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Refinement of the Disparity Map by Using

Semantic Map”

Renya Kawakami

Abstract

In recent years, numerous researches and developments have been carried
out to realize automated driving. In particular, environmental recognition is
an important issue, and various sensors are used to solve it. Among them,
stereo cameras have the advantage of being able to measure both color and
distance, at a relatively low price. Therefore, they are used in many advanced
driving assistance systems (ADAS) currently being developed. However, the
accuracy of the distance calculated from stereo images depends on the environ-
ment, specifically, sterero matching weaks against reflection and transmission.
This problem should be solved in order to realize automated driving requiring
robustness under various environments.

In this thesis, we propose a method to refine a disparity map using a semantic
map. Semantic maps assign a class label to each pixel, and it s one of the im-
portant information to understand the environment. Hence, it is expected that
the semantic map could improve the disparity map even in regions including
reflection and transmission. As a result of the expectation, it was confirmed
that the semantic map improves a disparity map compared to using only dis-
parity map or RGB images. We evaluated the proposed method on the KITTI

benchmark data set.

Keywords:
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B1E LIS

1.1 HRE=

AR, E B HE O H X S E L L B8 A 7 A (Advanced Driver Assistance
Systems, ADAS) 2B 2 it HEAM DS EERE T T W2 [1] [2] [3]. BEMfbEn
TWb ADAS 1%, #7A 7, LIDAR, L —4&—, @HHLZEDHA L2 IR 61E
SNBHEHREMAL, FIHTAEIETEBLTWS @], ¥5IT, Za—2NURY
vazZ Vv VAT A (GPS) RHET—Lx v T -2, HEMBEVATLRY
DINIEHRZHA LU CHAT 2 22T, SRM»DEREER ADAS OFEHL % HiE
LT3 [5).

INoDeyYORTEHERIIARA T IZHBHEA — 7 OBEEZRZRCER & 758>
TWd [6]. WATR=AD ADAS &, xR ara—R¥Ya rHifizHwT
VT NRA LRI 2T, EEFICFERERT I ENTEDS. IATR—2
DR E UTIE, RBEGERPENROR, F5tokt [7] (8], #HiRE EEYRK
(9] [10] R E DR T TV r—Y a VOEFIZEBML TWS Z B IFonb.
INSITMA, HEEHZR S EEHARETH D, TNSZFAL 2@ EST - HH
FREEHIMHEEE (Adaptive Cruise Control, ACC) IXBEIZRgffbE T3,

ADAS R HEEIEZHEDOEHRIZBWT, ZOHEMEANZEERZX A2 THS. K
XTI, ZOMEGHINCNT 57 T u—F L UTCAT VAN ATIZERT 5. &
o7 7V 75— arTl, BHINEZE 3B a2 oRE U TEBARE
NERBTLHIBENRDD. ZOMBEIZFUTATUANA T RMOr VY & gL,
BE A L fRE IR U TEETRED T — X 2RETE2 L VWO ARH S, X5
2, AT VUA A Z I ZMIZHEEAEHTE 22 0HD, AT VATA
T CONMHIITETERIAITHELEEAD. TORAZITIE, ADAS Y HENE
BREL & W o P RO MR F, BRSSO MR 2 BB R TO RN A MEARD
LD,



1.2  BEERR

AT UA A ATITEWTHBERZ4T 5 121%, A4 DEEM TG SR Z2TW,
KEFIZB D0 E% EHECHET 20801 H5. LrLAENS, EEOBRETT
VB IR BRI N IE R 12 S <, WIBRPEE L B WO E 2 ZIF T L £
DT ENEWV. DL RMBEEMRILT 5720, [RIZ—K, & U IETIRGRE
HEREHAGHDES Z e THESY Y TOR#E/IDTONTE [11]. —ATID
&5 AR HFI TR AR <, K0 AR OFGEIZEWHH 2 % A 72 Giliney 5 & Fig.
LIRS £ 5102, BEEIINS 5 50 8 & YA IR O HETHER 2 A G DE S
Ze T EROEIRES X, FFRYER KITTI012 XV F v —72 [21] THE (L
ZRELTWD [12]. 2D &5, MIRFEEYERIZIRD & 5 @ik O R % %
XY TOWEICHNSE ZLOEMEITRDOOoNED, —HTES Vo2 HREZHKD
ZERHLW. Giney 5 OFIETI, YR L 12RENZ 3D BIREZHET 2 B
N D70, YWAOREEHZEX T Z e H L\, I-URORENHE A BRI, %
NIZEDEDE 3D ETINVEERTEZIENEL—DRERZAILERHS>TLESD
LIETH 5.



Fig. 1.1: Resolving Stereo Matching Ambiguities: Current state-of-the-art

stereo methods often fail at reflecting, textureless or semi-transparent surfaces
(top). By using object knowledge, we encourage disparities to agree with plau-
sible surfaces (center). This improves results both quantitatively and qualita-
tively while simultaneously recovering the 3D geometry of the objects in the

scene (bottom) [12].



1.3 ®HEEH

B U7z & 512, WHARTESS R WA TR 72 & O @R 1% 7 1% 85 1 s X0 128 8 SR 12
BUIaHEYY TORBIZAENTHELEZONDM, —TENEETIVIICE
Z B Efka mRICIR T B 2 E BREEIC AR S, £ 2T, AR TIIYIMRMESE &
DHIRINZREL L2~y T4 v Iy T2HAVWSEZ LT, R BPKIIHFLTH
BIGHRERE~Y Yy TOREFEOMELHIET. t~xv 71y o3y T2HWS
HEEUTRREL DI TUTOZDOTH Y, FHZ—2HDERIXF. Giiney 5D
Fik [12] & EBRIC AR OFGERITIEWHIF & 22 D TRV L HIfFTE 5.

o RHFEIZZ TALERE VYU TE Y YT 1 v 7=y TI3WKDHELKMIZ
BT 2EHRE2R>TEY, ZOBEEDOHEFMIIN L TERTH 2 WREMED
B,

o B VT 4w Iy THRDPERERA A LIEFITHEN L, INEfE
WG Z & TR GEHRRR Z i 5 Z LN TE 5.

1.4 KERXDIERK

Kt DS 2 BRI R, 28BTIE, vy Tav o~y THOERESY 7
WEFEZRL, 3BIZTTOHMZITS. WMEBEIZ, dEBETEHARXDTLDES
BORELBEIZOWTHRRS,



B2E RBRRFE

2.1 B=E

AFHER Fig2 1 IR T LIS~y 7o, vt~ v T1 v 7=y TOHt
E, kv v Tav oy TEAWESHEST Yy TORED 3DIZHITo NS, I
Iy TROEI VT 1w 73y TOREIRIPERMFLTH S5 MC-CNN (Matching
Cost CNN)[13] & PSPNet (Pyramid Scene Parsing Network) [14] % A\ T8
LTHEY, RPETIEHZIOZD2%2MlAEGDLESE XY N7 =2 2RET 5. RN
IEHTdH 25 MC-CNN 205156 N7z kil & K2 /& T dH 5 PSPNet 22 515
on-FEEMAGDE S 22T, fEYY TOMER L2 FT 5.

2.2 HIZARMETIRET 2~y Ta v o~y TEHWEHES Yy TORETIE
ZRT. 23 HiTIRBEDONR ERBHIAMRAES Y TOHEIZDOWT, Hi 2.4 ffi
TlEE~Yy T4 v I3y TOHEIZODVWTENTIURT.
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Fig. 2.1: Data flow of the proposed method




22 Y VUFqa4v IRy TERAVWEREYTY TOHRE
221 RYKNI—VDERH

YT v IRy TEAVWESEYY TREDZOD XY T — 2% Fig. 2.2
IR RMEFEOMEMN T IZEY YT v I3y TEAWZFEANGR 7 1 V&
VY7 ThHB. AJE MC-CNN %515 5 Wizl < v 7 & PSPNet 72 513
SN VT AV IIYTDDOTHS. HIEBIZHLT, Thehbe Lk
St Hon, MWy OBTYIDH U7 (Hiy, Win) 5y F 2L, ZhERiy b
T—=J7IZANT 5.

I < v 7% CPD (Coarse Press Disparity map) €Y 2 —J)LiZ B\ T,
BN (Batch Nomalization) [15] THE¥E{L L 724&, 3D Dilated-Convlolution [16] {Z
Ko TAN=RIZ (1,1) ¥ TEARENS. Dilated-Convolution (& Fig. 2.3 /R
TESIZ, H—RIVORIMEEZE T - A=A RBEHAARETS> FETHY, 8
ANEHEPITIIZRTEMEPT N TEL Vo R ERD. HEAMDE
b-fE< Y TORIRFEZILNEFTEAAD Z & T, BATNREREICN L TH
NARNERBZERBFLTNS.

v rTa v o<y 7HERKIZ, CPS (Coarse Press Support map) €Y a2 —)b
2B W T BN CfE#EL X 7214, 2D Dilated-Convolution 2 &> T (1,1) £ THE
ArEND. ThoDRHi~y 7IFR UEbI N, FCN % CNN TRAL 7=
FCN £V a—)L & U TRMINBUE REZ fET 5.

Table. 2.1 IZEEY 2 — NV DFFMZ RS, CPSEYVa—VDANTF v ¥ 3V
BEBEL, ¥ T4v IRy TDI I ABIIEDETEHET 5.
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Fig. 2.2: Architecture of the proposed network. (a) CPD (Coarse Press Dis-
parity map) module: Disparity map is pressed into (C1, D;n,1,1) by sparse 3D

convolution after BN. (b) CPS (Coarse Press Support map) module: Support
map such as semantic map is pressed into (C1,1,1) by sparse 2D convolution
after BN. @ mean concatenating two feature map. (c) FCN (Fully Connected
Network) module: BN + FCN by using 3D convolution.
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(a) 1-dilated (b) 2-dilated (c) 3-dilated

Fig. 2.3: Dilated convolution



Table 2.1: Hyper parameters of layers in each modules

Module | Layer || Input channel | Output channel Kernel size
CPD 1st 1 256 (5,9, 9, 5-dilated)
CPS Ist Variable 256 (9, 9, 5-dilated)

1st 256 512 (1,1, 1)
FCN 2nd 512 512 (1,1, 1)
3rd 512 1 (1,1, 1)




2.2.2 XYy MNI—JDFEFE

Axy N7 =228 BEEEBUE, 77 ANFEMEI-BRNIHwS NS
Logsoftmax & NLLLoss (Negative Log Likelihood Loss) Z#l#A&bE 726 D%
AWz, 8T 2277 A8% dpee & U, BRI A%y, XY FT—0P60DH
HEZTNEN 20,21, ..., Tq t95e, PEABEBIIUTOISITERINSD.

max—1

dmax—l

L(zq,y) = —log(exp(zy/ j{: Ta))
d=0

32w N7 =0 % FHEIELIEE, FET X2y RO EALET VX LREBIC
WIRT BHERY T T4 v 73y FITHUT, Ny FOHZIT TV XA
(Hin,Win) 2HI0 . oz gedhTrYbEry N7 =225 L, £0
L(za,y) BNE <755 &5 BT 5.

2V NI =D& TANTBEIE, TANT =Xy bOHSHEBIZHIET B HHE
Ry TV T4y Iy ST UT, Ny FOBEZHERIZ (Hiy, WiN) %
o d. Thoz2 DTV YNE Ry NT—=2IZH L, £OD L(zg,y) 2515
T5. TAMT =Xy MNOEEHKIIHF L TINEITH LT, FHEPIIEITS
F v b7 — 2 OPAERE % R 5.

T, MEETNVEFET 50O RENATFIEICIE Adam (Adaptive moment
estimation) [23] ZHHWTH D, ZTNEND/NT A —XIZiE Adam [23] THEREZ N
TWAEZHWEZ., SEEHLZINSDFHIZEIT5H/37 A —X % Table 2.2 12
~Y.

Table 2.2: Parameters of the optimization method and the batch size

Adam : o 0.001
Adam : 31 || 0.9
Adam : B2 || 0.999
Adam : € 108
Batch size || 256

10



2.3 WHEE<Y TOH#E

PIARE < Yy TOHEEIZIE, CNN 2 W0 =AWV AT VA Y F v 7 DIEK
7 TdHh 5 MC-CNN [13] W5, Fig. 2.4 12539 £ 512, MC-CNN Tlx7m v
7 Zr OFiiE%Z CNN 2 HOWTHIE L TW5. ZoRME? SEMEL2HHT 5
=%, FHEEONME%EZ £ 5 MC-CNN-fast (Fig. 2.4(a)) & FCN 2z #&E/E» T 5
MC-CNN-arct (Fig. 2.4(b)) PEEINTWS. NiE%E & 2 FIETITLIE D <
725 K, FCN 2 88JE 0 2 FIEICHARBEEME T T2 Z e hRINTVWS, —
R 72 BEFEAE D SSD (Sum of Squared Difference) ZFEMEIZMHS K> 70w
7=y F v e, CNN (Convolutional Neural Network) %5 Z & Tk
DEIRIZRE R Z 23 TE, VAT L TunNA MEZED Z &h3a]
BBTHE. ZOHEOEIWEIRVYFI—27THRINTEHYH, Middlebury N> F
X =2 [17] TIHARFIHEE Ny T ThHo7z. KWZETIE, I E~ Y TOHE
IZZ 85 MC-CNN-fast, MC-CNN-arct # ZNZNHW5.
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Fig. 2.4: Difference between two types of the MC-CNN
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24 EIVF4wIRY TOHE

YT a4 v Iy TOHFEITIE, FEREHZ VOC2012 [20] & Cityscapes [19)]
DRYFI—7THE MY T o7- PSPNet [14] Z HH\W7z. Fig. 2.5 1Zmd &
512, PSPNet 3B 2% 1 XD T =V v I @eaNI-RE~y 7263528
THEL VDT T AWEZITIR>TWDS., KL IRAT — )V TAIZREZE KT %
LT, HERD SegNet [IR] FEDEI VT4 v 7T AVT—YavibhEkEER
77 AMEEER L TWNWD.

AMFETIE, B ETHRE I NG L TESBIT N RO T VDT 5
I N7z Cityscapes 7 — Xt v b &, —¥k%E FI1Z L7 VOC2012 7—X & v b %
FERF—xLTENTNILZIZHNZ, DL, VOC2012 7 —X & v b T¥HE
L 72 PSPNET % PSPNET_VOC, Cityscapes 7 — X+t v hT¥# L7 PSPNET
% PSPNET_City &fHE EFERZ £123 5. Table 2.312, & PSPNET (28 \W\WT
FHIEEIRNVERT. ThENDOT—Xty b TFEH I Nz PSPNet THEE
Lz~ rTawv o~y TaBEYY TOUEIZHY, TOEREIKT 5.

KITTI2015 ¥— &% v b [22] DEGIZH LT, ThENEREF—Z €y T
PRI VT4 v IR T AT =Y a v EIToEERE Fig. 26 10RT. Z
DEWEIFEE L TWE I T ADERIZLEEHDTH Y, Cityscapes T—Xt v N T
FEHINZEDFIAREDOMIZEECHE, K%, @Y, E#BEDS I ANE DY
THoNTWS., —/HTVOC2012 7—Xty hTIEFHEP AIREINT NS,

[ A
/1
S =
§ — c i Y
: 4 :
CNN —» ii_ ﬁjﬁ
(a) Input mage (b) Feature Mi’ap —W CANCAT ‘ (d) Final Prediction
: CONV
o %

(c) Pyramid Poling Module

Fig. 2.5: PSPNet: Pyramid Scene Parsing Network [14]
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Table 2.3: Detail of class labels

Model name Labels

background, aeroplane, bicycle, bird, boat, bottle, bus,
PSPNET_VOC || car, cat, chair, cow, dining table, dog, horse, motorcycle,

person, potted plant, sheep, sofa, train, TV monitor, void

road, sidewalk, building, wall, fence, pole, traffic light,
PSPNET_City || traffic sign, vegetation, terrain, sky, person, rider, car,

truck, bus, train, motorcycle, bicycle

(b) PSPNET_ City

Fig. 2.6: Difference of semantic maps between PSPNET VOC and PSP-
NET_ City

14



$3E FMERR

3.1 FHEAE

AREXY T =228V TEY YT+ v I3y TR2HAWD 2 & QBN % G
T5720, ANEUTDADOX1 FiIplrcEnsgnEzE 7. #HE L, =
XY T DAEAINZFED XY b T — 2 % Refnet, i~ v 7& RGB Hif% AT
RO 32w b7 —2 % Refnetlmg, i~y 7& VOC2012 7 —&X vy hTH¥H
FHAD PSPNet 63 oNdex T4 v oy T2 AR >Ry NI —2%
RefnetSem_ VOC, #iz~ v 7 & Cityscapes 7 — Xt v b THEEFEAD PSPNet
NooNdEY T4 v Iy T ANZFEEDOXR Y b7 —2 % RefnetSem_ City
EUBIERZ LT 5. WERNRERBHBIE~ Y 7L LTI, MC-CNN-fast
& MC-CNN-arct THEEINZE D2 TNETNHWS. §HliIcDWTIX, KITTI
RN FI—=2 2 VWTUER E WEROH ALY Y T2HIETHI LTS, TOA
PRI 72 BRI DWW CIE 3.4 Hi T R B,

e Refnet: i~y 7D A

e Refnetlmg: fiE£~ v 7 + RGB Hif

e RefnetSem_ VOC: i~y 7 + vV 741 v 223y 7 (PSPNet_VOCO)
e RefnetSem_ City: i~y 7 + x> 71 v 27~y 7 (PSPNet_ City)

15



3.2 RYMNI—VDFE
3.21 ZEBFT—FtEvhH

FEF—XEy M2 KITTI2012 [21] & KITTI2015 [22] % 220 H Wz,
INENDT =Ry MIEFEALTANHDT =X BPEENT VSN, HED

HEREENTVWADIZFEEHOATHS. 2T, Table 3.1 1230 ¢ & 5 12%H
ADTF—2%2%8Me T A MHIZHEL, 2y VT =2 D ET-57-.

i
v

3.3 %8

Fig. 3.1, 3.212 KITTI2012, KITTI2015 ¥ —X kv b TENZENFE L =KD
MRA2RT. ZEEHCIULELTNENZ IR, RETT 5720, FEF— 2K
TERHRELTFA T —XIZNTHEEEZUTIZRELTWS, £/, 5707y
NEREIE 100 257y T TH D, 100 ATy TOVEEENREMEE LT TR Y LT
Wb, 61T, ANMIOEWZE2EZRZ2DNDRTLTE20 15 ATy I THE)
SR E S TWA,

Table 3.1: Data number used for training and testing the network

Dataset Training images | Testing images

KITTI2012 || train/0~154 train/155~193
KITTI2015 || train/0~159 train/160~199

16



3.3.1 KITTI201257—%tvy NTOEEHER

KITTI2012 T —&X &y MZBWTIREXY NV =27 DEHENZ KT 5.
Fig. 3.1(a), 3.2(a) 2o fHHzE~ Y TOMEIZ X 57, RefnetSem City 23 H
BEVNSI LK BoTWBE I Wb nb. X517, Refnetlmg & H Refnet DKM
DI NWZ e HEUTCHTENS. DX, BEAY NV —2JDFHGE %M L
¥% LT RGB EHGZEHEHAND I LFANTERVD, XV T v Iy TR
FEHIEEEAY NI BT ZETEMIRD Z bz,

WIZRE A Y b7 — 27 OPNALEE I Z LIRS 5. Fig. 3.1(b), 3.2(b) 256, k&
& [FRRIZ RefnetSem  City M HHEEN DL Lo TS, X512, Refnetlmg
£ D Refnet DEERADILNZ & H AL TWE 20, PLEESIZH L TH RGB
WA EZEAND Z LIXAENTIERWD, BEry N7 =2 %89 2 & THIZME
L ZehBbhrb.

&Iz, Fig. 3.1, 3.2 128V T Refnet_ VOC & RefnetSem_ City % LK d 5
&, HIZ RefnetSem City D AP EENDLRNWZ ERRTHN S, D0, FHEE
TR PALREN 2 M X 2I1CEEY T4 v Iy TOBELEETH L Z b
M5,

17
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Fig. 3.1:  Loss during training model with the KITTI2012 dataset.
Initial disparity map: MC-CNN-fast
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Fig. 3.2: Loss during training model with the KITTI2012 dataset.
Initial disparity map: MC-CNN-arct
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Fig. 3.3:  Loss during training model with the KITTI2015 dataset.
Initial disparity map: MC-CNN-fast
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3.3.3 =X
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3.4 KITTIRYF<— TOLM
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JRFTHNZR 7 4 W R ) VI ThH B 70, KA DEGH THIGRDA FEL RV EEN
TS DOHABE AN TIER W EBHS 72D TH D, £z, #HET LHAM
AIFEEORKMEEFE U 227 EHE L 7.

3.4.1 KITTI2012 5—4%t v N TOLHEHER

KITTI2012 T— X%y hDH BT A MEGIZKN LT, EFULEZ b DOFiEEH
WTHAEY Y TOREERITR 72, AL B AT VA, HEOEME, v
T4 v <y 7% Fig. 3.5 1R L, dER EWEROG AT Y TLEZDILI—T
7, TI—R% Fig. 3.6 IZRT. WEHNZBWTIESGM & 7 1 VXML (A5«
TYTANR, HOYT 7 40R) LA, RefnetSem City 2MEN7-ER % H
LTWa, TNETNDOTI -3y T2HKETHE, TI—DHEINTVWELDIEE
IR DBEFANER T T = DA FELTWAIEITH 2 Z 2 b h b, WEHNIC
BWTSGM L 0ENTWZHEBE LTE, HWBE =RV U 72ERIZ AN —
ATHIEORBNLRLS —DRELZ TN, v rvT1rv o3y 7%
W2 Z T EFRFAIROMRAZBFATE 2D LEZLNS.

WIZ, 2T A MEBIZE U CHBEO Z L 2170, TOTT—ROVEHEFHFEL .
Z DfER % Table 3.2 (2”9, Table 3.2 25, FEHIZIE SGM IZ KA TWARWN
ZEeWbnsd., 12770, HLETU—ANET A INVZUHE UTIEIATIEIERT
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HY, FTH PSPNET_City THEI Nz Tav Iy TE2HVEZEDIX
BROWELENEH NI LN 5.
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(a) Left image (b) Right image

(c) Ground truth

(e) Semantic map: Cityscapes

Fig. 3.5: KITTI2012: Example of input data and ground truth

26



(a) Non refinement Error: 25.6 %

(b) SGM, Median filter, Gausian filter Error: 5.63 %

(c) Refnet Error: 7.33 %

(d) RefnetImg Error: 7.61 %

(e) RefnetSem__VOC Error: 6.51 %

(f) RefnetSem_ City Error: 5.22 %

Fig. 3.6: KITTI2012: Example of the evaluation result
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Table 3.2: Average error rate in the testing images of KITTI2012

Initial disparity map | Refinement method || Error [%)]
Non-refinement 17.2

Default” 3.60

MC-CNN_fast Refnet 5.07
RefnetImg 5.17

RefnetSem VOC 4.95

RefnetSem__City 4.57

Non-refinement 15.0

Default” 2.84

MC-CNN-arct Refnet 4.37
RefnetImg 4.46

RefnetSem VOC 4.26

RefnetSem__City 4.02

2SGM, Median filter, Gausian filter
bCross-based cost aggregation, SGM, Median filter, Gausian filter
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3.4.2 KITTI2015 F—4%t v h TCOFFMER

KITTI2015 T—X &y bOH BT A MEBHIZN LT, EFELE S DOFiEEH
WCHET Y TOREERITR -T2, AR BAT LV AEE, HEOHEME, x>
T4 v o<y 7% Fig. 3.5 2R L, Fig. 3.6 ODESNIZHER & WEROFE Y T
Z, FHZENTNDOLS —< v 7, TI7—KzRT. WEHNIZBWTIE, #idL 7=
KITTI2012 ¥ — & & v MEFKIZ Refnet City 23 iR KRB D WiER 725 T
W5. Fig. 3.8(c) & 3.8(f) ZLtikd % &, RefnetSem_City TIXHBEESIFRE D
DN T AT BIT BT T —MPMERINTNBE Z e hbhB. £z, Fig. 3.8(b)
& 38(f) 2T 5L, RIEDEREIRTHL2EBN T AMWHDLT T —H SGM & b
REBTETVWDZ 2D bn 5.

T A NEBEERIZHNT ST T —K%E Table 3.3 12R7. #HHE< Y 75 MC-
CNN-fast THEEEIZBWVWTIX, SGM EATF ATV T4V R, OV T V74
WRIZEDWERBRADT T —REZERTE 2, — AT, #IHRE~ Y 79 MC-
CNN-arct THBHEITBVWTIFAROBETFEE LR 2 ZeATETVRV. L
DUEAS, KITTI2012 F—X & v b TOFMERIZ, #ELrY b7 —212BW0
THRbHE~Y Y TWEICES DL PSPNET_City THEI Wz ~v YT 1 v 7
IV TTHEIEDMERTET-.
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(a) Left image (b) Right image

(c) Ground truth

(e) Semantic map: Cityscapes

Fig. 3.7: KITTI2015: Example of input data and ground truth
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= e e

(a) Non refinement Error: 20.0 %

(b) SGM, Median filter, Gausian filter Error: 3.00 %

i e SR el e

(c) Refnet Error: 3.87 %
(d) RefnetImg Error: 3.95 %

(e) RefnetSem_ VOC Error: 2.43 %

(f) RefnetSem__ City Error: 2.13 %

Fig. 3.8: KITTI2015: Example of the evaluation result



Table 3.3: Average error rate in the testing images of KITTI2015

Initial disparity map | Refinement method || Error [%)]
Non-refinement 16.6

Default” 4.25

MC-CNN_fast Refnet 4.74
RefnetImg 4.66

RefnetSem  VOC 4.26

RefnetSem__City 4.14

Non-refinement 14.3

Default” 3.06

MC-CNN-arct Refnet 3.94
RefnetImg 3.78

RefnetSem  VOC 3.65

RefnetSem__City 3.50

2SGM, Median filter, Gausian filter
bCross-based cost aggregation, SGM, Median filter, Gausian filter
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3.5 RITRIREERTHHE

ARG SEER CH W 72 T8RRI %2 Table 3.5 12T, £/, ZORFTEEICBITS
REFEOVIFETHM Z Table 3.4 (2R, B, ZNIREFEOETRRET
B, HESY TR VT v Iy TEDANT—REEKRT HHMIZEDH T
W, AEVICHIRDEH 5720, REFEETIE—DOHEST Y T2lEHT 5 R
1250 x 50 HZFRIZNE L CEFTTHIHLELD > 7-.

Table 3.4: Processing time

Method Time [s]
Refnet 52.4
RefnetImg 56.0

RefnetSem VOC 56.3
RefnetSem__ City 56.2

Table 3.5: Computer specification

OS Ubuntu 16.04 (64bit)

CPU Intel Core i7-6700HQ (2.6GHz x 8 Cores)
GPU NVIDIA GeForce GTX 1070 8GB
Memory || 16GB DDR4
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