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[ Abstract] Existing stereo matching algorithms usually use deep convolutional networks to extract features, and can
improve the accuracy of foreground object detection, but display poor matching results for small objects and boundary
areas in the background.In order to improve the quality of disparity estimation in these areas, a stereo matching network
named Coarse To Fine Net(CTFNet ) is proposed based on disparity optimization. The network extracts shallow and
deep features separately and a global sparse cost volume is constructed based on the deep features to predict the initial
disparity map.Then a local dense cost‘velume is constructed based on the predicted initial disparity map and shallow
features, which optimizes the disparity.and refines the probability distribution of the neighborhood of predicted disparity
value to improve the matching accuracy of areas with less obvious features. At the same time, a new loss function for
probability distribution is introduced to supervise the probability distribution calculated by the softmax function in a
unimodal distribution near the true disparity value and improve the robustness of the algorithm.The experimental results
show that the mismatching rate of the proposed network is 0.768% on the SceneFlow dataset and 1.485% on the KITTI
data set, and its error rate on the KITTI evaluation website is only 2.20%.Compared with the PSMNet network, the
proposed algorithm displays an improvement in both accuracy and speed.
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Table 1 Experimental results of the output location of

the feature map

e JA A B i H 4R AE 7F SceneFlow  7F KITTI2015 ¥ 4fs
N B fE SRS LEPE 4 1 3px Error
1 %2 0.768 1.485
2 W2 0.873 1.646

2 LA i P R 2 R AR A 1 R AR AR M B
P 2% A 1% DE i 3R 7E SceneFlow 4G 4 F &R T
12.0% ,7F KITTUE IG5 LK T 9.7%, Ui I & 2 45
TEREAE U8 B o 2 4 1 {5 8, 78 0 22 10 Ak i 72 b e 8
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B RST hy 3x3 19 46 U2 e A Jtk A i £E 2 i ReLU
TS PRBUZ SRR T RO ST R, 45 FE ke 2 o .
22 HIRJZE FNTR 2 R AE 8 IR E o0 A R 2R ) s
B AR AR B AR B (0 RRAE 1 RS 5 5 1 RS 1Y E
Bl 3 A6 H e 2 v S 2 SR AT TR I X A 1 A
B AR 5 38 AR % A A A £ A0 1 R AIE B
REHEE, JR B Al AT BB & 2 A TR 2 N
{H—BRIG KR B 2 38 AR H A W B 15 1
KN TEEIE AT i 25 A M 2E e iy Jy 2k
SR 174 J P R (0 RRAE TR v w0 B AR 4, TRl st R T
1/2 Ji P REST 1 A P14 36 8 2 1 ¢ 26 G B P TIE 9 2%
TE I 25 AR R A A5 v TN R 2 PR B

£ FEAHEERTHERER

Table 2 Experimental results of different feature map sizes

e WIZEIE T2 E 1 SceneFlow 7 KITTI2015 54
B RSE BRSE BdEdE LW EPE 4 1Y 3px Error
1 1/4 12 0.768 1.485
2 1/4 1/4 0.896 1.718
3 1/8 1/4 0.992 2.089

2.4.2  XRFHR S AN B LR
SR T AT B AR AR 22 AR TR 7E A2
e Ak B B & X B SR 3, DLW B B 25 4B 8 1Y
2n A2 E A 38 R AR 2 AN B, Hoh 2n R A
J R E BB S S Ak, BT X I SR A 22
U SR AT S S SR 3 TR .
®3 MNEHRLEENIRESR

Table 3 Experimental results of the local disparity range

L, WL2EWiM 7¥ SSceneFlow ¥ 7£ KITTI2015 ¥4

(2n) % LA EPE 4 A9 3px Error ST

1 12 0.912 1.846 0.39
2 24 0.768 1.485 0.43
3 48 0.735 1.492 0.55




226

Computer Engineering

R TR 202243 H 15 H

P 28 3 A A1, ) I P8 22 41 33 PRl 2 XoF A0 22 A1k 11 A
W 453817 AT — RE R . QSR P T R o R s AR 2 A X
eSO = ST e PO A NN EZS U2 Ol ol N = S
AT KRB 22 T SR 2 AR BV i K, e R VD T 4
FHEAT AR I A B g B e 1) 558 2 15 hn , ELX iR
RN O . SE B 25 S RTINS S 4 A
T 46 0 25 46 1 4B 383 1L Ry 24 19 Jey S A AR AN 2
2.4.3 MELALLE S5

Ry 56 E A 24 P Ak Y AT AT M AR SGE R
A TR) B 4 i B B &5 , 3 FE R 22 0 T R S5 A S
A A 3 A4 2 A - fife i 445 P L 42 T AR 22 R 48 [) i) DT
Bt 22 R g5 N F AP n . R 4mT A, (il 2
e A &5 #4 A1 X 4% g2 O %5, 25 /T RY R UL i R 7
SceneFlow £t #i5 48 I F& AL T 10.3%, 7 KITTI £ §i5 £
RS T 11.9%. Hy 1m0, A SCHR H B A 22 AR AR
S0 2 R T B — 2 AR T -

x4 WMERUEHPIHRER
Table 4 Experimental results of the disparity

optimization structure
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Table 5 Experimental results of loss function
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Fig.6 Probability distribution of disparity
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Table 6 KITTI2015 stereo matching ranking
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Fig.7 Comparison of disparity map results
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