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IgE, =2 HY, BFE¥, 2, EXA

Y T AR TR BB, B 74 710600
TBETE AR N T REIE A SC U S T2 TR A 5B, BETE PE42 710600

FHZE: Arst AT CNN 69 AR I B 75 ik 7 R AR IR A A ST 5 5] A By Feik A2 BT A2 869 94, #2:5 —#F A F Swin
Transformer &9 s 7 IE fiz. W 4 2 A2 A (stereo matching net with swin transformer fusion, STransMNet). 247 T /£
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7 ik H#:  AF Transformer 9 Swin Transformer 7 #%; 3+ Swin Transformer  in A % R E4FAERRS AL, 184F
Hr LR i @8R B AIR R ST & AR AR £ R A T R R, W RER S mTEE . R
&, ESZANTHEE L STTR-light R # 47 7 s )b 238, 4% £ (End-Point-Error, EPE) #= It Bz.454% % 3 px error
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STransMNet: a stereo matching method with swin
transformer fusion
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!School of Electronics and Information, Xi'an Polytechnic University, Xi'an, Shaanxi 710600, China;
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Abstract: Feature extraction in the CNN-based stereo matching models has the problem that it is difficult to learn
global and long-range context information. To solve this problem, an improved model STransMNet stereo matching
network based on the Swin Transformer is proposed in this paper. We analyze the necessity of the aggregated
local and global context information. Then the difference in matching features during the stereo matching process is
discussed. The feature extraction module is improved by replacing the CNN-based algorithm with the Transformer-
based Swin Transformer algorithm to enhance the model's ability to capture remote context information. The multi-
scale fusion module is added in Swin Transformer to make the output features contain shallow and deep semantic
information. The loss function is improved by introducing the feature differentiation loss to enhance the model's
attention to details. Finally, the comparative experiments with the STTR-light model are conducted on multiple
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public datasets, showing that the End-Point-Error (EPE) and the matching error rate of 3 px error are significantly

reduced.

Keywords: stereo matching; Swin Transformer; deep learning; STransMNet
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Fig. 1 The network structure of STTR-light
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HA4 1.68 0.56 0.94
241 1.36 0.48 0.96
55341 1.40 0.51 0.95
441 J V V 1.03 0.42 0.97
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A2 FRAGHMARETEELER
Table 2 Experimental results of different loss weights
[y Ly L, Lpeg L 3 pxerror /%] EPE | Occ IOU 1t
0.2 0.2 0.2 0.2 0.2 0.85 0.41 0.97
0.2 0.2 0.2 0.1 0.3 0.93 0.51 0.84
0.3 0.3 0.1 0.1 0.2 0.89 0.43 0.85
0.3 0.4 0.1 0.1 0.1 0.84 0.39 0.96
0.4 0.3 0.1 0.1 0.1 0.87 0.40 0.91
n 0 50 100 150 200

0

50

100

150

200

15

20

B3 ARG LEAGEEFEZNHKAIES. (a) AAFIEE FRK; (b) RAAGFIEE FHIFE
Fig. 3 Euclidean distance between the pixel features on the left image.
(a) There is a feature differentiation loss; (b) No a feature differentiation loss

AT 3BT o USRS — W e T 3R IR R,
TR AR R R 2Z 8] I RR CCHE B an & 3 R .

[l 3(a) 1 3(b) 43R T A FIAR AR 22
ST PR RE Z R RR G B . B faflss, #
INFEE R, AR . TR AR R R R
H5ACHIEE, (58 0. HALN &R FRL & EBER
FREZIAREES . €] 3(a) b, SO BIRE AR, W]
WAL ZAHEZ R RAE A 22 5, SR IR R 25
T 40, & 3(b) T, 55 100 F1) BRI A L0HE H AR AR 6
TR I, 7] WAG R Z (R RAE AL AR R] 55 AH

PTROL, FORBRIREE B/ T 30, QAR FFIEZE TR,
ARG Iy, B M TR R IT

3.3 FFLEEIE S5 4HT
3.3.1 ZALHERERT Ho s

T VAR TR AL AR, R BN R AL
#7E MPI Sintel . KITTI, Middlebury2014 1 SCARED
BPE 4 D Tz AL PERE XS FSE 86 . X b Uy A A
PSMNet, AANet. STTR-light il STTR, X L5
AR T BEAE L IR B 2 2 I ELA AR 1 iy 21t 7 R
VERCIZ% . SEEGE5 AN 3 Fdk 4 s,

(3 BEZLBETRER (—)

Table 3 Testresults I of model generalization performance

o MPI Sintel KITTI
3 pxerror /% | EPE | Occ 10U 1 3 pxerror/% | EPE | Occ IOU 1
PSMNet"™ 6.81 3.31 N/A 27.79 6.56 N/A
AANet"" 5.91 1.89 N/A 12.42 1.99 N/A
STTR-light™ 5.82 2.95 0.69 7.2 1.56 0.95
STTR"™ 5.75 3.01 0.86 6.74 1.50 0.98
A 5.23 2.78 0.84 6.51 1.44 0.97
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A4 BAZHAE TR (Z)

Table 4 Testresults I of model generalization performance

o Middlebury SCARED
3 pxerror /% | EPE | Occ 10U 1 3 pxerror /% | EPE | Occ IOU 1
PSMNet""! 12.96 3.05 N/A OOM OOM N/A
AANet!"! 12.80 2.19 N/A 6.39 1.36 N/A
STTR-light!™ 5.36 2.05 0.76 3.30 1.19 0.89
STTR"™ 6.19 2.33 0.95 3.69 1.57 0.96
AR 6.24 2.12 0.96 3.15 1.26 0.94

F4, OOM K/ NAFEE, SLIEEREWIA
SCREAIER IR A 4 - A B r iz febEe,
f7E MPI Sintel . KITTI £ SCARED $#ii4E |-, A
Y 3 px error BINRARME ; 7F Middlebury %4545
I, 3 pxerror Ft STT-light /&, {HJ& Occ IOU #1d T
HAAEY
3.3.2 RIS IEXT AT

AR SCHE KITTI 11 Sceneflow B4R 4E F T 210
BT LSS . AR e ZAE Sceneflow [ IZRY
A SCF, SRIGTE KITTI #4757 T 400 4~ epochs AT
P g s 5 iR,

TE Sceneflow 1 KITTI £ ¥ 4 I 525645 R L,
FRATHR B W T R AR F Z 9 7% 3 px error Al EPE
WHRAK, b 3 px error, AR CHE PR T K
Mg, 7EHRALPR % 0 22 KK Sceneflow (4 -, 3
px error &K% 1.03%, Lt PSMNet fil AANet 435Il f#
11 2.91% F1 2.86%, Lt o i 7 () STTR-light £ % &%
ik 0.81%; Lt STTR BEAIFEAL 0.30%, 7 HE ML B
ZER) KTTI 554 I, 3 px error FFEE 0.84%, &
B I h R IR . it EPE 35651 &, A SCH [
Fee A, T4 ) Sceneflow [, EPE (&K% 0.42,
It STTR-light #% # f% ik 0.14, L& STTR F% 1K 0.06.
fE KTTLECHE 45 I, AR SCH LM EPE l 039, Lk

STTR-light BRI AL 0.17, o STTR A% 0.05. Xt
Occ IOU, RS :AE Sceneflow |- STTR-light 1%,
TE KITTI b STTR K. SEERA5REW], A SCHELR
B UCHCHERER IS, RS Rt f
UNIRYES RS H Y S IN Y € ey R Sy S A - |
SCHEBSHEX, HAA R R TR PR U X
SRS G R RE. ARG &RRE, A reisit
HRH 4y ) DC i AR A . AR SCRVE S5 A 34T Swin
Transformer A9 RFAIE $ OB B AR AIE 22 S A 461 2% fifi 15
PRI B RAFH 0 HEPE, 24 T SR
BCAIKE L

3.3.3 HRALEATRRRT AT

ARSCAE KITTI b, XA 2 17 80R S $i
(Params), 1% (FLOPs), i&17 W47 (Memory) filiz
ATHFTE] (Runtime) PUASJ7 AT T %5 e, SEEe 25 R an
72 6 iR,

S AE R EN], STTR-light Y28k . JHEBM
WAE G /P, STTR-light A1 PSMNet f4FfE 12
Hgsefl, (H12 STTR-light #2534 AL AL 4%
SRR /DN gEE B, L STTR-light £ 5 L
PSMNet /v, #HH.F STTR, STTR-light % JH 5 K Ay
TORFEAGRAF RN HER IR, BT STTR-light 3817
ROF L STTR o X LGISfTATE], AANet iz 47 A [A] 5

%5 striRibs R

Table 5 Comparative experiments

- Sceneflow KITTI
3 pxerror/ % | EPE | Occ 10U 1 3pxerror/ % | EPE | Occ IOU 1t
PSMNet'"” 3.94 1.11 N/A 1.25 0.57 N/A
AANet"" 3.89 0.82 N/A 1.93 0.64 N/A
STTR-light™ 1.84 0.56 0.98 1.68 0.56 0.94
STTR™ 1.43 0.48 0.91 1.12 0.44 0.97
AR 1.03 0.42 0.97 0.84 0.39 0.96
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6 AEME TR

Table 6 Comparison of model operation efficiency

il Params | /M FLOPs |/ G Memory | / G Runtime | /s
PSMNet'™ 5.22 613.90 4.08 0.63
AANet"" 3.68 119.64 1.63 0.09
STTR-light™ 2.33 110.21 0.43 0.65
STTR™ 2.51 510.93 1.23 0.67
ARSI 27.85 136.11 2.90 0.73

Do BEAARSCARG I ASEC SRR A Swin Transformer,
HAESHCRALZ AT R K, H S STTR A
PSMNet /b, ia17 i AFIK T PSMNet,
3.3.4 AIRRALXT HeAT AT

ASCAE Sceneflow Fl KITTI |, XFA[R3% 50047
TRk, dnfE 4 FniE s B

T STTR-light Fl A SO RS LR A 1140 2 f Al 95
TR @4¢LﬁAﬁﬁﬁMMW§@Wﬂ
TOWEE R E R N H AR AL H AR Y 5 B
$m@woﬁiﬁﬁl¢@ﬁfﬁﬁoﬁ%MMt
BRI TF 0 0 2 RIS PR BG4 . 38 2k WL n]
FHIEPE B MR E IS, & 458 1T RIRLL
HEFE 7 B — D724, PSMNet fi5i i1 Ao #2218 L 55
W, HEERFREmMMTFELR, LUERK.
1M STTR-light 8% Y A T ) 9 2 1] v AT LU 31— 26 2%
BLA R 2%, AR SCO7 Al T 00 400 22 1 v 1) 4 2%
BONTEWT SR . 45 AT — B ek o

Left image Ground truth

EE

PSMNet

B, PSMNet A5 1 (1% T H i 40 25 1] b O B ) e
HOWIANTE , STTR-light A8 Ul (1 AR AR, H
SRR AR R AEAE MR AT s AR SO I TN A b A W
ST SR H AR TR LT AE o A 5 BRI 28 AL
PSMNet 45 7 i 119 W8 22 42 51 — B T STTR-
light 5% U 4G5 4 (990 22 I SRR AC AR W Bk 5 A SCARL ik
L ZE A FE M T

[ 5 55 —4 7 R P20 AE B — A5 AT RN,
IZE UG A AT LU X R 4 [ A AR AR Z2 ] B . (H
J& PSMNet I STTR-light A7kl p 22K F, AfT
FERLe AT — AR, BR T HE R A
BB 2E B AN AT LR B ARG BRI T LU
PN EABF NG AN . 5] 5 58 AT EUR R 22 BT
TE—NLI8%LT, PSMNet Fil STTR-light J7 32 T 4 44
22, SRR, AR SO Al TR 22 1R
AZEB T e — B BRI KT -

TEA LA B £ R B ST IR AR 1 Dt 3k

STTR-light

B/ 4 RF % ki Sceneflow 38 & L e915iHeg M 2B

Fig. 4 Disparity map estimated by different methods on the Sceneflow datasets

PSMNet

Left image

STTR-light Ours

B 5 KRR H&EEKITTI 8L Lagfb e £ B
Fig. 5 Disparity map estimated by different methods on the KITTI datasets
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1o MIAS SO 1025 18] L STTR-light BINTEA,
2 DA ARAAE 25 S AP il 20 Ak T USRI

4 % ®

A SCHEH STransMNet, 2l 1 37 A DT B ) 4% 11
PRI BUELEL . Swin Transformer FI45 5¢ pBREL . SLIG
UEAH, STransMNet AR T VLR 25, T T 22K
ik, FWIBGEHHER Swin Transformer B L IR £
RS BB UL S RE AT B TR T ST AR VT FC ARG BE 5
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STransMNet: a stereo matching method with swin
transformer fusion

Wang Gaoping’, Li Xun"*, Jia Xuefang', Li Zhewen', Wang Wenjie'
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Overview: In the stereo matching process, unique pixel features are extracted by aggregating local and global context
information. The pixel features on the pole lines of the left and right images are then matched. With the rapid
application of deep learning (DL) methods in the field of image processing, end-to-end neural networks of DL are used
to estimate the disparity maps. Although CNN-based algorithms have excellent feature representation capabilities, they
often exhibit limitations in modeling explicit long-range relationships due to the inherent locality of the convolution
operations. For objects with weak textures and large differences in shape and size, the results of using CNN alone are
often unsatisfactory. To solve this problem, an improved model STransMNet stereo matching network based on the
Swin Transformer is proposed in this paper. We analyze the necessity of the aggregated local and global context
information. Then the difference in matching features during the stereo matching process is discussed. The feature
extraction module is improved by replacing the CNN-based algorithm with the Transformer-based Swin Transformer
algorithm. The rectified left and right images are fed into Swin Transformer module to generate multi-scale features.
Then the multi-scale features are fed into the patch expanding module, the transformation of the linear layer, to make
them the same size. Finally, the multi-scale features are fused in the channel dimension. The additional multi-scale
fusion module makes the features output by the improved Swin Transformer fuse shallow and deep semantic
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information. The Swin Transformer used to extract the left and right image features is partially shared by the weights.
Although weight sharing makes the model converge faster, our proposed feature differentiation loss can only supervise
left or right images. If the full weights are shared, it is equivalent to supervising the left and right images at the same
time. Partial weight sharing speeds up the convergence of the model to a certain extent. In addition, partial weight
sharing enables the model to extract not only the commonalities of left and right image but also the differences.
Furthermore, a feature differentiation loss is proposed in this work to improve the model's ability to pay attention to
details. The loss is trained by forcing the classification of pixel features on the epipolar line of the left image, which
makes each pixel feature unique. The experimental results on the Sceneflow and KITTI datasets show that our algorithm
reduces the 3 px error and EPE compared to the previous algorithms. Experiments show that the proposed STransMNet
model reduces the matching error and improves the quality of the disparity maps. It shows that the excellent
performance of the improved Swin Transformer in capturing long-distance context information is beneficial to
improving the accuracy of stereo matching; feature differentiation loss helps to enhance the detailed information of the
disparity maps.

Wang G P, Li X, Jia X F, et al. STransMNet: a stereo matching method with swin transformer fusion[J]. Opto-Electron
Eng, 2023, 50(4): 220246; DOI: 10.12086/0ee.2023.220246
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