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Abstract: Objective In recent years, the use of neural networks for stereo matching tasks has become a major topic in the
field of computer vision. Stereo matching is a classic and computationally intensive task in computer vision. It is commonly
used in various advanced visual processing applications such as 3D reconstruction, autonomous driving, and augmented
reality. Given a pair of distortion-corrected stereo images, the goal of stereo matching is to match corresponding pixels
along the epipolar lines and compute the horizontal disparity, also known as disparity. In recent years, many researchers
have explored deep learning-based stereo matching methods, which achieving promising results. Convolutional neural net-

works are often used to construct feature extractors for stereo matching. Although convolution-based feature extractors have
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yielded significant improvements in performance, neural networks are still constrained by the fundamental operation unit of
“convolution”. By definition, convolution is a linear operator with a limited receptive field. Achieving sufficiently broad
contextual representation requires stacking layers of convolutions in deep architectures. This limitation becomes particu-
larly pronounced in stereo matching tasks. In stereo matching tasks, captured stereo image pairs inevitably contain large
areas of weak texture. Substantial computational resources are required to obtain comprehensive global feature representa-
tions through repeated convolutional layer stacking. We build a dense feature extraction Transformer for the stereo match-
ing tasks, which incorporates Transformer and convolution blocks, to address the abovementioned issue. Method In the
context of stereo matching tasks, FET exhibits three key advantages. First, by addressing high-resolution stereo image
pairs, the inclusion of a pyramid pooling window within the Transformer block allows us to maintain linear computational
complexity while obtaining a sufficiently broad context representation. This way addresses the issue of feature scarcity
caused by local weak textures. Second, we utilize convolution and transposed convolution blocks for implementing subsam-
pling and upsampling overlapping patch embeddings, which ensures that all points nearby features are captured as compre-
hensively as possible to facilitate fine-grained matching. Third, we experiment with employing a skip-query strategy for fea-
ture fusion between the encoder and decoder to efficiently transmit information. Finally, we incorporate the attention-based
pixel matching strategy of stereo Transformer (STTR) to realize a purely Transformer-based architecture. This strategy trun-
cates the summation of matching probabilities within fixed regions to output more reasonable occlusion confidence values.
Result In the experimental section, we implemented our model using the PyTorch framework and trained it on an NVIDIA
GTX 3090. We employed mixed precision during the training process to reduce GPU memory consumption and improve
training speed. However, training a pure Transformer architecture in mixed precision proved to be unstable. The model
experienced loss divergence errors after only a few iterations. We modified the order of computation for attention scores to
suppress related overflows for addressing this issue. We also restructured the attention calculation method based on the
additivity invariance of the softmax operation. Ablation experiments were conducted on the Scene Flow dataset. Results
show that the proposed network achieves an absolute pixel distance of 0. 33, an outlier pixel ratio of 0. 92%, and a 98%
overlap prediction intersection over union. Additional comparative experiments were conducted on the KITTI-2015 dataset
to validate the effectiveness of the model in real-world driving scenarios. In these experiments, the proposed method
achieved an average outlier percentage of 1.78, which outperformed mainstream methods such as STTR. Moreover, in
tests on the KITTI-2015, MPI-Sintel, and Middlebury-2014 datasets, the proposed model demonstrated strong generaliza-
tion capabilities. Subsequently, considering the limited definition of weak texture levels in currently available public data-
sets, we employed a clustering approach to filter images from the Scene Flow test dataset. Each pixel in the images was
treated as a sample, with RGB values serving as the feature dimensions. This clustering process resulted in quantifying the
number of different pixel categories within each image , which provided a measure of the texture strength or weakness in the
images. The images were then categorized into “difficult”, “moderate”, and “easy” cases based on the number of clusters.
Through comparative analysis, our approach consistently outperformed existing methods across the three sample catego-
ries, with a particularly notable improvement observed in the “difficult” case category. Conclusion For the stereo matching
task, we propose a feature extractor based on the Transformer architecture. First, we transplant the architecture of the
encoder and decoder of the Transformer into the feature extractor, which effectively combines the inductive bias of convolu-
tions with the global modeling capabilities of the Transformer. In addition, the Transformer-based feature extractor can cap-
ture a broader range of contextual representations, which partially alleviates region ambiguity issues caused by local weak
textures. Furthermore, we introduce a skip-query strategy between the encoder and decoder to achieve efficient information
transfer, which mitigates semantic discrepancies between them. We also design a spatial pooling window strategy to reduce
the significant computational burden resulting from overlapping block embeddings, which keeps the attention computation
of the model within linear complexity. Experimental results demonstrate a significant improvement in weak texture region
prediction, occluded region prediction, and domain generalization when compared with relevant methods.

Key words: stereo matching; low-texture target; Transformer; spatial pooling windows; jump queries; truncated summa-

tion; Scene Flow; KITTI-2015
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) /T RS RS Jy 2, (EARAEVC I g8 b, i
HEB ISR ER L TE 6 IR, A LiEES
TRL RN 4 R #8 R FIACE 3 R 50 0. 001 1)
AdamW 75 ¥ (Loshchilov 1 Hutter, 2019) , 41t & /)
20 WG ERAE SR EAS R A DT FE 2% A9 00 B 2 ) Rk
B 910.000 1,0.000 2, HHRITRELA, A, BE
1/3, 8 P HE 2 3 0 1% & 0 0. 05, A SCI 45 5k H
PyTorch #E 2 52 3, 7€ NVIDIA GTX 3090 [- #17il
Yo YN Zhad # hoR TR AR BE 2 GPU I PN A7 31
FEOFRTHINGE R . SR, FEIR ARSI F I % —
Gl R (1) Transformer 2R 48 F- A F2E , BLAYAE D 1%
FOBE 25t BB 2R R 25 M A R . M1 T 40 3K
Q“”?KHﬁjmmﬁﬁﬁmﬁﬁtmww%%ﬁ
YL R, AR SR A An R 5 A il AH DG 3
| DL IR ol = W s - < 3 Bl - NS S - S5
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Sienion (Q- K, V) = 2015) , 3 1 453 tH T 7E Scene Flow B4 4 Y 55 5o X L
SPW(K)" SPW(K)" i T IR (Laga 55 ,2022) T A E X
fsoﬂmax Q T = T 07 Xc SPW(V) » o3 N by 2 Y s N m R TA
evd ed AR AR EAR E 22T, 2 X EE S
(13) TEVIGRANVEAL B B, 7 foe KL 22 (6 09 8 R 192 Al

2.3 WLk 59

S8 O I /N Y T SR ARy I
Scene Flow(Mayer %5 ,2016) A& BRI ECHE5E , %8088
B2 XU AL I o A BE LB RAT 9 3D H E 45
¥4 1 ; KITTI(Menze 1 Geiger, 2015) & —~ B 200
AT A SEARAG O AR 1Y) 1 5 08 4R 5 Middlebury
(Scharstein 55 ,2014) & — D= N7 w6 4, B2
BET 23 XFAS [RGB S8 14 181 43 B3R ST IR AR
MPI-Sintel (Butler 5 , 2012) j& — > & T 5y ilf] f 52 11
BB S T K B AR B
5F Iz SO LA 55
2.3.1 FELAEIRXT

e ¥ A 2 IF B 4 (Scene Flow il KITTI-

480, i 1 A] WL, AR SCH B AE Scene Flow 45 4E I
PIFEARARAS T BT, R TFEEITEAZBRER
(] 4 B S 24 o, AR SO IR AE D = 480 MK SR BERE 1 5
D =192 /HRE, AL TIHAM I, 7ER 1T, Oom %
71N FE R [R) 0 S 06 25, 6 By A A6 TG 325 Ak B Scene
Flow B4 Hh = 20 R AR A 22 Y5 L 0 R

Shy 56 UE 4SS TR A B S 1 3B A M #E Scene
Flow 4ls 45 I #4720 % Fl Il 2k , JF%F KITTI-2015 %X
P 4 T 119 200 2 ST ARG T HEA T IR I 25, 25 R 2k 2
fiiRe 5 STTRAH LG, AR SCH R4 KITTI-2015 4548
PRISE] T, F 2, DI-fo P55 A 78 Al 5t X I,
RS E E S e, D1-bg R AR N AE T 5 X s
R R A 4 L, D1-all 3845 Ry e A 4G
IR E
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Table 1 Comparative experiments on the Scene Flow dataset

D=192 D =480
i JREIEAL (D < 192) 2GR ITAL RS (D < 192) AR FE AL

3PE/% EPE  OIOU 3PE/% EPE OIOU 3PE/% FEPE  OIOU 3PE/% EPE  OIOU
PSMNet 287 095 N/A 331 125 NA 309 092 N/A 3.60 103 N/A
GweNet-g 157 048 N/A 209 0.89  N/A 1.60  0.50 N/A 172 0.53 N/A
AANet 1.86  0.49 N/A 238 196 N/A Oom N/A Oom N/A
GANet-11 1.60 048 N/A 219 097  N/A Oom N/A Oom N/A
Bi3D 170 0.54 N/A 221 116  N/A Oom N/A Oom N/A
P3SNet 324 1.09 N/A 3.65 116 N/A 324 1.09 N/A 3.65 116 N/A
RAFT-stereo 143 049 0965 264 076 0961 1.60 052 0955 221 081 0958
STTR 113 042 0961 126 045 0954 113 042 096l 126 045 0954
A3 0.88 031 0987 092 033 0982 0.88 031 0.987 092 033  0.982

TE I TR A S BRAL A5 R, Oom 735 08 WAL 1 A B g 70 AR IR, NJA 73 Xk W R RAS S fRn H A DG FEA o

2.3.2 AL

R T R R A 3897 fb 1, 7E Scene Flow & 1
B e b EAT I 25, e A 3 AR W] I8 4 ok
FrVPAl 6 LA R AR 3 o o APl L, BT A AR
TR R FHAH [) ) K08k 48 i BRI R R — By il
GRS 5 IR RN B 0 e R 22 PR L 5t —
PEAR SRR 22 T F A AR R o XS SRR Pt e 4 IX

BRBARL )T v R N/A A TARIC . H SR SR A SR AT
WA SOy B iR B s S iz AR MR R AR 24 3RS T
B B B 5 g i TR SO IR TE A AN B B
PR REEAG 4521
2.3.3  SECEX IR 434

H I, BT 2 TFHRH 46 A X 58 SO AR S R AT
FE L ARSI F R AT Scene Flow I8 £ 4 4
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Table 2 Comparison of evaluation results on
KITTI-2015 dataset
1%

Tk Dl-bg Dl-fg Dl1-all
PSMNET 171 431 2.14
GweNet-g 1.61 3.49 1.92
AANet 1.80 4.93 2.32
BI3D 1.79 3.11 2.01
RAFT-stereo 1.88 3.03 2.07
STTR 1.80 4.10 3.15
AL 1.78 1 3.681 2.071

T L PSRRI R 2R, 1 "3RI T STTRABERY

(19 PR AT 0 1 , oK PR B MR R — AR,
18R RGBAENE I REA YRR IR LE L, e X RIS A4

FEHG P OR [AHR R 5 045, 3l R R 204 H i
LG I SRR 55 F2 . 7F Scene Flow MR A0 45 45
e R KT 20 3R R A 51 839 ~15 127 N5k
SECH , I 4% 0839,1 5007, [1 500, 10 000] ,
[10 000, 15 127 JA9 DX a1 47300 53, 43 510 107 PRIHE”
FEAS ARSI R B REAS  [RI BE T EPE 4R bR
PEATSEEG T L S5 SR IN 4. A 5 WA IR HE R
AR I (R HE B SRR I T AR R PR REAS R 5
SR X I S T ST AR DG G A R R . IR AR
SCHRAE 3SR REAS X ] b ¥k f g e g %, B
FECRIE" FEAS 32T R B . nT Ak &5 AR
B 6 i, Hor [ 6. (a) (b) B 2 6 R T AE Sy B 75D 55 450
B X daf , 5 STTR A L, A SC 32 25 T Transformer
LG ) 42 SR A2 2T REF7, X 55 2 HE H b H A i
AW 1

=3 ziktEsLIg

Table 3 Cross-domain generalization experiment

. MPI-Sintel KITTI-2015 Middlebury-2014

i 3PE/% EPE 0IOoU 3PE/% EPE 0oI10U 3PE/% EPE OIoU
PSMNet 7.93 3.70 N/A 7.43 1.39 N/A 10.24 2.02 N/A
GwcNet-g 5.83 1.32 N/A 6.75 1.59 N/A 6.60 1.95 N/A
AANet 6.29 2.24 N/A 7.06 1.31 N/A 9.57 1.71 N/A
GANet-11 9.82 4.78 N/A 8.41 1.71 N/A 8.12 1.86 N/A
Bi3D 5.61 2.73 N/A 7.81 1.69 N/A 6.56 2.97 N/A
RAFT-stereo 6.72 2.94 0.87 7.59 1.91 0.95 8.42 1.64 0.93
STTR 5.75 3.01 0.86 6.74 1.50 0.98 6.19 2.33 0.95
AR 3.70 1 2,631 0.91 1 6.651 1.44 1 0.98 1 7.27 1.58 1 0.96 1

TE A AR R BN LS R, T " F R LT STTRAFTY | N/A F7R 5 R AR YA S K55 A GG b

SRy T 7~ AR S 1% 0o 55 8B DX 5k ) AR 412
RE T, WP RRIE B BUAA A 245 1 By A 1 26 4T PCA (prin-
cipal component analysis ) B2 , B FRAF [&] 14 4 B REAIR
F =, B 7(a) P g8 S X SR R R B 7 (b)
R P B A 25 i S SR (R E) o B 7 (e)—
(e) 43 3 by 5 A1 4 HRUA 5% 4% 19 2% B B o, D
{D,,D,,D;}o B 700N EAMETMAE . K70
W, Bt T 28 R 26 A0 TR, 55 SR AR X 311
TERE S 3RAT T W4T
2.3.4  WEPIEMTRSER T

X P AL AR AR THE 55 10 5 SEARAG R A ] 3k
o M AP AR P 5 o MR N7 AR DT BCAT: 55 9 JL AT 2
SROFITDC T P — e , JHE Y DX I TG ok R A 0 S0 5

2 o DX T LAAE TR S8 A 43 B 1 {38 Hi OB 14
X 8 400 22 14 Ak | A S gt %o 3 4 7 B AT T
i AR R PGEPS B AE T Y 58 I LU
Febr. MR DRI 3 TR bR T UL, A SO iR 4
X3 1) I 4% 00 T STTR 1 RAFT-stereo 7%, He
i N/A Form M TR SCRpIEA T I 14 DI 0

g TR 7% A ST vk Ao Y 1X A 3 A K
P SR A A0 X R R Y X s, B 6 (e) (D) A T
AIRLARZE S . P 6(c) , STTR A BE il 00
DA P DX 3, 10 A S 96 T LA T BT e £ B O 22 3
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(a) Middlebury-2014 (b) MPI-Sintel

(c) KITTI-2015

&5 ZALtELRIE
Fig. 5 Generalization verification ((a) Middlebury-2014; (b) MPI-Sintel; (c¢) KITTI-2015)

®4 BFHUEREBHEITIREXTLL
Table 4 Comparison of absdute errors in

weakly textured regions

Tk WIMEREA  hAEREA FRAEA
Bi3D 4.56 1.09 0.79
GANet-11 3.35 0.93 0.46
RAFT-stereo 4.98 0.78 0.56
STTR 3.53 0.58 0.31
AR 2.671 0411 0221

TE I TR R RS AR R, 1 7R T STTRAS Y
2.4 PEREITAE

K H Vladislav Sovrasov Yl £ 5% & () 2 B &
(parameters ) 5 $0A TS [A] (runtime ) PPA% 25 P B , 45

RN 5 P o HH G925 /2 NVIDIA GTX 1080Ti
GPU AT, i BE££ Scene Flow , Xt I K% ) 43
PER N 920 x 56015 % . M T A Sy Al ] 125 1]
WAL T RS, A K8/ T Transformer 2244 1Y 25 7]
TEES, TE 920 x 56018 R 3 Hrny g b, s kit
R 0. 29 s, 5 [FI 2807 A A L, HA e a3
B AL BB . BeAh, dE— 2P0 28 [ Ak 2 0
po VBE Ry 4B 6, PATHUR M — L4, HS M EE
> EPE F i R A AE — DR A KT |
2.5 HRRSCIG

T Bl 5256 3% FH Scene Flow 5098 46 | S0 56 F 5
ZiRMFE 6 N, FEAFE AL A B.CAHLLE

Kl 6  XFScene Flow Fu¥i4E HITR L - n] #L AL X L

Fig. 6 Comparison of depth map visualization for Scene Flow dataset
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Fig. 7 Results of multi-stage feature visualization

(0 TR

((a)left image; (b)encoder stage 3; (¢)decoder stage 1;
(d)decoder stage 2; (e)decoder stage 3;
(f)predicted disparity map visualization )
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Table 5 Performance evaluation comparison

Ik SHEM  ATIES EPE
PSMNet 5.22 0.45 0.95
GwceNet-g 6.91 0.38 0.48
AANet 3.81 0.22 0.49
GANet-11 8.64 1.80 0.48
Bi3D 10.54 1.56 0.54
RAFT-stereo 13.34 0.23 0.49
STTR 19.26 0.42 0.45
A8 13.40 0.29 0.31
AKIX_6 11.49 0.24 0.35
A4 9.32 0.21 0.40

TE IR R & 5 B A4 2R

FHF X FCRRAE @l & )7 7%, SC (skip concatenate ) 4§
fIEE I, SA (skip add) A HFAEAR NN, SQ (skip query)
B ERAT 1) D 41 25061 3 FHRRIE A 2248 R H B 2 11
YIRFEH0 B AL SE 56 5000 T 45 6] 3t Ak 7 11 SR s 1 A
Rk 3 F 2 5256 06 FH ResNet34 4 N £ M %, T
B IR A 18 77745 A T A Transformer J2 , JLH A
BRI R | SR A - FF R SEG, Sk A LB 4 S50

x6 TRAMHHHMELE

Table 6 Different component ablation experiments

S Jridk IPE

iﬂﬁ SC SA SQ SPW ME /% Rl b
A v x x v x 104 040 096
B x v x v x LIl 043 096
¢ x x N NV x 097 038 097
D x v v V092 033 098
E J X X X X Oom Oom  Oom
F ResNet 126 045 095

VLT 44 LRSS Oom X U JE b
B AR IER, N R xR I

B T RRAE RS A% TR A R 24, DLA B[R AE
BRI, A B.C =525 n] UL, il Zk4e
BRAF— B, 3 M AU R B R 4, Hoh Bk ER
N ERENEGEEE

i T 410K Y Transformer 22 F4 /8 5 58 2 8L,
HWAERT VN ZREEECh 20 1Y 2R, D 20 5256 % Bk Bk
A FNBRER G IF 2 s s b 2R A (ME Ron i
SPINZRACHD) . DA LI A5 SRR, 2 iy 2R Fe 5k
AT DL 25 4R v R ER A A A i Mg, HLARIE B T 45
MR EME AR . B 8 45 T I ZRid 2 b L 5%
fEbRi ARt 2. BEE DI ZREEE 3G, BkER 2 i)
T ETE EPE 88 M 3R R AR R B A K. B4
S, Oom 7 N A7 HH B 4 AN (8 12 ) vl Ak
T FR WS, — > S0 A9 A0 58 Transformer 2244 ¥fE LA 4
P Scene Flow £ 45 i = 73 HER KR . FALSE R
i B AR R 2 M 2% ResNet34 7E ) M 4%, 328
Ji R 2 ResNet34 1) S50t 5 A SCRERI BT il Tk
PRt o 25 b, 70k 25 [ Ak 0 1 Fl Bk
BRAT RIS I, A SRS T RS g 2R

3 & it

BEXSSEARDE AT 55 rh B Y 55 S0 H ARk = 42
JRyFRAE A [ 3, A S H — ol D [6] 335 SC B H b Sz A4
VT FL 1Y Transformer P 2% 38 £ 25 [A] b AL % 1 S W,
TEAERF M5 52 A% B2 (0 [R]IN ff e Jey ¥ 58 B0 B
FRYFFAEIEE = R L, 70 e A B g ) el P
BRER AT ) SRM , LASE I B (5 B A% 0 s BT
B i R 25 AR AE 0930 S22 5 s e PERFIE DL
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Fig. 8 Convergence curves ((a) the first 20 rounds of training curves; (b) the last 5 rounds of training curves )

BB B , 3 AT RE SR SR FIAY T ik , iy B A VAR Y
e SRS TR B o R /A 4 7 S s 1 B S W I
VOS2 A 1 S 56 A 58 SO DX LS . 52
BB SRR A SO VAR 55 SO DX |84 X
T Az AT T AT TR AR T i H A A B
P AR RS . RS AR SO AR S AR T
BCAT 55 FARAT T ORI EE T (R B 21 A A
BERUGIHAT 55, 5 2 TARR AR 2 1 3 2 AT 55
BUEA SO ¥R A R

52 30k (References)

Badki A, Troccoli A, Kim K, Kautz J, Sen P and Gallo 0. 2020. Bi3D:
stereo depth estimation via binary classifications//Proceedings of
2020 IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition (CVPR). Seattle, USA: IEEE: 1597-1605 [DOI: 10.
1109/CVPR42600.2020.00167 ]

Bendig K, Schuster R and Stricker D. 2022. Self-superflow: self-
supervised scene flow prediction in stereo sequences//Proceedings
of 2022 IEEE International
(ICIP). Bordeaux, France:
1C1P46576.2022.9897832]

Butler D J, Wulff J, Stanley G B and Black M J. 2012. A naturalistic

Conference on Image Processing

IEEE: 481-485 [DOI: 10.1109/

open source movie for optical flow evaluation//Proceedings of the
12th European Conference on Computer Vision. Florence, Italy:
Springer: 611-625 [ DOI: 10.1007/978-3-642-33783-3_44]

Cao H, Wang Y Y, Chen J, Jiang D S, Zhang X P, Tian Q and Wang
M N. 2022. Swin-Unet: Unet-like pure Transformer for medical
image segmentation//Proceedings of 2022 European Conference on
Computer Vision. Tel Aviv, Israel: Springer: 205-218 [DOI: 10.
1007/978-3-031-25066-8_9 |

Chang J R and Chen Y S. 2018. Pyramid stereo matching network//Pro-
ceedings of 2018 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City, USA: IEEE: 5410-5418
[DOI: 10.1109/CVPR.2018.00567 ]

Chen C F R, Fan Q F and Panda R. 2021. CrossViT: cross-attention

multi-scale vision Transformer for image classification//Proceedings
of 2021 IEEE/CVF International Conference on Computer Vision
(ICCV). Montreal, Canada: IEEE: 347-356 [DOI: 10.1109/
1CCV48922.2021.00041 |

Chen L C, Zhu Y K, Papandreou G, Schroff F and Adam H. 2018.
Encoder-decoder with atrous separable convolution for semantic
image segmentation//Proceedings of the 15th European Conference
on Computer Vision (ECCV). Munich, Germany: Springer: 833-
851 [DOI: 10.1007/978-3-030-01234-2_49 |

Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X H,
Unterthiner T, Dehghani M, Minderer M, Heigold G, Gelly S,
Uszkoreit J and Houlsby N. 2021. An image is worth 16 X 16 words:
Transformers for image recognition at scale [ EB/OL]. [2023-08-
18]. hitps://arxiv.org/pdf/2010.11929.pdf

Emlek A and Peker M. 2023. P3SNet: parallel pyramid pooling stereo
network. IEEE Transactions on Intelligent Transportation Systems,
24(10): 10433-10444 [DOI: 10.1109/TITS.2023.3276328 |

Girshick R. 2015. Fast R-CNN//Proceedings of 2015 IEEE International
Conference on Computer Vision (ICCV). Santiago, Chile: IEEE:
1440-1448 [ DOI: 10.1109/ICCV.2015.169 ]

Huang Z 'Y, Norris T B and Wang P Q. 2021. ES-Net: an efficient stereo
matching network [ EB/OL]. [2023-08-18].
https://arxiv.org/pdf/2103.03922.pdf

Hussain M I, Rafique M A and Jeon M. 2022. RVMDE: radar validated
monocular depth estimation for robotics [ EB/OL]. [2023-08-18 |.
https://arxiv.org/pdf/2109.05265.pdf

Laga H, Jospin L V, Boussaid F and Bennamoun M. 2022. A survey on
deep learning techniques for stereo-based depth estimation. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
44(4): 1738-1764 [ DOI: 10.1109/TPAMI.2020.3032602 |

LiJ K, Wang P S, XiongPF, Cai T, YanZ W, Yang L, LiuJ Y, Fan
H Q and Liu S C. 2022. Practical stereo matching via cascaded
recurrent network with adaptive correlation//Proceedings of 2022
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion (CVPR). New Orleans, USA: IEEE: 16242-16251 [ DOI: 10.
1109/CVPR52688.2022.01578 ]

LiZS, Liu X T, Drenkow N, Ding A, Creighton F X, Taylor R H and
Unberath M. 2021. Revisiting stereo depth estimation from a

sequence-to-sequence perspective with Transformers//Proceedings



$29% /5 8H] /2024 £8 A

=i, EE, RE, FE, RER®
TH [6] 55 £ 38 B AR SL 4 P ER B9 Transformer B 4§

of 2021 IEEE/CVF International Conference on Computer Vision
(ICCV). Montreal, Canada: IEEE: 6177-6186 [DOI: 10.1109/
1CCV48922.2021.00614 ]

Lipson L, Teed Z and Deng J. 2021. RAFT-stereo: multilevel recurrent
field transforms for stereo matching//Proceedings of 2021 Interna-
tional Conference on 3D Vision. London, UK: IEEE: 218-227
[DOI: 10.1109/3DV53792.2021.00032 ]

LiuZ, LinYT, Cao Y, Hu H, Wei Y X, Zhang Z, Lin S and Guo B N.
2021. Swin Transformer: hierarchical vision Transformer using
shifted windows//Proceedings of 2021 IEEE/CVF International Con-
ference on Computer Vision (ICCV). Montreal, Canada: IEEE:
9992-10002 [ DOI: 10.1109/1CCV48922.2021.00986 ]

Loshchilov I and Hutter F. 2019. Decoupled weight decay regularization
[EB/OL]. [2023-08-18]. hitps://arxiv.org/pdf/1711.05101.pdf

Mao J Y, Song Y Q and Liu Z. 2021. CT image classification of liver
tumors based on multi-scale and deep feature extraction. Journal of
Image and Graphics, 26(7): 1704-1715 (B H#1A , KA, X3 .
2021. 22 RUBE R BERHIE S IR AR CT 1159326 . v I 42

B 254, 26(7): 1704-1715) [DOI: 10.11834/jig.200041 ]

Mayer N, Ilg E, Hausser P, Fischer P, Cremers D, Dosovitskiy A and
Brox T. 2016. A large dataset to train convolutional networks for dis-
parity, optical flow, and scene flow estimation//Proceedings of
2016 IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR). Las Vegas, USA: IEEE: 4040-4048 [DOI: 10.
1109/CVPR.2016.438 ]

Menze M and Geiger A. 2015. Object scene flow for autonomous
vehicles//Proceedings of 2015 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Boston, USA: IEEE:
3061-3070 [ DOI: 10.1109/CVPR.2015.7298925 |

Peng C, Zhang X Y, Yu G, Luo G M and Sun J. 2017. Large kernel mat-

ters improve semantic segmentation by global convolutional net-
work//Proceedings of 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Honolulu, USA: IEEE:
1743-1751 [DOIL: 10.1109/CVPR.2017.189 ]

Ranftl R, Bochkovskiy A and Koltun V. 2021. Vision Transformers for
dense prediction//Proceedings of 2021 IEEE/CVF International
Conference on Computer Vision (ICCV). Montreal, Canada:
IEEE: 12159-12168 [DOI: 10.1109/ICCV48922.2021.01196 ]

Ronneberger O, Fischer P and Brox T. 2015. U-net: convolutional net-
works for biomedical image segmentation//Proceedings of the 18th
International Conference on Medical Image Computing and
Computer-Assisted Intervention. Munich, Germany: Springer:
234-241 [DOI: 10.1007/978-3-319-24574-4_28 |

Sarlin P E, DeTone D, Malisiewicz T and Rabinovich A. 2020. Super-
Glue: learning feature matching with graph neural networks//Pro-
ceedings of 2020 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). Seattle, USA: IEEE: 4937-4946
[DOI: 10.1109/CVPR42600.2020.00499 |

Scharstein D, Hirschmiiller H, Kitajima Y, Krathwohl G, Negi¢ N,
Wang X and Westling P. 2014. High-resolution stereo datasets with
subpixel-accurate ground truth//Proceedings of the 36th German

Conference on Pattern Recognition. Miinster, Germany: Springer:

31-42 [DOI: 10.1007/978-3-319-11752-2_3 ]

Sun J M, ShenZ H, Wang Y A, Bao H J and Zhou X W. 2021. LoFTR:
detector-free local feature matching with Transformers//Proceedings
of 2021 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Nashville, USA: IEEE: 8918-8927 [DOI:
10.1109/CVPR46437.2021.00881 |

Tankovich V, Hine C, Zhang Y D, Kowdle A, Fanello S and Bouaziz
S. 2021. HITNet: hierarchical iterative tile refinement network for
real-time stereo matching//Proceedings of 2021 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR). Nash-
ville, USA: IEEE: 14357-14367 [DOI: 10.1109/CVPR46437.
2021.01413]

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez A N,
Kaiser ¥, and Polosukhin I. 2017. Attention is all you need//Proceed-
ings of the 31st International Conference on Neural Information Pro-
cessing Systems. Long Beach, USA: Curran Associates Inc.:
6000-6010

Wang W H, Xie EZ, Li X, Fan D P, Song KT, Liang D, Lu T, Luo P
and Shao L. 2021. Pyramid vision Transformer: a versatile back-
bone for dense prediction without convolutions//Proceedings of
2021 IEEE/CVF International Conference on Computer Vision
(ICCV). Montreal, Canada: IEEE: 548-558 [DOI: 10.1109/
1CCV48922.2021.00061 |

Wang X L, Girshick R, Gupta A and He K M. 2018. Non-local neural
networks//Proceedings of 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Salt Lake City, USA: IEEE:
7794-7803 [ DOI: 10.1109/CVPR.2018.00813 ]

Zhao H'S, ShiJ P, Qi X J, Wang X G and Jia ] Y. 2017. Pyramid scene
parsing network//Proceedings of 2017 IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR). Honolulu, USA:
IEEE: 6230-6239 [DOI: 10.1109/CVPR.2017.660 ]

Zheng S X, Lu J C, Zhao HS, Zhu X T, Luo Z K, Wang Y B, Fu'Y
W, Feng ] F, Xiang T, Torr P H S and Zhang L. 2021. Rethinking
semantic segmentation from a sequence-to-sequence perspective
with Transformers//Proceedings of 2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Nashville,
USA: IEEE: 6877-6886 [ DOI: 10.1109/CVPR46437.2021.00681 ]

fEEE T

BRI € e s 3 1 L DO RVAL NN RS RS R E A 32
M 582 (] 2 (S AR S LR VR
E-mail: Intu_jiadi@163.com
B2 R (o (o S O R B 1 e e s 23 7 s ) b VA 2 N UL
5=#®H#, E-mail: Intu_caipeng@163.com

S L LSRR RS 1 S B R BE R AR
E-mail: Intu_wusi @163.com
T2, B LR AR FERR IS 10 S MU ARl
E-mail: Intu_wangqian@163.com
S - g e R e S s U S L S e
E-mail: Intu_shl@163.com

2425



