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Stereo matching algorithm with multi-kernel attention decoder

Su Zhihao  Yu Hongfei

(College of Artificial Intelligence and Software, Liaoning Petrochemical University, Fushun 113001, China)

Cao Yang

Abstract: To address the issue of degraded matching accuracy in reflective regions, a stereo matching algorithm is
proposed based on a multi-kernel attention decoder and a cost volume dynamic enhancement mechanism. First, the
feature extraction network employs a multi-kernel attention decoder, which utilizes parallel depth-wise convolutions to
capture spatial details at different resolutions. This enhances the algorithm's ability to fuse local details and global
information. thereby improving disparity prediction accuracy in reflective regions. Next, the algorithm adopts a cost
volume dynamic enhancement mechanism to optimize the cost volume. By selectively fusing multi-scale cost vol-umes
based on global contextual information, it avoids redundant information accumulation, thus strengthening the cost
volume's modeling capability in reflective regions and mitigating the accuracy degradation problem. Experi-mental
results on the Scene Flow dataset show that the proposed method achieves 0.45 EPE and 2.40% DI, while on
reflective regions of the KITTI dataset, it attains 4. 59% 3-All error, representing an 8. 2% reduction com-pared to
baseline methods. These results demonstrate that the proposed approach effectively improves matching accuracy in
reflective regions while also reducing model parameters.

Keywords: binocular stereo matching; end-to-end disparity estimation; reflective regions; depth-wise convolution; cost

volume optimization
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Architecture of the proposed algorithm

@ Hadamard product

CA: Channel attention
SA: Spatial attention

i (a) LGGF (b) DGFE

Kl 3 LGGF # DGFE %544
Fig. 3 LGGF and DGFE architecture
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Table 1 Parameters of the pre-trained model
28 1
kT2 400 k
2R 0.000 2
EACH K 22
AR/ 4

FHRA SO A KITTI2012 A1 KITTI2015 1B & Kok 4
FETTN A5 80 1) LRl b AR N 25, U 2 100 k 25, BlAL
0 51183 320 X 736, JF 0 FH A 3G 5 AT I 2, X T
A LI AR D 2 ) R L 2 ) 5 0,000 2, I 7E
Yt i 22 A HEA,

2.3 HRXBESH

JEIE MKAD 5 CVDEM 78 78 3C W 4% At 2 1A 85 31
ARCTE KITTI R4 LT T REEMERLS . A
SEE AR AL steps B N 50 000, DL IGEV-Stereo Jy J ifii #
L4 3148 MKAD 5 CVDEM #E17 ¥ fE R AIE .

TS BB AE R I 4 5 4 ol AR S0 MKAD,
AEERRE SRS A MKAD 2 )5, EPE J8/N T 0.07,D1
FEARBEAR T 1. 0%, B JE . ALE N CVDEM., # )5 7E [7] B
7 MKAD #l CVDEM J& , EPE Ji /) 1 0. 08, D1 35 45
87T 1.5%., SC¥ess Rk 2 fiR, £ 2 ¥ IGEV-Stereo
FR SRR Y L W 28 42 0, IGEV-Stereo + MKAD 7R ¥
IGEV-Stereo Y 45 fiF $2 B B 4% % #e & MKAD, IGEV-
Stereo+CVDEM %5 1 IGEV-Stereo 15[ A CVDEM,

K2 HEXE
Table 2 Ablation study
T EPE/ D1/ Param/
pixel % M
IGEV-Stereo 0.32 6.3 12. 60
IGEV-Stereo+ MKAD 0.25 5.3 12. 55
IGEV-Stereo+ CVDEM 0. 26 5.1 12. 71
IGEV-Stereo+ MKAD+
0.24 4.8 12.51

CVDEM (A WF5E)

RTINS T MKAD (4 P33 ARSI A 5F 58 %5 K
B #HAT T REE R PRI, ik 3 iR, TR
5 R T B ] LGGF BB Rt , BB 7E EPE #8475 b ik
#0.29.D1 4 5. 8%, X —&5 R IHIE T LGGF REA 5034 38
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SR 25 % Jrg S AR AT I JE SR A T I A0 o) R R e R T AR
Fil DGFE #Heist, EPE F1 D1 43 5 K& 2 0. 28 H1 5. 6%, i)
W S5 R AR R B AR A SR A R Y LR 3
BN R X S R SRR R, (AR T A,
Moz Al i LGGF F1 DGFE 5 # i fir & MKAD %5 #
B, AR M e AR AT 0 — 25 B F T EPE il DL 4 B fL =
0.25 5. 3% ik — 25 RA W AR F B — B i &, T 5
A3 UE W T W AR HIL AR AR AE R OR A4k O 1 B A W3 R
RN, BE NS T 4 T M A B R A £ 2 AR IR L.

£ 3 W% MKAD £HA0ERE ST
Table 3 Ablation analysis of modifying only the MKAD

HL Y EPE/pixel D1/ %
LGGF 0. 29 5.8
DGFE 0.28 5.6

LGGF+DGFE 0. 25 5.3

97 BAEFT R 1 89 CVDEM WA &% e A SC L IGEV-
Stereo 1 Ky FEAERL ALt L T A [ 9 A A0 44 1 04k 48 < D
I IGEV-Stereo [ 3D CNN IE W 4B A8 B | fin A 3k J&) 3 7 2%
FIEH Y ZE /K (IGEV-Stereo+ Non-local) F1 A J 7 S
1 CVDEM F ik, ik 4 Uis, LmE5 R £, 5 3D CNN
T T Ak AR e R JR 5 v B I R HA L AR SO CVDEM
AE EPE M1 D1 f8 45 LS T B 47 45

%*4 3 CVDEM MG IEH
Table 4 Analysis of CVDEM's effectiveness

LA EPE/pixel D1/%
IGEV-Stereo 0.32 6.3
IGEV-Stereo+ Non-local 0. 30 5.8
IGEV-Stereo+CVDEM 0.26 5.1

2.4 FHEXLE

Sk T T R Ty 12 A LS 5 A 85 ) S B R AR
5 FIH Scene Flow . KITTI2012 F1 KITTI2015 3 v # 4 4
HEAT T SC00 1P Al . AR 2 5 MO SZ I KR WoR . AR B e
Scene Flow #(#% I- EPE 4R35 3] T 0. 45, 3L fERL R
MeT 4.2%. 534h .7 KITTI2015 iz 42 1 2 4 X 58 CalD)
Je AR 4 X35 (noc) 35 B8 5 26 B0, LT A IX 38k 9 1 i
22N, X UL I Tk X 3 B At B A R YO8
CEWAR

e 6 fras .78 KITTI2015 Mk 4E b i R Bl — 20 06
TE T AR D7 96 B M Bk . A 28 PR DX 38R CalD) PR AR A, A 7 %
Dl-all # #5314 5] 1.56 %, i T RAFT-Stereo (1. 82%) Al
CRE-Stereo(1. 69%) . 7EAEIE Y X 3 (noc) By D1-all #§ #7
FORIAF] 1. 46 %, 5 M I MDA (1. 48%6) #H LA A
PETE . R BIME A DG 2 AR 5 TR AR T S IX I (D1-f) [ 3%
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Table 5 Quantitative comparison results with mainstream

stereo matching methods on the Scene Flow test set

75k EPE/pixel
PSMNet""! 1. 09
GwcNetH' 0.76
GANet"'" 0. 84
CSPN™ 0.78
ACVNet™! 0.48
IGEV-Stereo™'™ 0. 47
A5 0.45

BL A€ M (2. 62%0) , 2% B L i 5 X3 0 A 25 T e
TR,

7 EIR T HE KITTI2012 4K 45 3 {4 X 48k Call) ) 1
YNXFEL SR . AR DTEETE 6 DI 5 AR b A BUAS AT 4R
S AE 3 pixel 22 BIME T AY noc FE45 (1. 06 %) Al all 545
(1. 40 Y ¥4 F Xt e ¥k . EPE #5455 /A 07 ik 55 %,
AR R E PR RE R L.

T8 S BT X 48 (Reflective) , W13 8 s, A 5 3k i 81 1
., 7 2 pixel IR2ZZBI{H T 1Y noc $5F5 (6. 81 %) fl all 8
B (7,99 %6) B804 F X b 7 ik, BRI ASC-Stereo 435
PRI 4.5% M 0.2% ., 1 3 pixel iRZEBIE T Iy F I E K%
i noc HEH5 (3. 83%) % IGEV-Sterco 27+ 11. 9% . ¥

Rz6 ZEKITTRRIS iR &ELEFRIBTERAFENEEXLER

Table 6 Quantitative comparison results with mainstream stereo matching methods on the KITTI2015 test set

KITTI-2015CalD

KITTI-2015(noc)

ik Di-bg/%  DIifg/%  Dlall/% Dibg/%  Diig/%  Diall/% Runtime/s
RAFT-Stereo "’ 1.58 3.05 1. 82 1.45 2. 94 1. 69 0.38
CRE-Stereo™ 1. 45 2.86 1.69 1.33 2. 60 1.54 0.41
IGEV-Stereo™” 1.38 2. 67 1.59 1.27 2. 62 1. 49 0.18
Los"** 1. 42 2.81 1. 65 1.29 2. 66 1.52 0.19
CroCo-Stereo" " 1.38 2. 65 1.59 1.3 2.56 1.51 0.93
MDA 1.37 2. 64 1.58 1. 26 2.58 1.48 0.32
ASC-Stereo"™" 1. 42 2. 69 1.58 1.24 2. 64 1.47 0. 44
A5 1.35 2.62 1.56 1.24 2.58 1. 46 0.29
F7 EKITTROR MXELSFERIGEERFENEEXT L LR (all)
Table 7 Quantitative comparison results with mainstream stereo matching methods on the KITTI2012 test set (all) %
ik KITTI-2012(alD
2-noc 2-all 3-noc 3-all EPE-noc EPE-all
RAFT-Stereo" "’ 1.92 2.42 1. 30 1. 66 0.4 0.5
CRE-Stereo ™’ 1.72 2.18 1.14 1.46 0.4 0.5
IGEV-Stereo™” 1.71 2.17 1.12 1. 44 0.4 0.4
MS-ACV"™ 1.75 2.30 1.11 1. 44 0. 4 0.5
DV ANet™" 1.78 2. 39 1.09 1.52 0.4 0.5
HCR™" 1. 69 2.18 1.09 1.42 0.4 0.4
MDA 1.76 2.26 1. 09 1.43 0.4 0.5
PN 1.68 2.11 1. 06 1.40 0.4 0.4

W2 (Avg) #8545 0.9 TR FTA Jy ik h i R L 45 2R . X 74y
UEB A 7 AR 58 SO 6 8 24 0 57 T I MR D 34, A 805 IR
TR TR R A,
2.5 AIMKERESH

LGGF [T#HLE & /0. LGGF Bl iy o 2l it
Sigmoid BREAE BGE B B I ACE (BT 5, HFE
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Table 8 The quantitative comparison results with other methods on the KITTI 2012 test set ( Reflective)
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Fig.5 The impact of LGGF gating threshold on model performance
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Fig. 7 Analysis of CVDEM fusion weight variation with reflectance intensity
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