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Road pothole segmentation network based on multi-scale feature

fusion and channel feature adaptation
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(1. School of Automobile, Chang’an University, Xi'an 710064, Shaanxi, China;
2. School of Highway, Chang’an University, Xi'an 710064, Shaanxi, China)

Abstract: To accurately identify road potholes and the improve model generalization segmentation
ability, a road pothole segmentation network (potholes-FBConvNet) based on astrous spatial
pyramid fusion (ASPF) and feature adaptation was proposed. The convolutional neural network
model (ConvNext) was used as the main structure for multi-scale feature extraction at different
network depths. The unified perception and resolution network architecture (UPerNet) was used

as the neck fusion network. The multi-level feature representations extracted through the main
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network were fully utilized, and the ASPF module was introduced into the neck network to
further enhance its ability to capture multi-scale contextual feature information. A feature
adaptation module was embedded between the neck and decoding head to perform adaptive
calibration on the channel and spatial features before neck fusion feature decoding. In this way,
the network segmentation performance was effectively improved. A total of 2 097 road pothole
segmentation databases were separately collected and meticulously annotated (1 065 generally
damaged potholes, 507 completely damaged potholes, 525 severely damaged potholes), and
comparative and ablation experiments were conducted in sequence to verify network performance.
The experimental results show that, the proposed potholes-FBConvNet model achieves an
intersection over union (IoU), similarity coefficient, precision, and recall of 85.43%, 92.14 %,
92.96% ., and 91.33% on generally damaged potholes. On completely damaged potholes, it
reaches 87.76%, 93.48%, 92.33% ., and 94.67%. On severely damaged potholes, it reaches
90.76% ., 95.15%, 95.41%, and 94.90%. Compared with 16 typical comparison models based
on Transformer and Conv, the proposed segmentation network has the optimal generalization
segmentation ability and robustness.

Keywords: autonomous driving; pothole segmentation; complex environment; astrous spatial
pyramid fusion; feature adaptation
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Fig. 1 Road pothole segmentation process
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Fig. 6 Proportion distribution of ordinary damaged

potholes segmentation area
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Potholes segmentation network of potholes-FBConvNet
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FRIERIRE 1. H B LT 4 B0 & 218 XA
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2.4 FRAGSLER

172 A Sk 350 25 A R X A R B AR R R AT
B LORFE L DL B E B0 . A BT 43 I 4%
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BAM F#AE 38 R AR B0 B 38 ¢ o 4 AF 8] 3 3
S 7S [y e N, AR HRE B 1 3 N R R G T 7S [A) 4E
JEVE R B, BT 28 OGS AE I 9 1 6 £ L DA
P& TH i A5 Sk A R

WA B Sk 058 5 28 BAM BT A Ak 4 45 1iF &1
HEATIB A IR FE K 20 1 W T e R 2 g 1R
FEBCRRAE il A o AT H 208 SO B K )2 2 [a) 40
TGS A DA AR LR A R A A5 R R AL
AR R T TR 3 E) S BN B KN 2 R B BT
) 38 T o A SR R TR X ek, O R R A BN
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BAM ) HARSE /I & 14 fros , B R R RRAE
B M4 R M, (F) Ry 25 [ R 1 s M (F) R
A B MCF) S % R iR FRAF ) F 2238 18 1
BAOESRER DA ESEN =4 EEhE. %
R 3 A R R A 4 SRy Y A ) T TE A B T A
PR 22 XRE EAE @l A o DR T 9 £ R AE R B
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Fig. 14 Principle of BAM

Hi (&1 14 A1, BAM #5332 2255 S 435 Rl G M
RSB =R, o B ERAE  BAM #1506
N HEAE B 310 R 25 [) 1 7 0 Ml 3 i 78 ) U4 3
Horhzs (a1 2 4 OB S A RRE IR E T 1< B,
B 3X3 B UZKE O AT HRIESR I, E
RS AIVE B S M, (F) € R Y5 gp A, il v 3
153 32 02 S i AR IE P AT 4 RS 3493 Ak A AR
T R e R fE B i FREE R 4 2 A
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M (F)€ R, filvG #4E 18 7 & 1 WML ()
L2z ) & 1 B M, (F) 3 a3 32 o6 2 A1 i @A LA
B 1 B TR M(F) %A 77 =X aT [ B 2
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P35 W B B TR MCF) R 3 56 iy A SRR A
P, ] A 2 AR R AE P i o R A0 45 2 i) B
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3.1 iFMiEsR

X T A g, R 43 0k 5 Ak 38 b iy B2 5 T
(Intersection over Union, IoU) APl & %% . #E#G
KA 1R A A 48 Bi LADEAL 19 28 7 18 i S 4335
FIILS . BEAk Rkt 9 4 o FI R RE AT A RN
M5 ATR R B DL 3R 5 20 )R 031 T A Bl 152 1Y) 4K
L AR 1R,

®1 RBER

Table 1 Confusion matrix
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1 N O TE B 00 S S0 945 3R B0
Noow 0 TEB BN 2 15 50 B9 P8R SRS 5 N 9 15 508
i R U A 5 AR B R 5 New S B0 B 5 152 B
IR F7 SR B R G . AP SOIR L Lo MR
D MER R P R R R R A58

e =N, +le + N )
b= N+§%TP+N “
e (5)
R= N (6)

e TH BT AR 23 38 ) AP 5298 L T e
I 73 ) DX S X AR R O Y
DL LR BN TP r #I 4 R S H LB RN ER
JEE 5 Ay 3 s T R ST B4R 2R S S PR R T
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1R TR W 2 I A 7 D N % i - i
Param ¥ 5532 850 FLOPs K K6 i 5 )3 7k Sk 4 41 3F
B AT

3.2 KBFAREH
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TEM 28 A B B2 5 BRI 5 — 4k f ReLU %
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SEN GRS D DURA R S B B A X 10 3 55 1 10 3
I PRz A6 RE

AR R T 3K 3 B A 0 AR A Y 4 H R B AN
F2 PR, HERE TS MEBATE Ly AR EL
DK% P KA Wl 3 R 4 Z W45 b b 09 1 fE
. H1# 2 A% potholes-FBConvNet 47 ji ¥ 4% 75
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ConvNext [ 84.94%, Al & F 0.49%; 5 # F
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A AT L 2% T 4R B % 5 6 A, potholes-FBConvNet
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potholes-FBConvNet 435I 7] 3% 93. 48% }& 92.79%,
TR T HABBLAY , 545 T 58 09 & 4 M Sz 1k he

2245 = » potholes-FBConvNet E £ % 0 i 45
B 23 K A A1 3 7 5 4 B 8 B 3 55 43 BT 55 vk
R B D S 00 40 B Ak

B s 3 A Ry £ R AR R A A BT R BOEE 4
(9 3 1 3¢ B (R v 32 THROR [6] 4 95 B0k 19 28 4R XF



% 6 EFH AT S REFIERS BB M AT AL & 5 65 38 B 50R 5 5] M % 177
F2 LEMBHEXEKE
Table 2 Comparison experiments of ordinary damaged potholes

LA Lu/% | D/% | P/% | R/% |Loud/% | Di/% | P/% | R/% | Param/105 | FLOPs/10° | H&il5 B /(BT « s 1)
Segformer-MiT-B0t27) | 82.77 | 90.57 | 91.14 | 90.00 | 81.29 |89.68 | 91.55 | 87.88 3.72 5.59 113. 30
Twins-S28! 83.77 | 91.17 | 92.78 | 89.61 | 83.46 | 90.98 | 93.43 | 88.66 53.97 197.97 32.73
Tmiimcr Swin-TL29] 81.94 |90.08 | 91.36 | 88.83 | 81.22 | 89.64 | 92.52 | 86.93 59. 83 207.11 34.31
DPTC#0! 83.03 [90.73 | 93.06 | 88.51 | 81.98 | 90.10 | 92.88 | 87.48 109. 67 148.19 28.95
ViTE31 82.61 |90.48 | 92.26 | 88.76 | 81.71 |89.93 | 92.54 | 87.46 144,06 346.15 18.35
MobileNetV3ts2] 76.36 | 86.59 | 90.67 | 82.87 | 76.23 | 86.51 | 88.93 | 84,22 3.28 7.39 118.79
Fast-SCNNL33] 78.40 | 87.89 | 90.33 | 85.58 | 76.74 | 86.84 | 90.93 | 83.10 1.45 0. 80 197.32
STDCE 76.71 | 86.82 | 89.66 | 84.15 | 73.87 | 84.97 | 85.41 | 84,54 8.57 7.41 166. 47
PoolFormer-S12135) 64.89 | 78.71 | 80.54 | 76.96 | 59.62 | 74.70 | 70.80 | 79.06 15. 64 26.96 100. 61
U-Net#6] 69.95 | 82.32 | 88.88 | 76.66 | 63.38 | 77.58 | 89.85 | 68.27 29. 06 178.03 31.71
BISNetV2L37! 77.00 | 87.01 | 90.33 | 83.92 | 78.97 | 88.25 | 90.03 | 86.53 14.76 10. 81 158.21
HF DeepLabV338] 81.54 |89.83|92.28|87.50 | 80.29 |89.07 | 91.79 | 86.51 68.10 236.99 33.69
Conv [ % PoinrRend 3] 81.80 |89.99 | 93.23|86.97 | 79.79 | 88.76 | 91.44 | 86.23 28.70 43.10 61.66
K-Net!40] 82.48 | 90.40 | 93.28 | 87.69 | 80.79 | 89.37 | 91.81 | 87.06 81. 31 239.85 31.80
ISANett41) 81.34 |89.71|91.82|87.10 | 80.36 |89.11 | 91.38 | 86.95 37.69 132.21 44,32
ANNL42] 80.46 | 89.17 | 91.55 | 86.92 | 80.14 | 88.98 | 91.97 | 86.17 46,22 162. 45 36.76
ConvNext-B 84.94 [ 91.86 | 92.14 | 91.58 | 82.86 | 90.63 | 90.42 | 90.83 121,99 255.92 27.02
I ) 4% 85.43 92,14 92,96 | 91.33 | 83.19 | 90.82 | 91.51 | 90.14 134,65 259. 84 26,77
TR 0.49 | 0.28| 0.82]—0.25| 0.33 | 0.19| 1.10 |—0.69 12.66 3.92 —0.25

T o R AR R AR LA 45 2R SR SR 2 DAL 320 5 4 TR AR A WO [ 45 X ConvNext-B (94 S8R (L B

ConvNext-B 1942 848 0 5 B2 1% 73 HIE 55 % T
Y ROIRG B2 301 % Ak B RR T B S5 2 B S o PR 4R

th 2 4 7] %1 : potholes-FBConvNet W %32 3t Lt
N 90.76%, ]t ConvNext-B #) 90.22% #£ 7+ T
0.54% ;45 Swin-T ) 89. 98 Yo I Lt . AT $£ T+ 0. 78 % ,
WG T 22 Bui 3 HI A8, XPRE i %8 P, potholes-
FBConvNet [ %% 1] 15 95. 41 %, #% & F ConvNext-
B, a2 T4 0. 10 %6, 3% W45 0 7 48 I 0 2 il 454 470 1)
Ik LA B 9 A 1

T4 % R |, potholes-FBConvNet % 94. 9%,
Ak ConvNext-B 482 FF 0. 49 % , & HH 122 455 A1 n] 46 )
B T Z2 %) i RE A X L AR OB S 2 A il
GEATLIN 5 BT o AT RE DR AR B 19 43 BIBOR s %5 T
FMPLZEE D, MK R P, potholes-FBConvNet 43
BRIk 94.90% 5 95.85% , A Lt ConvNext-B, H
D, A 7F 0.34% .

2% F TR, potholes-FBConvNet 7F 5 J& i 45t &1
8 53 BRI 58 AT Sy s AR ABE Y, AR 22 9 L L A ] %8 K
Gt 5 45 T T A B 2 AR T 6 T BTIR & AF B Ak
B K 3 F 52 Z 0 R T T HL 4 5 R 58 O RE ) M B i 1Y

oy BRI T B R

25432 2~4 0] 41 : potholes-FBConvNet 7£3 4>
BE A 13 g B o BURE 7, KR B 7E 58 4 i b
MEEWR SRR N, BRZEANT SR
0 FLOPs W i35 1 35 B 7R (0 FLAE RS B2 4 [l 6 )
HEAR ST EIPERE Iy 1 2 UL T L Al AR R i T
SR TR B R AT S M B BT 4 BT 55 L AE AR UE RS
14 [ 5 AT A 50k FRAS (i) 288 A 114 3 (8 e A L TR
SR R
3.4 HELRI

SR PPA TR RS R OGS AR 3 1 A R R S A 3
1 58 4 M 401 B 3 A0 A8 T B T BSHie 4R R AT T O
ARG, DLy B AR L LR 1 43 SR i BAM i
ASPF #5546t 455 780 (14 P 58 52 M o 2 17 56 30F JIr 42 1 1Y)
potholes-FBConvNet 7 3 4~/ [F 8% #t 37 5 T A9 /G 54
P JH St 5 A B 0 T Al e A5 R a2k 5 TR,

Hi 2% 5 A A1 SEAERL R B 1% 52 I b BOKS R 4
B 84.94% K 92. 14% . 4 A BAM ik 5, 28
Il 4 & 85.03% . {H H [nl R R WEHLF MK =
90. 66 %6 3 H Lb B v A L, BAM BB 7ENS W R P,
Aok 139 %0 i 4 Tt . R BT T BAMBE He Xt TR
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Table 3 Comparison experiments of completely damaged potholes %

A Iou D P R Lout D, P, R,
Segformer-MiT-B0 85. 87 92. 40 91.75 93. 06 83.28 90. 88 92. 27 89.53
Twins-S 86. 94 93.01 92.58 93. 45 85.54 92.20 92.72 91.49
Tmi;mer Swin-T 86. 22 92. 60 92.18 93.03 82. 90 90. 65 91.12 90. 18
DPT 87.00 93. 05 92. 81 93. 28 85.57 92.22 93. 84 90. 67
ViT 86. 56 92.79 92.32 93.27 85.37 92.11 92. 94 91.29
MobileNet V3 76. 61 86. 76 86. 45 87.07 76. 68 83.90 89.91 83.90
Fast-SCNN 80. 84 89. 40 91.35 87. 54 77. 44 87.28 88.71 85. 90
STDC 81.33 89. 70 89.53 89. 88 76. 82 86. 89 87.88 85.93
PoolFormer-S12 65.47 79.13 79.97 78. 30 62.19 76. 69 76. 65 76.72
U-Net 71.28 83.23 88.58 78. 48 67.12 80. 32 85. 80 75.50
BISNetV2 77.66 87.43 89. 68 85. 28 75.38 85. 96 90. 96 81.70
=T Deepl.abV3 83.25 90. 86 90. 60 91.11 81.63 89. 89 92. 87 87.09
Conv [ %% PoinrRend 82.11 90.17 91. 20 89.17 81.13 89. 58 91.97 87.31
K-Net 84. 04 91.33 91.76 90. 91 81.42 89.76 91.74 87. 86
ISANet 82. 88 90. 64 91. 44 89. 85 80. 15 88. 98 90. 96 87.09
ANN 83. 81 91.19 91.71 90. 68 80. 26 89.05 90. 89 87.27
ConvNext-B 86.95 93.02 92.18 93. 87 84. 62 91.67 92.51 90. 85
P ) 6% 87.76 93.48 92.33 94. 67 85. 06 91.92 92.79 91.08
2 TR 0.81 0.46 0.15 0. 80 0.44 0.25 0.28 0.23

x4 EEWBRHEXEIKE
Table 4 Comparison experiments of severely damage potholes %

A Iu D p R Lo D, P, R,
Segformer-MiT-B0 88. 82 94. 08 94. 09 94. 07 89. 54 94. 48 96.53 92.52
Twins-S 89. 96 94.72 95.12 94. 31 90. 34 94.78 95. 60 94.36
Tmff?;mer Swin-T 89.98 94,72 95. 27 94,19 89. 98 94. 67 96. 31 93.09
DPT 89. 10 94, 24 94. 95 93. 54 89. 89 94. 68 95. 60 93.77
ViT 88.73 94. 03 95.03 93.05 89.43 94. 42 96. 25 92. 65
MobileNet V3 83. 87 91.23 91.19 91.27 84.58 91. 64 92.23 91.07
Fast-SCNN 83. 88 91.23 93.75 88. 84 83. 86 91.22 94. 70 88. 00
STDC 85.45 92.15 94. 09 90. 29 86. 11 92. 54 94. 43 90. 72
PoolFormer-S12 70. 48 82. 68 85. 45 80. 09 70. 53 82.72 85. 80 79. 85
U-Net 76.03 86. 38 88. 35 84. 50 72.81 84.27 93. 06 76. 99
BISNetV2 84.42 91. 55 93. 38 89.79 85. 62 92.25 92.58 91.93
T DeeplabV3 88. 62 93.97 95. 35 92. 63 89. 36 94. 38 95. 81 92. 99
Conv [ % PoinrRend 86. 64 92. 84 94. 96 90. 82 87.29 93. 22 95. 34 91.18
K-Net 88. 10 93. 67 95.15 92. 24 88. 36 93. 82 96. 32 91. 45
ISANet 87.55 93. 36 94. 67 92. 09 87. 60 93.39 94, 22 92.57
ANN 88.07 93. 65 95. 32 92.05 87.91 93.57 95.27 91.92
ConvNext-B 90. 22 94. 86 95.31 94, 41 89. 68 94. 56 96. 26 92.92
B ) 2% 90.76 95.15 95. 41 94. 90 90. 29 94. 90 95.85 93. 96
TR 0.54 0.29 0.10 0.49 0.61 0.34 —0.41 1.04
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Table 5 Ablation experiments of ordinary damaged potholes

A Tou/% D/% P/% R/% | Luw/% | DJ/% | P/% | R/% | Param/10° | FLOPs/10° | Wi/ (i« s—1)

R B 84.94 91. 86 92. 14 91.58 82.86 90. 63 90. 42 90. 83 121. 99 255.92 27.02

B+BAM 85.03 91.91 93.19 90. 66 83.13 90.79 91.81 89.78 122.07 256.57 26.71

B+ ASPF 85.18 92.00 92.90 91.12 83.86 91.22 91.19 90. 28 134.57 259.19 27.14

Bk [ 4 85.43 92. 14 92.96 91.33 83.19 90. 82 91.51 90. 14 134. 65 259. 84 26.77
PO T B 25 ) 20 AR A 5 24 ASPE B8 ®7 EEWBEHRL R
/\E , *ﬁ EE ﬁgéﬂ# Hﬁ j% ﬂ' § 85. 18 % , j;lF ?a_l_: *ﬁt Eﬁ % & Table 7 Ablation experiments of severely damage potholes
AEE LI TR S 92.00% % BW [ | b r |k e 0 n R
91.12% .5 1 ASPF TJ 47 % 13 o 4 700 if 42 ] Jir 4 HMERIAIB| 90,22 | 94.86 | 95.31 | 94.41 | 89.68 | 94.56 | 96.26 | 92.92
iR h . E— S BAREE RS T B+BAM | 90.43 | 94.97 | 95.41 | 94.54 | 89.37 | 94.38 | 95.32 | 93.47
D& w5 LI A A B M REs AL, W B-+ASPF | 90.56 | 95.04 | 95.23 | 94.86 | 90.00 | 94.74 | 95.60 | 93.90
potholes-FBConvNet B8 T 85. 43 % 1y 22 3f Lk, 4 PR | 90.76 | 95.15 | 95.41 | 94.90 | 90.29 | 94.90 | 95.85 | 93.96

P v R T 4R T 0. 49 %, HLASE R FE A B R % 13
] % 1 AR5 A g O A, 26 B 22 RO R AE @l A &
R AIE A AR B 1Y) 45 A AT Bl T 4 o R A o B o
P R fi 1

AR 58 A R A BT ) 3 mlal 9 45 2R an 3k 6 BT
TR JHE AR T AT BLAE 86. 95 Y MBS It & 93. 02 % 1Y
LR DY A BAM KLH G, 38 0F i T+ &
87.52% ,H A3 MR T B 2 93. 57 % . % B BAM
A B ASE A RS iy Hb ) S 4 AR X R Y 10 B 2
T ASPF #E 85, Ho 22 9F e nl ik 87. 31 %, [A] i 4
B 2R S A Il St R T A A 4 T, 4 ik 92. 75 %
A193.70% , Bl ASPF #EH iy 2 ROBE 1 F 30 B 3
P 1 — 25 i i 1A AR K T AR S 4 4 DX A A
fE J1 5 It b, potholes-FBConvNet 15 A 75 5¢ 42 i 4
Vst FHUS T 87. 76 Yo By 52 I Hb K 94. 67 %6 g A 1]
R M HFEUERL R, 32 9F e aT $E7F 0. 81 %6, 44 [l ]
BT 0.8% L 45 R EK W] BAM 5 ASPF B4 &
AT Gk 3 90 AR A R S 5 4 B 461 X sk ) T ARG T Ak AR
I 4 v B X 0 2% S B2 A S R 1Y oy FIMERE

* 6 TEEWIRHEHERMIE

Table 6 Ablation experiments of completely damage potholes %

i D P R Lot D, P, R

HERITB 93.02 | 92.18 | 93.87 | 84.62 | 91.67 90. 85

5

B+BAM 93.34 | 93.11 | 93.57 | 84.44 | 91.57 | 92.85 | 90. 32

B+ ASPF
itk [ 4 91.08

AR GO T A e A R AR 7 s . HERE
R ] BUAS 90. 22 %0 B 28 3 L B2 95. 31 Y6 A 1 %
R — AN A s 24 A BAM BLH S L 32 9 AT 4R
Tt 90. 43 % K5 iR AT 3k 95. 41 %,k — L4 T

87.3193.22 | 92.75 [ 93.70 | 84.96 | 91.87 | 92.19 | 91. 54

87.76 | 93.48 | 92.33 | 94.67 | 85.06 | 91.92 | 92.79

AT o) R 84 00 2% 1 I B BB 1 s ASPE B HRJin A
Jei . AT fl H AZ JF R T & 90.56% . A [l Gk
94. 86 0, B ASPF f5He n] H5 By A5 780 4 12 3] 05 2 11y
4 Jay R AR X B B I 0 X 38 1) 2 Gk A0 T Ak R E A R
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Table 8 Visual comparison of potholes segmentation effects of various typical algorithms
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