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Unsurpervised monocular image depth estimation based on the
prediction of local plane parameters

Zhou Dake'”, Tian Jing', Yang Xin'
1. College of Automation Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211100, China;

2. Jiangsu Key Laboratory of Internet of Things and Control Technologies, Nanjing 211100, China

Abstract . Objective Scene depth information plays a vital role in many current research topics, such as 3D reconstruction,
obstacle detection, and visual navigation. Obtaining dense and accurate depth image information often requires expensive
equipment, resulting in high costs. The method of using color images for depth estimation does not require expensive equip-
ment and has a wider range of applications. Stereo matching is a traditional method used for estimating the depth with RGB
images. A large estimation error is found for weak texture regions because stereo maiching relies heavily on feature matec-
hing. With the wide application of convolutional neural networks in image processing, the depth estimation of monocular
images has been widely investigated. However, the monocular image is essentially a pathological problem because it lacks
depth clues related to motion and stereo. Many methods are currently used to estimate the depth of monocular image. With-

out the use of real depth data, the method of using binocular images for unsupervised learning uses image reconstruction as
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a supervised signal to train a depth estimation model. This task currently has achieved a large breakthrough although depth
estimation depends on the geometric features. How to effectively use the information in the shallow features of the image and
how to add geometric constraints to the prediction output while ensuring high convergence performance have been widely
investigated to improve the accuracy of depth estimation. In the commonly used multi-scale estimation, the sampling method
of bilinear interpolation has local differentiability, easily making the network fall into a local minimum and affecting the
training effect. A method based on local plane parameter prediction is proposed to address these problems. This method is
applied to multi-scale prediction by using a completely differentiable method with geometric constraints, thereby effectively
limiting the convergence of multi-scale depth map prediction in the same direction. Method This study presents an unsu-
pervised monocular depth estimation network based on local plane parameter prediction. The main structure is a coding-
decoding network and is mainly composed of three parts: a ResNet50-based coding network, a decoding network that intro-
duces a serial double attention mechanism in the skip layer connection, and multi-scale prediction using local plane param-
eter estimation module. During the training, the network estimates the depth of an image in stereo images, reconstructs
another view, and uses the real image of the other view as a supervision for training. Our training set includes 22 600 ima-
ges in the KITTI (Karlsruhe Institute of Technology and Toyota Technological Institute at Chicago) dataset. The model is
built on PyTorch framework, and the input image is 640 x 192 pixels for training. NVIDIA GTX 2080 equipment is used for
training, and the training involves 20 epochs. In the multi-scale prediction module, we convert the depth estimation prob-
lem into a local plane parameter estimation problem. The local plane parameter prediction module is used to replace upsam-
pling and depth map generation in multi-scale estimation. The depth map prediction of each scale is restored to the standard
scale in accordance with the local plane parameters. The standard scale depth map is obtained in accordance with a pinhole
camera model to avoid the local differentiability caused by bilinear interpolation, thereby effectively avoiding falling into the
local minimum value. A serial attention mechanism is introduced in the network layer hopping connection to obtain clear
edge contour information. Result We compared our model with multiple unsupervised and supervised methods on the KITTI
test dataset. Quantitative evaluation indicators include absolute relative error ( Abs Rel) , squared relative error (Sq Rel) ,
linear root mean square error (RMSE) , logarithmic root mean square error (RMSElog) , and threshold accuracy index 8.
The dense depth map results for each method are compared. The experimental results show that the proposed method per-
forms well in the depth estimation of various errors and accuracy indicators. In the comparative test, the error indicators are
relatively reduced by 10% to 20% , and the accuracy indicators are increased by 1% to 2% . The generated depth map has
a relatively clear outline and can separate the important depth values of pedestrians and vehicles from the complex back-
ground. It also has a certain robustness to the reflection area, thereby improving the quality of depth estimation. We con-
ducted a series of ablation experiments in the test set to clearly show the effectiveness of the proposed algorithm. Conclu-
sion In this study, we proposed a depth estimation method based on local plane parameter prediction. The proposed method
utilizes convolution feature information, avoids the local minimum during training, and adds geometric constraints to the
network to obtain excellent test indicators and visual effects.

Key words: unsupervised learning; monocular depth estimation; attention mechanism; local plane parameters prediction;

local differentiability
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AFIZAR R RN (R B
ny
d; = ‘zi = n, (u; —uy)/f. +n,(v, —vo)/f) +n,
(12)

R F S BG4 b x b XK, R
B4 SR AT LS 4 T OT EAA LB R A9 L
RAE LA SR BEAG T, 300K 221> RUBE A REAE 1 iy A
AL A BRI R VR R O (3 E A7 (5145 o 4
SIE
1.3 BEIGEEAWH

3 3 X B AR US| G ELA ARSI O
(&R IS 28 AT FH I TR B, BT LRI L | %5 ) A
SBEREN=WILINE it BIR A VS S T MR | ISR
W FR (Ye 55,2019) , TEBEZEH D MR 25
TESHZEIES I, EIF L as A 1T %2 U HRAE LA
FOR ) SURHIE , 25 TR ERRIE B e 25 R DL e 4R 2
(B A RRAE AR |, 5 AT T I LR 3R A 5 R TR
FERGTH U B OCHR BB R ARRAE 385 AE DG HREAE
MIALEE T DAAR SCHE P 265 p B — Bk 2 i e i A
T YRR ML, A2 [a] v 2 ) ML) RN 3 AL
il HR B AT

WK 4 Ftzn , D2 b 19 25 45 B (7R 2 45 1E A e
R DL K G i 45 45 2 1 B R FERRAE B e
R™W@ Horp | RRAE B, WO RRAE T Y BE
C1 Fl C2 MFHEE P EE R, e R R R 2t 25 ]
TERIHLH], 23 6] 7 2 AL BERs 52 i B R S
LG B Sy Jey BB R AE DA T 34 5 HLRR AE 26 B
(Peng 45,2017 ; Zhao %5 ,2017) . 23 [A] 13 2 J1 WL
AT 1R 5 i AREAE R [R] RN A ] 5 1)
LRI RS RLER 6 7% O 28 IO 12 G TR R AIE TR 838 4
AR SCER TN 25 [0 32 ) F 45 an 181 4 iR | B REAE
BlA 5B %t | x 1 B ESE 2 AH[FEEE C12
GHIEEL C1 B—2) &I, SR IR & RellU JG

RIZHFHEA  RIZHFEB
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FHIERIS
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Fig.4 Tandem dual attention mechanism
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PR 1 x 1 & UL R 4R 38 18 , Sigmoid 0I5 PRER,
LA SRR ERIAA R KN ACER S e R 5
TRIZHHIE A ST B oM 200 T 25 (R v 2 J1 L] b
PRI RRIE I A7 B2 38 4 10 1 2 RRAE 11 B3
T8 AT DA Ry T JUARTREAE B e 7, I LA S A B
SIBC 3 3 ) Y A 1 P 2 ) ) B S, A T —
AN A | AR b AL E 3 2 a] G A AR
WOCHR, H2S MR ML R P R et 23 A
HURIARZHFIE A e RO B 285 1 x 1 B
FE4R AR AE L C1 R &0, MOk St i KAk
ReLU T PRER 1 x 1 45 B8 18 W | Sigmoid ¥
PRI AR B3E T 7 [0 (AL E [n) & C e RV 5
RIZFHIE A AT S B 0T 45 21 5 = GRR R DR 1 R
TR, E RS S i g Z R Bk 2 e as
243 (BRI 3 2 oML o] DASRAS T 25 %) 2 6] AN 1
EE AT S QR Ry R L R S S p = & I e
B ARE, [ RTtRERS R R s IS TE A
1.4 WEKEH

TC WA H MG IR BE Al A BT Sk 2 2 n) it
SRR A LT B ) AT, 308 Ao IS o 0 265 B+ (TR D)
BT B RPN B B, SR DS TED rh i BCRT A B 14 TR
JE. 5 Zhou %5 N (2017) [ J7 ¥ AR, #4451 5% R 4L
L, 3558

Lya = iwa,i + L) (13)
] 4 AR & L I RS 2 Horp 1)
SR RN SRS R N el 61 L U TS 7 8 A S R =98
R RIA R %, 76 Zhou %5 A (2017 ) Ay KRS ||
YISl R il FH T A LRI B AR R RUE
A5 2 SR B 2 P 265 A DI 2, b RUBE P 461 2K 1%
W G R B TR 2 R I 28 S IR p R B B )1
B ORGEHR R 1 R,

x1 ZRERENERR
Table 1 Multiscale loss weights schedule

epoch w, w, W, w,
5 0.25 0.25 0.25 0.25
10 0.32 0.16 0.08 0.04
15 0.64 0.32 0.04 0.02
20 1 0 0 0

VERCHIR L) T A ) oL 1A 5 S ]
ZIBI 220G R L1 B S A S5 A AL ( structural
similarity , SSIM ) A% A RIS ZE DT g 457 2% pR %R, B

i o
L =%

1 i
NI, -1

[, I oG A T S B SCELL T, 6 A ]
MR E AT SRR IR R A N AR 3R AL,
o AR B, A S R A o M E N 0.85,
L1 33K T EUG AR RAH Z 0] 14 22 5 1, SSIM. Jz B &
BRI 55 SR P ) 485 # AR AR AR S Wang 55 A
(2004) & T EURZE R A RIE RIS, H T3k

(2 gy +¢) (204 +¢;)
(uy +py +c¢) (o) + 0y +¢y)

(15)

K, X, Y R — X 55 B SSIM 1 G ey, ey 53
B X, Y (G ERWE, oy, 0, 0 BIFREIR X, Y 1
bR oy, HIEMG X TN Y B9 25, ¢, Bl ey WHEL,
BEGLAEE R O IAERERRRE I H ¢, Al ¢, 23 I 2. 557
765,

UG LD T A R R R 5T
TR, T BRSNS X 3k H A A
AR, DU v R B0 D P ) o e 4 5 e R 2 T
(R - YRR, FH 00 o) D00 ] Ay P i v % R
JE R R IX 38, 45145 iR AN

(1 = SSIM(I',I)) +

(14)

SSIM(X,Y) =

; 1 ; - , -
=3 Jad e ella g i fe o]
X,y

(16)
Kb, d,, 2 ROEZAS TR R v 45 2 i TR R R
ST B E BB ER L, 0, K% R, x T 1) L
MBRBE, 0, oK%y J7 e B BE B, N AR
BB

2 KBWERSHT

2.1 XWiRE
2.1.1 Btk

{1 1 3728 3 45040 4 KITTI( Karlsruhe Institute
of Technology and Toyota Technological Institute at
Chicago) ( Geiger 55 ,2012) E A Zr B dE , LIE 58
A TAEBEAT UL, BT N 61 D 5HA
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BX®, B, %K/ SERHMFESHMNNEEE R BERGREMRT

R 42 382 X2 B 1E 1 XU H UGB . SRR Y
FUGR/INA 1242 x375 133K, N 17 fB7E 4 DRJE
PEAT PN R R A A K/ N 640 x 192 18
R, ESES R M Eigen 55 A (2014) f2 H1HY
Pror B SEN Jr  HH 697 Wi EUSAE A IR 4E | I
e 29 MRS, HRM 32 MR E
23 488 WA, (B H AT Y 22 600 i I AE il 25
B HAREBAE ISR A b R LS R
SO TR AR B 3 4k s 2N A E 1
Pl
2.1.2 IZRanTy

TEHEIUIZRF- 5 8 31k RTX 2080, #EAHE
{1 pytorch HEZRSZHL, i AEMZ K /NN 640 x 192 1%
R, K BEALK PRI 58 BE KON LU R R Rk S B
Pt , A Adam VENAUEPLALTEE B4R 2 2] 5
240000 1, H 22 RBEACHL R 98 5% R %K, 15 A
epoch J&5 2% > 45 /N R R R B 1710, 2891125 20 4
epoch , batch K/NA 10, 26 %% ResNet50 K H7E Im-
ageNet Tl Zrtf B
2.1.3  iFflidEdR

AR S A H R BE A TR T B PR FE AR,
T IR IR ZEHEBR (EB/ NG SR BT ) < P S AR 5 22
(absolute relative error, Abs Rel) - J5 #H X} 1= 22
(squared relative error, Sq Rel) 2k 1 ¥4 7 #i i 2%
(linear root mean square error, RMSE) X 55 75 #2
1% 22 (logarithmic root mean square error, RMSElog) ,

A B BE HER A b ((FBOR SR ) 8

2.2 LIRHER
2.2.1 JHRLSLL

fdfi I U-Net g S0 45, 76 Bk )2 72 42 vh s in 5
WK = I HLH, R AE 2 ROBEAf i rp il T )R
TP ISR, AT i DR I R TR
A HB XTSI AE A R 43 00 2 R R B AL
TR Ry P TR 2 5 T A e, K A5 3 %) I A B 4
RMATIRE, 03k 2 s, Hid ) KRR F 0240
TR f5 | 75 22 RUBE T Hh i) R B2 11 465 51 Sy el R
FREAFIRBE R PR R FH 7L S 5 B e A
MY LLEL, i a B ELSE AL IR R R A 22 5 65 R ]
AR RCBE AT HL A, 7 b A 100 75 21 %) AN ] %
FEP b oRAE B m o RS S i A7 RIS i e, 15 B bR
RO RHTLE -5 Bl B s, AR 2 2 2551 w]
A5 3 B AL A 0 R T T 2 ER i AR B
Yo ke —E kRt It
2.2.2  XJEhERL

ARSCAE ] Eigen %5 A (2014) 32 H B BE £ 74>
J7 % K KITTI $5cds 42 o 8 3k iy 8 1 152
BaE, PR IOR VA B T R PR RR , BRI R LR T
SCIZE SR AR 25 1 5 B LA Rt ik
HEAT T8 1 5 8 TR R B (45 6T AR Y 25 SR B
oK A T H R I8 ST, J A S R H T 80 m Y
G50 3 WO T IR B A THPE O 8 br A A
A Bl s O e SR TTE i U S E HERS /N
JFE B AR W B 2 2T, LA R ol R WL B 85080 sy
SR BN R 5 o o T A [ s

F2 FEKITTIHIBEE LEMIELER

Table 2 Results of ablation study on the KITTI dataset

] Abs Rel  Sq Rel RMSE  RMSElog  8<1.25 5<1.25° 5<1.25°
o R EAH 80 m
AL 0. 104 0. 820 4.785 0. 200 0. 874 0.953 0.978
N e waLiINil 0.108 0. 856 4.852 0. 205 0. 865 0.950 0.976
ERU S A SRl 0. 140 1. 340 5.816 0.242 0.813 0.930 0. 967
LB R S b 0. 120 1.117 5. 206 0. 207 0. 866 0. 949 0.975
B R EAE 50 m
AL 0. 098 0. 606 3.626 0.189 0. 886 0. 958 0.979
LRSI 0.104 0.762 3.789 0.193 0. 883 0.953 0.977
LR RSB a 0.135 0. 965 4. 460 0.222 0. 820 0.935 0.970
LB RET ST b 0. 109 0. 889 3.832 0. 196 0. 879 0. 955 0.978

T L P SRR S B R A2 2R
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F3 FEKITTI $IEE FEREEE
Table 3 Results on the KITTI set

) ERWE  Abs Rel  Sq Rel RMSE  RMSElog 8<1.25 §<1.25° §<1.25°
ke IR :80 m
Eigen %5 A (2014) B 0.203 1.548 6. 307 0.282 0. 702 0. 890 0.958
Liu %5 A (2015) Pt 0.201 1.584 6.471 0.273 0. 680 0. 898 0. 958
Zhou % A (2017) b 0.208 1.768 6. 856 0.283 0.678 0. 885 0. 957
Garg %5 A.(2016) S 0.152 1.226 5. 849 0. 246 0.784 0.921 0.967
Godard %5 A\ (2017) i 0. 148 1.344 5.927 0. 247 0. 803 0.922 0. 964
Zhan %5 A (2018) % 0.135 1.132 5.585 0.229 0. 820 0.933 0.971
GeoNet( Yin 1 Shi,2018) 7 0.155 1.296 5.857 0.233 0.793 0.931 0.973
DDVO( Wang %,2018) % 0.151 1.257 5.583 0.228 0. 810 0.936 0.974
Ranjan 25 A (2019) B 0.148 1. 149 5. 464 0.226 0. 815 0.935 0.973
3Net( Poggi %,2018b) S 0.119 1.201 5. 888 0. 208 0. 844 0. 941 0.978
AsiANet( Yusiong il Naval ,2019) & 0. 145 1.349 5.909 0. 230 0. 824 0. 936 0. 970
AL E 0. 104 0. 820 4.785 0. 200 0. 874 0.953 0.978
B RRBEAH 50 m
Zhou % A (2017) i 0. 201 1.391 5.181 0. 264 0. 696 0. 900 0. 966
Garg 25 A.(2016) % 0. 169 1. 080 5.104 0.273 0. 740 0. 904 0. 962
Godard % A (2017) B 0. 140 0.976 4.471 0.232 0.818 0.931 0. 969
Zhan % A (2018) R 0.128 0. 815 4.204 0.216 0. 835 0.941 0.975
GeoNet( Yin F/1 Shi,2018) % 0. 147 0. 936 4,348 0.218 0. 810 0. 941 0.977
AsiANet( Yusiong fil Naval ,2019) FR 0.122 0. 786 4.014 0. 198 0. 864 0.953 0.978
A 7 0. 098 0. 606 3.626 0.189 0. 886 0. 958 0.979

I IR F R 5 e 45 8, DDVO 2 differentiable implementation of direct visual odometry

UL R BISRIETERE 32 3 o B D R B RIR L i
h 80 m AT L FINAF R YR bR, T 252 Ak
RRGE BN 50 m 284S T7 15 TN AS 2 5 4545
AR AR SSRGS BT, AR S ER 2245 Fn Al
HERR AR b X0 T A JC A 7 vk DA B oA M
Bk, ST A SRR R AR RE . IR TR IR
JE AT IRDREAL AL 0 Jr i F- T 2 R T T AT L K
PEREA DR

F T IR A LS i O T R AT Y
ZREBOY B RGP P, 5 B0 R TR B 2
AEHHRBR A, B LA 2 A58 bR Bk 3Rk 1k
REAT— i icdls . &1 5 Dyl odls 5 s LR EA AR
FAE R I G A TR 553 A5 3 A9 TR EE PRI 45 2R
I PG A5 2% Fh 2 TR A9 2240, A R 2 28 AT N

DI FERFFAE S W IR i) B SR B AR TR A
THR R AR LA T T 5% o5 A SR S A My, T DA
TR [ HR A8 AR 11 300 2 AR BT 0 8 R A TR B A
IR EE S, FER S 58 1 IREIA T M
MIAT N, 56 2 Wl v () AR 4 (i FH AR SO 745 31
T HEINANECIFS L, M7E Ranjan 55 A (2019) B9 5 15
oL IA R, 78 A 7 i rh i BT, T
TR AR R & 2%, W S R 3 i R 2 2% 3
RIS AT EMA R BT ENIRERE
T S Ay M B 2 ok . AR SO IR RR IR A AT

(BSOS B0 5 i b DA 2% L %) 3 % v 40 B ok
Godard %5 A\ (2017) F ik ik A 17 AR 4 4
3k, DDVO( Wang 25,2018 ) 254540 1= 15 5 14 38 i 5]
AR, 5 B AT EA R EEAG THA TR
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BAXA, BE, BR/ &6

BEFFEESHINN LS E R BEGREMAT

(a) JRA (b) Godard

45\ (2017)

(¢) Zhou
45 N(2017)

(d) DDVO

(e) GeoNet

(f) Zhan
45 \(2018)

(g) Ranjan (i) A3

42\ (2019)

(h) 3Net

K5 AR LR
Fig.5 Comparison of experimental results on test set
((a)input image; (b) Godard et al. (2017) ; (¢)Zhou et al. (2017) ; (d) DDVO; (e) GeoNet; () Zhan et al. (2018) ;
(g)Ranjan et al. (2019) ; (h)3Net; (i) ours)

JEFEIAR EE , AR SRk mT ARAT 10 45 S T AR A TR EE T
[ AT LB ooy A7 N S5 B PR A Ay i rp 4
Bk
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SR , A 22 RO T 08 P SR 901 T A s A 7
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(b) Godard%# A\ (2019)
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Fig. 6  Comparison of reflection area results

((a)input image; (b) Godard et al. (2019) ; (¢ ) ours)
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