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Rural Road Recognition Method in Remote Sensing Imagery Based on
Integration of Strip Pooling and Attention Mechanisms

ZHANG Haoyuan' ZHANG Chao' CHEN Zheng® ZHAO Lihua' CHEN Chang' BAI Xuechuan' YANG Cuicui'
(1. College of Land Science and Technology, China Agricultural University, Beijing 100191, China
2. Center of Engineering and Construction Service, Ministry of Agriculture and Rural Affairs, Beijing 100081, China)

Abstract; With the rapid and accurate acquisition of rural road information, essential data are provided
for agricultural machinery operation navigation and high-standard farmland construction evaluation. To
address challenges such as occlusion, small spectral differences, and diverse geometric shapes in complex
rural environments, an improved semantic segmentation model, SMC_ResUnet, was proposed based on
the Res — Unet architecture with controllable encoding depth. Using ResUnet50 as the backbone, the
strip pooling module was introduced in the encoder to enhance the extraction of long-range spatial features
of rural roads. Additionally, the CA attention module was incorporated into the residual blocks to improve
the perception of subtle road features through positional information, thereby reducing omission errors.
A hybrid pooling module was integrated into the encoder-decoder pathway, combining strip pooling and
standard pyramid pooling to balance the recognition of rural roads with diverse shapes while minimizing
false positives. The proposed model was validated on a high-resolution rural road dataset from Nenjiang
City, Heilongjiang Province. Experimental results demonstrated that SMC _ ResUnet outperformed
comparison models, achieving an average accuracy of 98. 58% , recall of 83.40% , MloU of 78. 06% ,
and F1-score of 85.89% , with an overall accuracy of 97.41% in large-scale rural road extraction.
Ablation experiments confirmed the effectiveness of each module in addressing specific challenges of rural

road identification. The model’s generalization capability was further verified by using the Deep Globe
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Road Extraction Dataset. The research result can provide a valuable reference for acquiring rural road

information and guiding agricultural machinery navigation.

Key words: rural roads; recognition; strip pooling; attention mechanism; deep learning; remote sensing

0 3

PRI A A AE £k HIA], 32 B4 ok
BUAK AEPL 3D G S5 AT, 5 s IR 55 T A A 7
Mo 5 BT A AN [ AR XA T I A T
SR, FLTE % 2 R 22 B | o i A9 A T AR R A
FE 5 OB 9% 18 S 1), AR ORT Ml IXH ) S B O R
L 7235 ol o P 0 B B ) S I o e b R
A AT T B A AT Ry Al LA A b S AT R b v AR H
T 55 4 R I il 8

1% G5 5 T 38 G 18 0 AR T I RO 4 LU 1
Fo BT IA Gk R AR AL R AE 8 B AR R
5 SN S  1{0Jy5175  WRR 1B 5 K N i b = 8 AT (]
S FRBORR T AR R 2 O LA E B
T 1) X6 2 0 vk A o (HL I B L5 O 9k OR AR A A
5, B 8 AR 4y PR R A 5 BN RR I = AL
G B B R O SR T L AR R TR 2 o) A
HE TR R AR L B G A5 M W TR
G o T S B0 AT DL )2 B R R 1R K
fiF I HobR v T B i X B E ez
i FH T 38 B AR b TR0 o AR, 2 TS B0 1
B 6 55 47 00 B 1 LA M [ G L 48 I A5 ]
$H6 O e R 0 2 S A S IR R 0 A A Ak 1T B 5
S 98 S A TR VA 5 AR AN S R B L RS
O AN [7) 248 TR 308 00 0 7 SR A 2 X 2 L R 4% 2
HEAT T okt . in ALSHEHHI 20 58 5 4 J7) 5 4
Tt Ak A LeNet #5578 () 4 3% 4 2, i o T 804 0
RN 25 IR e 7] A, ZHANG %" ¥ 3 (4 Deep
Residual U — Net &% #H H, %8 49 U — Net, 5] A%k
ZE4EHI 9 U — Net REAS 7E 32 BOGHE B AR (B 2000 B 4%
TEJ7 R B B AR ERE . WF9E & IR T 2 At
A5 e L2 A e B R S90 %) A DA s s
T4 RS2 M LA N7 K 04 K B B AR Bl A
T2 AU AT B X T R I 2 A K S5 A E AR R T
PUBIRE B, (0 2 850 5 BR ) T K 3 R
SHIT 25 B T — At 2k R 8K clDice , L34 58 58
GURK S $EERE 1 . BeAh, 2 FE RS TR
[ 1 % L s O e T
VER AR B R X e B e
A S5 ek AR TR A 4 SRy R AIE 4 BURE 7 A s ) £ B AR
RE ) o S IX SE Ty ik A £ A5 U 8 U I A BT
J'& AR AT T8 [ AT A7 AE B T i o B SRR Y

il

QAT AL IR RN T8 % 5 52 G PR M ) T 4
R4 B AR S BURE J1 A 12, LA, 52 A% M 45 S kg 5 1
T BEURTE SR, A F T I L 20 R 3 S 1R Y
b2,

B DAL A A 3 s U R A A SO S — b
B AR AL S P T T T B A B R 1R I
PURIBERL . 7 A 38 B RO 4R DL R TF s 4k 1
T JE A A T8 B 2 BB 6, 45 AR SO TR0 5 1 At 42 4
AT 6 46 2R AT XoF L, o T 6 3 A A% A B
RO, A8 R [l S 2 A5 b 2R A7 003K L 36 i HE 52
P, DU O A R I 2 S (O B B3 5 1k o

1 MRAZE

L1 RS 4R BN 48 A B

A U — Net 1y 19 2% B (R 2 kg | G 28 it 1 2 igp £
S5 KRG R R AL, BEAT R OR B v o R R A W AR
BRI A )R 5 R S AR AR R S o O 3T o 4 O
18 S AR AR 75T SRARRFAE AR BGH 20, R B IR 1Y
ResNnet —50 34t U — Net H 19358 4515 /2 , ResNet —
50 & — Bl IR B 5k 22 9 255, HL 5% 2 A5 Bk E 2% filk TR )= I
28I 25 v (0B B A 2 ) st ) A 2658 R 1) 1) 6% 45 A ]
PE TR S A A 1Y 27 2T BE S o £ ResUnetS0 &
fifh b, AR AR A AN I Y 2 ) 25 MO I R AE 7 4
SER ISR WA B, DL o I 48 X K A0 1B
A S TR BE 5 AL, 1R A 1t AR A B A ) 2 B — it )
F% P )38 T, P T S 22 A R SRR 558 A 1)
P90 s fE 5% 22 Perh B CA BB, L3 o 4% 36 3l HK
F 2 B A SR IR 3K, o 2% 4 412 B JE 4 T gk
DA KA /NI BEARAE o e &K i SMC_ResUnet ( Strip
mixed pooling and coordinate attention ResUnet) R 4%
AL | S PR A5 R AN 1 T, 40 0 je R AE 2R
HEREER
1.2 FHil

AR A 1A SR B B 1 A K
I B A BE 3 0 X BB (H L 1) FNAT (1, W) 4R Ak {E
PEAT T8 KO 2 AR5 i i " R

yizwog:wxi.j (D)
[) B, R AR AL IS B R

|

Yi =ﬁ0s12<”xi,j (2)

A H W——F¢ Ak 51 v B M AT 58 )8



%6 1) TS IR S R AT T Ak 5 TR T T LI Y 38 R R AR A R O vk 199
(=9 =}
5 Concat é
11
z =L
= £
=
256x256x3 z
I 2= BT I 5 Concat
FAILED E
ReLU &
S
3><Layer1¢ FRZHITT
| 5k 2= BT I 5 Concat %—
AL E g
ReLU g =
5]
4><Layer2¢ Ml
I BEHTT I 5 < | BN | | 3x3 Conv |
A {eER E E
: : *
S o= T T
6xLayer3 | [ CAER T
[ #z=wx | [ H&GLER |
St bR
fell L IRETaEER |
3xLayer4
DI e A1k ERE S s (C) i
1 SMC_ResUnet %5 #4 [&]
Fig.1 Schematic of SMC_ResUnet structure
x IR GERENR(E] y—"Hi Hh RRAE 7t Ak A AR BE B R AR B 5| R R R R A% it Ak

B 1 Tt Ak A% RE % HE B T 56 X MR B TR 4
K B S (ALY D AR A B, 97 R R AE 4 UK
B2 WY T AT R P AR A T B 1 25 AR S AR AE
12,1 Z i A B

S T AR S B R FH KT R R B SR b Ak AR
BB b T SO AR, R R 1B 2 B R0 AR AR
BIR CxHx W, 2433 KFFU 25 Ak 5,
Hx1H 1 x WKW IER, 23 BRS8N 3
BB R MASGY R, ¥ RIS 0 R E B S
G35 Hx W RIER, ffa#id 1 x1 BRE
Sigmoid TG MREAL R | 55 I A LA TR A5 B O ¢
TR
1.2.2 RA ML

DR AR TE B R AR AU A O e 2%

Ha7rE s &, Mg R we s , mE 3 pr
AR IR A AR 2 AN TR R 1, 43 5 4 3K
i AR P AN [ A7 8 222 ] £ o B g R B 8 4 5%
F, o as [ 4 B Al 5 A B 4R IO B 28 )RR AE
S A T e i I B R AR B s )RR AR, B i
B 2 ARG AR AR AT R
1.3 CA #&H

AR I8 5 L X O AR o RN A A B
PHIREL AT AR IR, 51 A SR fk CA HLI, CA
TR A AL 4 TR O R0 9 A LA R o
A B B R 5 H) 22 L, I R AR BT g A58 T 1)
e £ S, Ol o 1 x 1 3% BB 2 A AR AIE 18T f
(AW 16) o BEJEAS £ 51 R 2 A sk B f RIf

B2 i i bR E (SPM) 45 4 [
Fig.2 Schematic of strip pooling module( SPM )



200 & ok L

L

2026 4

0 e

0w
[rem] %

7.9
L ETHEL

[T} %>

-

FA
B3 R R (MPM) 2544 4]
Fig.3 Schematic of mixed pooling module( MPM)

Input

| Y Avg pool |
7
| Concat+2DConv

v

BatchNorm+Non-linear |

| X Avg pool |

v 17

2DConv

7
Sigmoid

| |
Sigmoid | |

Output

K4 CAEENHLHSHRER

Fig.4 Schematic of coordinate attention( CA) structure

E PR W

g =a(F,(f) (3)
g =0(F,(f)) (4)
A o Sigmoid ¥ i% PR %X
F F,——%F h 5 10 A1 w J7 Tl SR AE 64T 1 x 1
B
B2, CA BEHH R
y. (i) =x,(i.j) g (i) gr (j) (5)

2 RBBESHE

2.1 HFEFRBESTLE

1% B e T A8 BRI T A Sl F 9 X 32 DX S8
TATRR ™ R, NI AR, A A A % 190 245 5 %, R )
SN B e b R F R A B, S AR H
HOAAT ARHLAT B B ARIE B

I Y T e T R e R AR e VA IR T A [
5 = U A (=) AR R B S Bl UL 2R
KT 2021 4F 7 AREM DR I m JIr 5
(FG—=2) o iz X B0 S R Y O 256 1R R

256 1R 2R KR, i 16 A 35 AR T8 B4R B IR 2k 892
Mo {1 Labelme %114, 2 B = I8 8088 v A A 18 1%
IS b LR I B 3 SR R BE AT AR T, R0 XA
R A5 52 Hb A IR T A HLSEAR BEAT LU X AR T o LA LR A5
8: 1: LEEALRI 23+ A Kl , Hoh I 2R 4 714 &, 30 3E
BRI ER & 89 WR . Dy 1 AR T AR AIE Fi IO
e sy, e IRt 05 I ZRad B2 b, 23 50
2R g 5 90° (180° 270° L M i AR B % A8 46, S 1L
B 1 o8 .
2.2 RWIRIE

¥ M Window 11 #2:4/F & 48, JF £ 15 5 4 Python
3.6 TR H] Pytorch YR~ S HESL, CUDA JlRA y
12. 1,77 % & F JetBrains PyCharm2023 , fiif 4 i 4
WIERCE N Intel (R) Core(TM) i9 — 13980HX CPU
1 NVIDIA GeForce GTX 4060 GPU ¥ 31 #L I Il 44
g1 RV =

it 22 SR 1 1 25 75 =, Y1 2 46 56 i 48 TR
Ny AASERY B — A Y2 R 01, S 0 e R B die 1
SR ZRA0 2 FORS B, AW AEA TR o 4 s IR 5
LR HEE T — B S AR LR T R
Adam"*" {5 4270 53 2K o B0 O Ak B, B0 1R o o R
PR 0.000 1, # AR R 100 1K o

A5 2R R S0 Ao A R 0] AR I R 5 (R
fF1) 26 1 52 BT 4 1) UM PE i . Focal Loss i JH T 28
TS5 089 73 HIE 55, Dice Loss # M T/ H b f12E
BN 1 57 19 3 55, MR R R B AR A, 2 O 5
Focal Loss #ll Dice Loss, ITA SR 115 3 &2 K 194t
RREL, AR

Lipaitoss = Alpgaiion + (I =-A) Lpyicetons (6)
K A P S 2 AR SRR,
B 0.5

2.3 BEEMN

VAR AR R 25 G PERE L SR FH RS BE 3 H 46 A5 L
57 S HE R B (OA) F- 132 3F L (MIoU ) | A [l 52
(Recall) K5 # & ( Precision) | F1 43%% (Fl-score) &
BRI 2R 4

3 KBERESW

3.1 YIHER

HeFARSCH Y SMC_ResUnet #8, %J JIl 5 4E
EAC 100 AT I Zrid e B4 2% 15 LR 36 IR SR 4
JEAAE S Bk o B S AL iR 28 60 Al
Gr R A IR Aok TP AR, 96 R A ASUE A
93% ity , Wb B R E AR 2 AE 0. 09 Zi A, Y Rt 2k
HAREALE 0. 02 Zify , B4 AR VI ZRAOCR

B VN 255 9 AT SO 48 8 A Y v, kg ) 3K 4



RIS S RlE AR AL 5 T D AL Y 3 G AR AR I R T T 201

556 1
0.5

=190

0.4 18
180 S
E 0.3 —MHBRE |75 g
K| RiEb | =
=02 — K ®

165

0.1 a7

O I I L L 1955

0 20 40 60 80 100
BAREL

PS5 AU At 2 0 A 6 T A 38 2 Al il 46
Fig.5 Variation curves of model training loss and

validation accuracy

HEAT AR AT T HE L, OA MIoU A M]3 K 1 i F1 F1
A0 3K 25 5 4% 5 K 98.58% . 78. 06% 83.40% |
90. 72% F1 85.89% .,
3.2 RIERITLE

Shy 6 IE A AR 78 R A o o o 3 e R 1R 4R
Wy A 8 M, % B Deeplabv3 + 221U — Net'®!,
SegNet ™3 22 it if S 43 %1452 700 1k 47 %) H ik 86, BT
A AR A (] 356 2 B A RO 4 R 1 AT I R A

(0]

ik B
P 6 VT T TE B O AR RN 45 2R X L

Fig. 6 Comparison of recognition results of road dataset in Nenjiang City
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Fig.7 Comparison of recognition results of Deep Globe Road Extraction Dataset
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