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Proposal of unsupervised monocular deptﬁkestimation using multi-task learning by
mutual conversion of depth and depth gradient.
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3.1 Multi-task learning

Multi-task learning & 3BEMEICBT 2 €T LD
WEBFEO—ETHE. 2y bV —r%—EHEL
ZH N3y P —ZIZBWTER O X 2 2 % [[FFHZ
fBEPEZZ2ICE D AR IEOHBRI T FHXE5.
X D ETAOIULIERECHEEREN S E D, 5
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1 Two-Streamed network

4.1 Two-Streamed network

Two-Streamed network:Two-Net[6] ¥ |Z 7% & &) it @
Multiple-input %G/ L7 H b HARGEEREHEE £
THATHS. ETVERKLIIRT. ETLDORy bT—
ZERELZOB D, FEEHEET % DepthStream (X
1) 2 EELEZH#E T % Gradient Stream (X1 T)
oY ehd, WETHELZIE#R%E Multiple-input &
LT CNN 7'rvy Z7il5 23 Z & CREAINRIEE T
ET 5. ETNVEIEEOHERE LM LI BHEREIR
ZEMEHRE UGERT 2 Z 2 DBMEER L2,
MSM2[9] Dy bV =2 % ZONEAL TWEDET
NP AL ZHBKEL, BHEEOERWE R 7 2 8B ->Tw»
2ICH b o THERI LG T 2 BEIHEAAENT
W7z, Two-Net % Multi-task learning {ZXIGX ¥ %
Z e CHHERE MG T 5 L RARFICE T LY A4 X EHIR
L, #fie LEEAWEEIEBE e T hmERETIL
TR RBRETNVORKEML T 5.
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4.2 SfM Learner
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(a) Single-view depth network (b) Pose/explainability network

3 Depth CNN & Pose CNN[4]

LLTBY, ZL oML LHREEHEE T LDIT
ERHoTW2., ETLVOMEEK 2 TR, AXFD
PERR 2 R T H COALE & TR %2 eI U CIH s R 2 1T
W, BERZI%E RS Source image 7 HER DA R
/RS Target image 218709 % Z e THEERITS. RE
HOMEBEOHRIIFRNICE A 6NT, BEMEMELRIEN
BEROIBEGFTREICE > TOARE 27120, BAN
12, loss DFAIHNHEL THRELIHEEOH T LTE
AbNB. 3y N7 ONEMEEZN 3 ITRT. T
JIRE D H 1% M85 L7z Depth CNN ¥ H )7 i# D
SEZFHE L7z Pose CNN D DD % v b7 — 2 %F55,
Encoder-decoder 2 Skip Connection A& HE % Z
CCHIRNICREEOMB L IEAZITo T3, ERE
7 LTI Encoder 7 HFEEAMHEERZ DX ¢35 2
¥ T Multi-task learning 2R3 L, RE & REANCICHE
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T, x i y #NCBE 3 2 ERE AR S NICERE Z FRRIC
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Common Decoder % F\>, Multi-task learning 12 & % 3t
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F—Xe LTIERT 2 22T, REHEH Y RE AT
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METHOD | abs diff [ abs rel | sqrel |

rms ‘ log rms ‘ o< 1.25 ‘ c<125 o< 1.25°

Origin | 7.9971 | 0.4747 | 5.2703 | 12.5536 | 0.6165 0.2826 0.5212 0.7243
Our | 9.3106 | 0.6266 | 8.0841 | 13.6031 | 0.7338 0.2249 0.4392 0.6212
®1 —WRRAFH@EBEEIC K 25
METHOD | recon. loss | smooth. loss | mask loss -
[ METHOD | | | 63 =mEE
Origin 0.1518 0.0433 0.0815 i B
Our 0.1398 0.0206 0.2631 train data @ Batch ¥4 X% 4 IZE&EL, ¥E LA

+& 2 SfM Learner TIRE I N 7: loss IC & B 5Ff

WHATE 27—ty FOFEENKNIRECAELTWS
MTEN T\, SIM Learner[4] & [ L7354, 1R
EFMGE D PHNBREELEBETE 2 Z 2 IFX
N, EHHEHT 2T &ty ORBEHIRTZ 2AHE
Wb 5.

6 RE&

AREBFTIIREE T NO¥E B L CREFH 21T,
RBEETNVOEHABEMRIET 2 2 258 —HIEL 5.
Zhou 5@ SfM Learner[4] % ¥ O LB R SE 12 3% E
L, EEFATIREEIN loss & —M&M 2 3 E %
HOWTEHIiZ/TS. 728, RS RWEE, AT
5ETIAOFMEIA Y O F L DETMCHERNT 5.

6.1 F—2tvh

KITTI 7 —%t v b [?] {& KITTI Vision Benchmark
Suite DRBT 2B T -2ty b THB. Bix
MRe L, HTELEMIEENL 7400 4D ELO¥E
A& ol Eh T, NEYIZIZA T LA EIR
% RGB-D #jE§72 5 N2 7 L e Mt L7z Bounding
box R ENETEN, AEBRTIEXZDH>H X714+ RGB
FiE{§2 AT LTHWTWS., EBROM G-,
Zhou & [4] % SfM Learner 28 Z#H L 7= raw 57—
2D5H 2011 4 9 H 26 HIckE I hizT —2720%
fEA L, augmentation I3RMEHE L7z, train 7— X,
validation 7— %, test 7 —XDZNZHNDONFUILLT
ER5.

« train: 16972
« valid: 7194 #&
« test: 3048

6.2 Loss

Li 5® TwoNet[6] DEHESEIZ, REET VDY
BHOBIZIIREED SIM Learner THW ST W= loss
WEBMLTUToREE X 5. 7272, NIk sl
B, G, 3HEEFRENR, VDI x 8B 3 2 £ RE
AR RL, o MERICEREZRETE ZNA=1F
X—=RrT5. Fiz, ¢(x)IXL1 /s (Wx2+10-4) %
F£LTW3.

N
@ Y [$(VDP — GX) x ¢(V,DP — G)]
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» & 50epoch 23%%i# L 7= HE i T OKEE % 714 3 .
Optimizer IZfff L7z Adam DA »R—8F5 X — X —%
3 6.3 IZ7”:°F. Reconstruction loss, Smoothness loss,
Mask loss D NA »R—2%F X — X 12X #2480 1,0.1,0.2
AL ARRE AR OERICIZ K7 Edge filter
([-1,0,1],[-1,01]) ZHVwTW3,

[ Ir | momentum | beta | weight decay |
[2x107*] 09  [0.999 | 0 |

R3 Adam DN\ IS—INS A —H—

6.4 FEEFHEICHEER L7

6.4.1 —REVAFHEmBIEL

FEERCHEA U FMRI% %2 LT IC/R S . thresholded
accuracy FEED EWVIF E BT Ll & B T B
BThh, HEFREOEEELHNEORE LTS 3.
Z DD FHTERIBUIMEAME T LB » Ml X 351
iR TH 3.

- thresholded accuracy: o < 1.25,0 < 1.25%,0 < 1.25°
« mean absolute error: MAE

« squared absolute error: abs. rel

« squared relative error: sqr. rel

« root mean squared error: RMS(lin)

« root mean squared error log,o: RMS(log)

6.4.2 SfM Learner TIZE I 17: loss

Zhou &% SfM Learner D12RICH 7= H LT D 3 FEH
D loss 7= I123%ET L=, recon. loss (MM FEA% Rk X
A7 OFEE %R T loss TH D, AREBR Y Targetimage
¥ DF% absolute error 2 X - T3 3. smooh. loss iZ
G OEHZEATICT 3 2 HIETH 5. BRI
EHEE 7 AVELOEREOEIRERF LT 4 —L L
THEZTW3. %D mask loss [ ZEEERICHT L TD
masking S DL X %R L, PoseNet 23 H O EHEED
BRICH T U 7= AR REEZ JTICE H 2 15, mask loss
DR/NEZETIVEH T OHEE IS 2 SN % Mgk
LTW3.

« reconstruction loss: recon. loss
« smoothness loss: smooth. loss
» mask loss

6.5 BREER

#£ 51 ¥E 51 KEBRREREEL® 5. thresholded
accuracy MAOBIBUIEMBRNIZEEHF TH S Z i
FEE L7V, Origin A% SIM Learner ZHERFIEZE W
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THEHLUIAER, Our BFA -5 DIREBE TNV OMERER
I R EHEREENC X BB T, 2@ TOgRE
WBWTHERFIRICS 2HER v #2572, LT Zhou &
[4] DIRE L7 loss 1T & ZAEELFHECLE, HEEEMKD
KSR %R T recon. loss ICBWTHERTER LE 55
o=, oD loss 1T L TldtkED R oz
o7z, RIS R HEIB O i % 7”3 mask loss I2BH L
TRERENAZ SN, BEWEKIH L TETAE
BUZRIGELTWB Z e AlNS. £, BEEFEHEK
BIREDOFEE % /RS recon. loss IHEEEE ZRIIEL LT
HEMNTbN 272D, e ToOTMBEBIEMNENRS
NN CTEREZ R L FHIIERICKT 3.
AU, recon. loss DEMEICfEDN 2 HOAIE DOHEEFEE
PUE SN Z T, FEHDEICHE S 2 AR T
ERETADEAL Z XA REMEDSE V. FEHEE
OREEIREIN L2 > T-HEAZEREZ NS, UL
D% SfM Learner @ loss ¥ L TEE XL TV % smooth.
loss & RENEHEDHS LR, BVLoyEIcHE
WEBREZAEETH S, b5 —01F, BENED
Multi-task learning #%H O EHEE & X 7 ICREL S L
ToAER . VREEHERE 7 B8 L T Pose Net ICHE/EHAZS
ZACLEoA[REMETH 5. Hlilize U BIREEHEE 1R
HYIZ Multi-task learning Z 43 ANEL TW5 DT, ¥
fide P LR L THRDIRZ 2 X 227 DBUCHIR2 H
b iEEmoT 5.
7 SBROEBE

AT, FREHEE S MVIEBINERY 5252
DEMEICER L, REABHETE & Multi-task learning
EHlAGOE - BIRAEN R LEEETAERRE L. E
BROMER, REAEHTE R 2 7 PHOMBEH#TE R Z 712
RELINATLEY, REHEORBELZHNET 2 1ICEE
Lol KHE, BEETIVEHOEHEEMEANR
FTE&2A[REED RB XN, ZERIEIRZER D T MICHE
ERARERE 5 2% 2t DA REN. SBROE
L LT, HEALHEME% smooth. loss DR L
THWEIBEORE2ELID - LT, BEREFLDIGH
S ET Lzw.
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Eif3
HEH X D Buly7z ZHEE 2 THW B0 2 & @Y 72

HBIE & MH R BELE % B0 72 Lilz SRt o Jakub
Kolodziejczyk X, PUgf ARE RO IR < L
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