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Monocular depth estimation algorithm based on multi-scale feature fusion
ZHOU Xiaoji

(School of Information Science and Engineering, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract: In the current Monocular depth estimation algorithms, stacked convolutional layers and excessive downsampling operations
lead to the loss of feature map resolution and high-level information, affecting the overall accuracy of the depth map. To address this
issue, this paper proposes a monocular depth estimation model based on multi—scale feature fusion. The model adopts a progressive
encoder—decoder structure to extract information of different scales from shallow to deep levels. Moreover, the features of different
resolutions at different levels are connected to form a multi—scale feature fusion structure. The encoder is inspired by the design of
Transformer, which has a global receptive field during encoding, while avoiding downsampling operations to reduce the loss of feature
map resolution and high-level information. The decoder incorporates U-shaped residual blocks to better fuse multi—scale features
within different stages. Our method was tested on the KITTI and NYU Depth V2 datasets, and the experimental results showed that it
exhibited competitive performance on both datasets.
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Fig. 4 U-shaped residual blocks structure

1.2 BKEH

PO £ I LRl ] T RUBE S 728 485 2K pR A ( Scale —
invariant loss, L) 315 FUi Y I 2 &1 A0 EL(E R i
Pl Z ] 220, ROBEAN AR 401 % pR B0 & RUBEAN 28 4
% (Scale—invariant data, L, ), 2 B DR B 45
4% (Scale—invariant loss, L) A P IRk
(Robust ordinal depth loss, L), k=0 U0F .

L; =L,,, +/\Lgrad +yL,.q (6)
ACHBBEA =0.2,y =0. 1,
1) REEAZ R

BE8E L, 0 L7 53301 LA TR Vel M A

UG i HOME S B AR RO 18 A I
R, =logl, - IOgL; , .

1 n 1 n
Ldma:;;(Rl)z_nT(;Ri)z (7)

REAASUCIT A U 115926 5300
ST S5 T 4R A P
e
2) % R BEVCREBEE
5 R DI 3L R PO 4
KB BOB I BOW R, AR T
Ly =% S VR + VR (8)

T

Forr, R A B R BE PR 000 VR B TR R R
FIRUEE fe XoF IO PR R 508 BE (LA 22

3) BHEA P AERERR

BRI —ER (0, ) BEK ) s
T XA (Ford ) A175 5% X35 ( Bord ) , P, = -r* (L, -
L), Hr J&i #j ZE AR EORE R &R, W
RER B i N = 1, /2, = -1, ¢ H—
ANEEEE  DMREEL,, B ESEE, L, RECEI T %
AR KON T G 22 57 kT

log(1 + exp(P;)), ifP, < 7

_{log(l +€‘Xp(\/P7>) +e, itP; >71 )

Hor, ¢ IRFFL,, pRECE SV — A E H
B AR 7 =0.25,

A AL R B AL SRR T Y
AR L ] Fsf O Xof Mg P R S 1 ) - 1

2 ZXBERSLMW

2.1 BUREMLESHIEE

SRS YN R el FH I BE 46  Inria Pose 3d i
4E Pose Track EiHa4EF NYU-Depth V2 $faE, A
SCH IR A 50% 08 ] T Il 2R 4, 20% FHT3F
Al ,30% FH T, FFXF MR L 50% 1Y LR AT R L
IKV-BEE 20% B JLR AT BEDLIER: (B KA BE(E N
10°) LA 30% i JLRFEHLEL 55 oy 384 %384 K/, 2
e BT AL 3 1 Ak

fifi 1 Pytorch W FE 27 > HEJR R SR AY i {2
5L A Intel Core i5-6600 4bHEZE  RTX3060 & F,
WAEHR 12 G, EAIEH AdamW AL, T2
2R E A 0. 000 05, fffih 2% 2] R UL E A 0. 004,
it 7% K FHAE ImageNet | Wl 2k (AR S 50017
WG AL, fRs & S B T LRI G Ak, B A HE IR



38 BO6e

2N A | = T A ¢

14 %

KNBE g 8, EAEBE S 60, HEIH—1L I3
IR M 0.9, Leaky ReLU 1 o %8 4 0. 01,
2.2 FHMERR

AR SCR AR R 22 BT kiR 22 P24 logl0 1%
& MEEYTITRR2E KEHEESE 5 R WA H AT
FEPEN AR R PP AE B RIERE . B V O TR EE B
HEER A, T HEAAREENBERERAE, 4
Ff, 3 5 2 LS TR FE U000 R B Rl vh 2 & MR
FERIREE, T FORIEPR R PRy, |
FORTEPR BN AIVEREBES  IXSEdE bR AT
PLARFRINT

1) #H%Fi% 25 ( Absolute Relative Error, AbsRel) |

AT 158 22 380 i s SRy IR 5 5 LS TR B 2 [
ZEAERY LR L B SR AR 1 2 L, T A 1
IR AR LS TR P ([ Y 22 5

1 ‘fl —d, ‘
AbsRel = il Y T
2) ¥J MR 12 2 (Root Mean Square Error,

RMSE) |

77 AR R 28 2 TR 5 B 2 ) 22 S O~ 07
FHERF- A AT AR -

1 2
RMSE = /NZ (f, -d,)

3) -1 1ogl0 %2 (Mean logl0 Error) |
-1 Tog 10 15 25 387 TR0 TR B2 A1 HL SIE VR B2 22 [
RN B2 1) 2 R ) P S494

1 &
logl0 = NZ I'lgf; = lgd, |l
i=1

4) X EC¥ J7 M 1R 22 (logarithmic Root Mean
Square Error, RMSElog) |
Xof 54 7 R 15 22 T e 0 TN R N L SR R Y
XSEOARZE VAT T PRI RIT 5484 R i P 2
[ F) 22 55 ¢

(10)

(11)

(12)

1
RMSElog=JTZ | logf, - logd, || * (13)

jer
5)FEHE (8) 1

R RE FH T8 A T R 2 (B LS TR P = T
(I FR BE | B8 V5% L A7 B 1 % B (LU A AE 1. 25"
(k=1,2,3) PERFE AN BIRERER AT

5 N 0 HCAB RIS o 2
5=max(fi dl) (14)

d; " f,

’
i

2.3 EUMEEHTLILER

1) & = Hr

AR 5 AR R R R EA RN A
BEAE KITTI 0884 F NYU-Depth V2 30884 b 4T
ERNT T, 78 KITTL B8 4 b B 1500 A 7 i
YU B E ER 0~ 80 m, Xof T LA T4 B TRl R 19 0 R ]
HRT 80 m MR i, B & 80 m; 7E NYUv2
depth ZHEAE I K 0 A9 TR BEYE 5 B 0~ 10 m,
8 < 1.25.6 <1.25%,6 <1.25 ZE48FrEBUE B K Fin
FERIPEREMYS | AbsRel RMSE RMSElog, logl0 %
FEPRBUE R/ s 5 R R R R AT

A B AdBins . ACAN \MAPUnet , Liu %%
PAE KITTI P8 A2 H NYU-Depth V2 $5384E | 7E4T
XF H S M SR A R L 1 M 2, fEE 1 Iy
BT AR SCEEAES > 1.257 6 > 1.25° AbsRel
Hl RMSElog S48 FR L3S T Febf rcr , HoAl4g
FrtUB L TEIH ) ACAN DAV MAPUnet % K54
i, SEAR T AdaBins FEASHRE . 7E 3R 2 FT A
R A T AR SCHEAE S > 1.25°.8 > 1.25° il
RMSE 554845 - ¥HUS T 5 302R . LPF  AdBins
RSO AR PR TR EEN W BUE, fER P L =
AR TR bR LRSS R DORAR s, R
1 FIER 2 AT AR SCREAEAR R POR FE Al U
TR RITERE

1 KITTI #iE&E FRITFMER
Table 1 Evaluation results on the KITTI dataset

Bk 8§ <125 5<1.25% 6<1.25 AbsRel RMSE RMSE log
VNL 0.938 0. 990 0.998 0.072 3.258 0.117
LPFL 0.715 0. 900 - 0.203 6.561 -
DenseDepth*’ 0. 886 0.965 0.986 0.093 2.727 0.120
BTSL”! 0.956 0.993 0.998 0. 060 2.798 0. 096
Wang et al. ' 0. 893 0.963 0.983 0.996 4.327 0.171
Liu et al. '] 0.942 0.986 0.992 0.070 2.912 0.121
MAPUnet! "] 0.955 0.992 0.999 0. 061 2.741 0. 096
ACANI! 0.919 0.982 0.995 0.083 3.599 0.127
AdBins!' % 0.964 0.995 0.999 - - 0.088
A 0.958 0.997 0.999 0. 060 2.735 0. 086
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%2 NYU-Depth V2 #iE& FRITTMER
Table 2 Evaluation results on the NYU-Depth V2 dataset

Bk 8§<1.25 5<1.25% 6<1.25 AbsRel RMSE logl0
VNL 0. 875 0.976 0.994 0.111 0.416 0.048
DenseDepth 0. 895 0.980 0.996 0.103 0. 390 0.043
BTS 0. 885 0.978 0.994 0.110 0.392 0. 047
Godard et al. 0.871 0.975 0.993 0.115 0.519 0.049
Lin et al. [ 0. 866 0.975 0.993 0.115 0.523 0. 050
Liu et al. 0.872 0.975 0.993 0.115 0.523 0. 049
ACED!™! 0. 870 0.974 0.993 0.115 0.528 0. 049
ACAN 0. 826 0. 964 0.990 0.138 0. 496 -
MAPUnet 0. 888 0.979 0.997 0.109 0.393 0. 040
DAV 0.882 0.980 0.996 0. 108 0. 412 -
AdaBins 0.903 0.984 0.997 - - 0. 044
ES'S 0.892 0.987 0.998 0. 107 0.389 0. 042
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Fig. 5 Visual comparison of this paper with various baseline algorithms
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Table 3 Quantitative results of the ablation experiments

Bk 8§>125 5>1.25% 6>1.25 AbsRel RMSE RMSE log
w/oTran 0. 853 0.954 0.982 0.115 0. 407 0.053
w/oRSU 0. 889 0.980 0.994 0.112 0.394 0.053

A3 0. 892 0.980 0.998 0.107 0. 389 0. 042
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