi-Path refine-
ment networks for dense prediction[J]. IEEE Transactions on

Pattern Analysis and Machine Intelligence, 2019,42(5):1.

CTH:EE 46 1D





