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Real-time stereo matching network based on 3D cost volume attention
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(1. Department of Automation,North China Electric Power University, Baoding 071003, China;

2. Baoding Key Laboratory of Intelligent Robot Perception and Control for Power Systems, Baoding 071003, China)

Abstract: An information-rich and computationally efficient cost volume is crucial for high-precision and high-efficiency
stereo matching. To construct such a cost volume and achieve accurate stereo matching, a lightweight network.
Efficient-ACVNet, was proposed based on Fast-ACVNet to improve the efficiency of cost volume construction in stereo
matching. First, a computationally less intensive 3D cost volume was used as cost volume attention. Inverse bottleneck
residual blocks were employed to stack a symmetric hourglass structure for cost aggregation of the 3D cost volume, and
multi-scale disparity channel attention modules was introduced to further enhance the aggregation effect. The
aggregated 3D cost volume served as cost volume attention to construct and filter the information-redundant 4D cost
volume, improving its information content and computational efficiency. Finally, pseudo-3D residual blocks were
introduced and pseudo-3D downsampling modules was designed for cost aggregation of the 4D cost volume, further
reducing network complexity. Experimental results showed that compared to the baseline method, the proposed
algorithm reduced the endpoint error (EPE) by 9.375% on the SceneFlow dataset, decreased the outlier percentage
(D1-fg) in the foreground region by 19% on the KITTI15 dataset, and reduced network runtime from 39 ms to 25 ms.
Keywords: stereo matching; deep learning; cost volume attention; inverted bottleneck residual block; pseudo-

3D convolution

0 3 2O, g VR B AV TR 55 S R 47 B A 44 O S 0O
A,

ST A DU EE A S = g R [ S A AT A A A% O 55 1 <7 AR VG iR J5 25 76 Scharstein 257 B B8 v 0k %]

B B AR LR AT E O BB AP AL CRRL g3 4 A S B8 RO 3 AU 3 A L B 25 T L 2

il

Y B 9 :2025-05-28
*»HEWME. MR AKRBERX S LT H (62373151 HE HARB LS BA T H (U21A20486)  mdb 5 H R B & m L H
(F2023502010) , H1 4 5 45 3 AR Il 55 B¢ 4 01 5% 4 (20237488) B2 [

* 179 -



o548 4 W F

o

=3

2

#OAR

it . 155837 44 VG B 55 3 78 ST 4R DS L ) A A5 25 AR 4 19 1
e, B )5 20 5% & IA% G 7 44 VG IE J5 ¥k 78 JC 8038 X B0 =
IR FAEDY, Zbontar Fl LeCun 2557 2 H # MC-CNN
TR S W AR B OB IR B 2 2 S0k R B4 B8 ST R
VC e g R v 5 i AR s 3 i A AR T SRORE B AR B4R T, Uk
J& »Mayer 2557 41 W & A~ 35 2 9% 57 7R IS B M 2% DispNetC,
Z 45 A g 3D AR A, T 2 A% S 1Y) 2D 5 FR A 4 W
2R S s 2 R

AR F , Wil 25 VR I 2% T 3L AR VG L X 4% 1) Pk & R S Ay
My A B 3 & BT Ak i A A A 2 R 2% 2 1 ST A DG i
BB T E . Kendall 265738 i B4 45 11 B 40 2 1 (5 B
FEW 4D MR, FEBIA 3D BEREZHTRM B ZW
U R IR R Z M 4552 . Guo 0¥ L@ 1 A2 4
PR A T 25 30 S8 448 B R AT Al AR SC 3 B A 4D
A A IR AR ST A S BT B Ak L 32 T T 57 AR DS iR
PEBEFIRG B . Shen 455 #2 LUK RN 40 49 7 UM 8 2 R
R AD M, 8 5T Al A 2 RS AR M 1A 3K BUR R RE 1)
52 W45 B 15 LA T A2 P 2% 7 B B Be R kA7 K
) 3D HBRL T EE KMITH A . Tankovich 4"l £
SRR AL TGRS R S warp AL R S B 25 TR
Wiz W43k T %40 3D B, R T E ., Xu
S5O A A3 2R G A AR R T A DG 1R R Gk
A B PR R 2 0 AN R IR N AR B A A
KIEERE . NI, Xu %™ 1 Fast ACVNet, | ] Fine-to-
Important(F21) 5 B . B 43 2 A S P44 2L 1K) 4D AR AAE A
R T R UEPE o PR AE B B 5 B TR 4D AR
LN =3 e DR AW N N A SR S R A IS g o = Ny R E R i
PR AD M R IEE S R E AR i B R 44w .

e R ST R VG TS 9 265 199 1% 1 I, Khamis 265 i R
WREMGR 1/8 4 BRI A A FRIE B R P Z i 2 5%
Py 4D 22 AR A 2R )5 0 F 22 BB (5 48 2 58 iR 25 18

JERGIEIEAT 2290 RUE 3D AR P B2 41 11 38 17 2R 5 199 455 42
THT VRS B2 AR SR 22 )2 1 6 ARE I R T M 2% 1 2 0%
. Guo 55 Myt 3D AR A If i MobileNet V21" )
180 5 22 B HEAT R 2 A QA SR O S B S g S A I B, 48 1T
3D AR A BT 5 15 JEAS K o 0 2605 B2 JF A w85 . A 52 AR DL T 44
LRI AR L R 2 B 245 AT A 0D sl e 3D B B
RT3 AL 22 38 BORG FE L (0

BT LA R A O R AR R R LT s A A
Wik, S2 B RS B 28 R B L AR T S, AR SC X Fast
ACVNet M2 HEAT MRt . 1 SRS 2R 1 9 45 v T T 22 AR
PREE AL AR 20 B3 4D AU MR 48 A 1 37 1) 15 20 B
3D AR A B AR I 285 T 55 AR 48 TH VT RS JiE 5 SR 0 . A
T 3D AR AR RS PERE . 51 A ConvNeXt V2! '™ i 396 )i
BBk 2 P B X B VD U 45 K X 3D AR IR EAT AR R
I il 2 RO 2208 18 i B R i MM RS BB TG
AR PR 2 T T A AR A T 50 0 T BB 4D AR 1K
TR B S BE B E Bt &% 4D ACH K X T
AD U R IR G Bt O 3D R RAEREER N5 Al 3D
B 2 H U M e V0 U 2 A HEAT AR SR A AR I 4 R
A o R e BEAT 22 [ U A5 ) i Y T A 22

ET 3D RO ES NIRRT %

T I E W 2%t Fine-to-Important (F21) 5 % 1) B
B L AE Fast-ACVNet P 4% (9 FEfilt b i 47 Bcak , 15 31 3 5
S Efficient-ACVNet, Efficient-ACVNet Z5 5 4n& 1
N5 B DU HER A3 2 A - AR AE AR B 45, ] TR A AL BRI £
ROEFRE ; 3D AN A 2 5 2D AU A T A4 A 1k
TERETT 5 i A SR W0 22 M1 38 5 AR R T 2 0 A i, ) T A
AD A PR AR 4D UMM IR I 2 5 3D RN R G LU
ZEE A, T AR s 4 T AR 22 1], 3D AR R v R
Ju i AF B A E HLT S R 8 AN AR 7E R IE DT RS B2

1

o EAR A3 3 A QA R 1) TOINORS B2 A7 B . X S50 R

By RT3 4R T B AOR  SE I ROCR 5 P RE R S 1
IDRIKHERSRNES

RAE SR 2% ’—’_—1

>

8]
S

left |

corr —»>

R EER

softma: —JLA

WA NE
WROFE .

Fine-to-1 :
3D Corr Volume "'9|‘° mportant

—

—

right

warp —

4D Concat Volume

ERAE

Filter \’-
3SDRMEA

4D AU A R T 5 AR TR DA B T AR 2 A AR

A1

I IContext Network
Efficient-

ACVNet 4 {4 %5 1

Fig. 1 Overall architecture of Efficient-ACVNet

+ 180 -



K F . AT IDARNKRIEZ AL ZARITERM %

% 20 4

1.1 $FAEREUM %

PR R I 28 % F 5 Fast-ACV Net [ B i 457 1 42 I
W 4 , Bl E 78 ImageNet _E 58 Y 2k 9 MobileNet V2©*
BB AE B U 45, SZ BN 4 AN S TR b 47 4R A1 T 1 1
B K o BRI ER G R/ 1/4.1/8,1/16 Al
1/32, e o 00 7 A8 Bk BR 3% B2 14 R 6 BB B ot 4R £iE 18] 3
TR FRAE BRI 45 5 I b i A BB 19 1/4,1/8,1/16 Al
1/32 Sy HERIY 22 RO R AE BV Jy fin 10 o 356 of 0 446 3 3 4
AIE 30 T8 43 2H RS 1 AD AH G A A PR T R AE £ B
4 H Y T TE B4 B A (96, 96, 96, 160D, A 3C I 4% Al
R R R4 2 1Y 3D AH G AR A AAKs JiE G0 X 5 AF 38 18 43 2H 1Y
PRAE P IR 4 IR 000 28 v 4 RS R AR BT 1Y) a1 3 T R b Ay
(24, 48, 96, 160).
1.2 MEIDRNESRNMES

R AR B A S LTS s s A AN A B R
JEAR R 1/4 S BE3 R 22 A7 FRAE B 22 8] 4 AH 56 4 7
3D AR A WD B AT B R FEARA SR A B BT 1A 3
B2 Y HES WX R I S T RN RS IR IR 2 RE
2558 T8 B SRAUIN RS, FE M IRE R 1R
PANAN R i

1) M 3D ek

T o R AE B O 45 i o 1 R LR AR 1/4 Sy R R A
LFRER A 3D MR M ik, M2 4 W FEIE o
| D—1(D R KM W, @ iR AR RS 4
FRAE B ALK J5 1) 28 d AR 25 19 AH L3 R i 22 4R
wrik RNk C,, IR ARIT .

1<
Ceorr (d sh vw) = EEf,‘\(h,w) « foiChvw —d) (D

KA. C AR Z WM IEE A w S ER Y & BRI 5E
Foa B fL 0 R AERBUZ 13 B0 JF 4R R 1/4 3 FE R
e ATVRRIEIRL . 2 d R O I AR AT T AT SE b X 2
TiE 115 4 R AiE P 78 AR () 25 8] 2 ¥ % 4R AIE 1) ik R A7 38 0 R
Fe R IR ME,

2) WOH Bk 22 AR 2D AN R A

Guo %' i F| MobileNet V2" (i {8] & 5% 22 B o & V0
IR TN BE RN T RAFHERE, A — 2L 2T
RN B AR . 5] A ConvNeXt V2™ [y i3 i 15k 22 e,
TR ET 5k 2 B B ORI J 32 B R R SR A L AR S 4R T
FRIERIBRE FI IR 4R TH RO, W B 5k 22 Pe S5 M a0 1] 2
Jim . ARG B R SRR 22 B N IR C, 1R A
(Input),C.,, Feilid—A 7X7 (B KIEEZ B 0BT
I3 B AR %A TR X A A 28 30 8l 7 45 4 DA R 25 ()
FREMR B C, Rk C, TR AT .

C,, = LayerNorm W s * C.ony) (2)
P W RARTEET P EERWE, » RxEREZ
B, LayerNorm F£nZ2H—1b, & .9 REEF WM
W C, AT — KB S BT %3% S TR 4 Pk s R AL

SEM S, T AR A 2 TR 0 3 G B0 BN iR C, L 1R
ik C, R AKT .

C, = GRN{GELU[ Linear(C,) ]} (3)
Kb Linear fUREANE WIS %L, GELU AU GELU ¥
PR, GRN Rk 4 R 1 — 16 )2, UM IR 3R T 1Y 38 E
O i 4 R (T i B ) SRR O P . RS
Mk C, FEEB T 55— A8 5 A BRI E 3 5 G 1 08 22 3 E
BACH K our ITEAXIT .

out = Linear (C,) 4
K. Linear fORL MBS REL. oo, W IER 2 1% H2 ok
PR AL R B % 4 -

out = out + Input (5)
A B4R RAEBIHCR T MobileNet V2 [ ] & 45
Yo, T REE Y ARAN K C,, fENEA (Inpus) . C,,, JEiE

it —AN 11X WEER RS, ZE RS RT W 2@ E .
AT R REEE R AN C, AK€, B AT .

C, = ReLU6(W,,,... *C.,.) 6)
KP W BRATREHRNNE, « R EHER,
ReLU6 3R ReLUS6 0I5 bR A, A M 4442 T 14 38 18 £k it
PREAT @ RBEHNWRRETORE., BE. Y RE
RN C,, ST —K 3X3 BIREE T 4 B 65, %
A B X B A A 22 38 T 37 45 A LU AR 25 [A) R AR A5 3 4R
ik C, AE C, AR .

C, = ReLU6(W . * C,) (D
KW RBREW HEERONE, &5, R0k
C, Tl it 71— 1 X1 BRI E 1R b6 i W 22 8 iE
AR our HEARWTF .

out =W, .. *C, (8
KW, REREEZEHWAE,
out out T
Conv 1x1,
Linear
Linear
\_H cal
Cn DW 3x3,
Linear , Stride=2,
GELU , RelLU6
GRN
cmt #,C”’ —
‘onv 1%
DW 7x7 ’
W 71, ReLUG
LayerNorm
FKA 1 BKHN2
TR TRAEER

K2 2D AU RS B REeai K

Fig. 2 2D cost aggregation convolution block architecture diagram
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Table 1 Comparison with state-of-the-art real-time stereo

matching networks on SceneFlow dataset

) FLOPs/  ZHi/ FER/
7S G y EPE .
StereoNet 85.93 0. 40 1. 10 20
CoEx 53.39 2.72 0.67 36
AANet 152. 86 2.97 0. 87 93
HITNet 50. 23 0.42 0.55 36
LightStereo-S 22.71 3.44 0.73 17
LightStereo-M 36. 36 7. 64 0. 62 23
Fast-ACVNet 79. 34 3.08 0. 64 39
Fast-ACVNet+  93.08 3. 20 0.59 45
ALk 76. 94 1.01 0.58 25

B 7 R T A SOOI RN 3 E ) 45 7E SceneFlow $#5 4
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Fig. 7 Partial performance evaluation on SceneFlow dataset
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a5 R, 78 KITTI2012 B 3R Z R 4 18K Ak HE 4 X 4k
(noo) FIITA (alDAG F M5 1R 15 | 40 L8 45 1, Efficient-
ACVNet A Lt 5 W 4 2 3 F B 9.5%.9.8%.6.5% Al
9.6% . f£ KITTI2015 1Y 45 B 3F Al i #5 ', Efficient-
ACVNet A 56 #E M 45, % F 1 5t X3 (D1-bg) H 5t X
B (D1-fg) AT A 15 2 (D1-all) B 22 F %8 @ 2 HL 48 b5
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R4 H 14 ms, MR HE 3D MR TE S 7 00 Bk 22
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Table 2 Comparison with state-of-the-art real-time stereo matching networks on KITTI dataset
. KITTI2012 KITTI2015 FEHT
Sk 3-noc 3-all 4-noc 4-all EPE-noc EPE-all Dl-bg D1-fg Dl1-all /ms
StereoNet — - - — 0.8 0.9 4. 30 7.45 4. 83 22
CoEx 1.55 1.93 1. 15 1.42 0.5 0.5 1.79 3.82 2.13 33
AANet 1.91 2.42 1. 46 1. 87 0.5 0.6 1. 99 5. 39 2.55 62
HITNet 1.41 1. 89 1. 14 1.53 0.4 0.5 1.73 3.20 1.98 54
LightStereo-S 1. 88 2.34 1. 30 1. 65 0.6 0.6 2.00 3. 80 2.30 17
LightStereo-M 1. 56 1.91 1. 10 1. 36 0.5 0.5 1. 81 3.22 2.04 23
Fast-ACVNet 1. 68 2.13 1.23 1. 56 0.5 0.6 1. 82 3.93 2,17 39
Fast-ACVNet+ 1.45 1. 85 1. 06 1. 36 0.5 0.5 1. 70 3.53 2.01 45
A SCRE .52 1.92 1.15 1.41 0.5 0.6 1.74 3.18 1.99 25
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5
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2
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Fig. 8 Partial performance evaluation on KITTI dataset
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Table 3 Network generalization performance
. KITTI12 KITTI15 Middlebury
ik D1/% D1/% 2014>>2 px
CoEx 13.5 11.6 25.51
LightStereo-S 11. 57 9.01 19.63
Fast-ACVNet 12.4 10. 6 20.13
AR CE 11. 10 9. 04 19. 34

D 2D U A b

W 4 BT, Hid 5256 a~c 20 M 0 5% 22 B BL R[]
TN A" R PR % DG e A BE 1 5 0 5 SEBG d~1 4347 AS [
B4R 390 R 30 A 2 BT T DG RS S R R 5 X% ¢ AN b gy
T 300 0 S0 8% 25 PR B A RO s SRR g R i A BT 22 R A 25
FUREEN-WIL E-JEERI Qi

F AL a~c BT T SEEY R TR 4 B3R
Fipk 2P A M E N (1, 1, 1, 1, D (1, 2, 4,
2, D2, 4, 8, 4, BT MEAEE MW, 45RFH,
MHEE BN (1, 1, 1, 1, D BYSEE a, Houk SR 2
(EPE) f .4 0. 650 7, MHECE R KN (2, 4, 8, 4, 2)
BISEEG o, Hodi s iR ZE Bl O 0.570 6, 45 R F B, R
FRZEDAERE N HER LB E R 2, & B ERT M H
K BE  EL[R) B Al 25 38 T ) 2% 1) 3 AT B () R0 T B8 4 L 3B AT
Bl 24.52 ms 30 F] 28.36 ms, & #IF A aE B K
(FLOP) M 73.79 G #m %) 83.34 G, &%, 7 T ik
JE AL A SCE BB R L (1,2,4,2, 1),

F A PR d~{ A3 HT T 24300 30 5 25 B [ B E
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Table 4 Ablation experiments
JF5 Pld & WRHNT  ConvNeXtV2 MSDCAM  P3D EPE FLOPs/G  Z¥(i/M  #EH /ms
a (11111 (44444 NG N N 0. 650 7 73.79 2.94 24.52
b (12421 44444 N N < 0.584 4 76. 94 4.01 25. 34
¢ (24842 (44444 N NG < 0.5706 83. 34 5.59 28. 36
d (12421 (22222 N N < 0.5914 76. 45 3.94 23.21
e (12421) (44444 J N Vv 0.584 4 76. 94 4.01 25. 34
f (12421 (88888 J N < 0.5823 77.91 4.16 28. 27
g (12421 (44444 N N/ N 0.584 4 76. 94 4.01 25. 34
h (12421 (44444 - N/ N 0.616 7 77. 35 3.99 24. 36
i (12421 (444448 N — < 0.6126 76. 40 3.91 24. 22
j (12421) (44444 J J —  0.5887 79. 23 4.15 25. 54

BA, 2, 4, 2, DB ORI /NEE YR H 5 3600 25
FRZEVLNT MG AE R, 5 R R A EEY RA T
M2 ) 4 BN E] 8 B,k sl 22 (EPE) M 0. 5914 F
FeF) 0.584 4 TR 0. 582 3, M4 RYNS BRI $25, i
HIAEAR AN R A a A v, 00 25 3 3 7% 3 3 002 52 ) D0 45 f) A
JE SR RS B AR T 2 1 A2 AT R R AN R B B, A
FOPF i BIR B (FLOPs) M 76. 45 G #8412 76. 94 G FH4%
fnE] 77. 91 G,z 47 A1 M 23. 21 ms 3 A1 %) 25. 34 ms F
HINE 28. 27 ms, MR FH 4 INFE] 8 B, W4 ARG
FESRFFFEAR K, I BEE W4 B3 R R T 4, SCBL I 4%
FERG B TR 1 A

F A RS g B h AR BTSN 3 S0 Ak 25 He i A AL
SY o ORI ZE P R T 4 U R B O (1,
2, 4y 2, DEYMIEE R BRI, Homm iR 22 (EPE) iy 0.584 4,
PEN X L, 6 Guo %™ iy AR M & ik, B4 A
MobileNet V2™ i 3] & 5k 22 L it 171040 R & L 18] B ok 22 3
MR T 4, R E A (1, 2, 4, 2, D, EBRE
B, 70 A ) A% 22 e, s AR 2200 0. 616 7, 5] A
FREG USRS TS 0. 584 4, X E W Bisk 2%
) IR 7 T N R SR VR RE B 4 2D AR R A PERE T A

F 4 P g B i A HT 2 R 253 kT A S AR L
Asktk. L8 AR 4 B ERRE N, 2, 4,
2, DRYMZE Ry 5o, Hoom 25 3% 22 (EPE) 5 0. 612 6, fEM
A2 R 2238 3 7 B AR B (MSDCAMD J& » I 52 5 g
WA AR E Y — L E 0.584 4, H &R IF s B IR
(FLOPs) L M\ 76. 40 G 3§ #] 76. 94 G, iz 17 B [A] {L A
24. 22 ms ¥EHNF] 25. 34 ms, X W MSDCAM 7 X i 5
BORFEWBNRTE LT L B0 A £ ROEE IRHRRRAE o 2 5
MIE5F I SUAE BOR IR SRR AN R A& &, T M %
.

2) 3D MM B EGHr

F 4 PECEG g ) 0 HT N 3D BB R, L8 g
it B 3D s 22 Bt 3D T R AFEAL Y HE Z 19 U I 25 44 Ky
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FEAE, Hom 1% 22 (EPE) 9 0. 584 4, i 3L #E M 4% Fast-
ACVNet i 3D UM & ML AE X G, HINZH 6 4> 3D
G 2 4 3D AR MR, LRV, Hh 3D BB
3D PG R 25 0. 588 7 F RS 0. 584 4, B 7 45
B 79.23G TR 76. 94 G, 25 4. 15 M T REF
4.01 M, Z55FM,th 3D R 2Rl 3D ToRFEALELA L
Bt 3D % BUTE$ T I 26 4 FE I B DL T 5 38 FEAIR T M 45 19
BIREMSHE,

3) h 3D B PRI A RS B

£ 5 43 th 3D #EH7E B StereoNet ! fil Fast-
ACVNet™ ) 3D B2 J5 B A 2k, & 3D Jm A
StereoNet Ji » R4 5 2% & 1 85. 93 G FEH] 75. 08 G. B %L
0.4 M R[] 0. 35 M, 7E EPE 4% 0. 03,1847 [a]
W1 ms, 7E45 3D A Fast-ACVNet Ji , W 45 42 2% i
79.34 G TREE| 76.50 G, &%= 3.08 M FFEE] 2. 91 M,
W25 7E EPE A Tt i@ A7 A ] B K 14 ms, 25 E W,
TEARR M L548 R L B 3D BB AE AR R 5 AR 1fE 3D B
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Table 5 Effectiveness of pseudo-3D convolution(P3D)

FLOPs/ Z#=&/ FERT/
ik EPE
G M ms
StereoNet-P3D 75.08 0. 35 1.13 21
Fast-ACVNet-P3D  76.50 2.91 0. 64 25
ACE 76. 94 4.01 0.58 25
3 & it

PR R S e S R = R A RN TR = s
AR SEARVE T L 7E Fast- ACVNet B4 i 36l #4720
R HORS BE T i AT B ] T Y Efficient-ACVNet, 52
4R KW, Efficient-ACVNet 18 i3 3D 18 4k 4= i 1948
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