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Monocular depth estimation based on lightweight fusion loss network
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[ Abstract] For supervised monocular depth estimation models, there are some problems such as large number of encoder model
parameters and high computational complexity. This paper presents a monocular depth estimation model based on lightweight fusion
loss network. The model is designed based on encoder - decoder architecture. The encoder adopts the EfficientNet and the decoder
follows a SU-Net structural model combining the dual channel spatial attention mechanism. Finally, the ResNet50 loss network is
constructed based on the model at the output end of the decoder, punishing the differences in the edges, textures and outline of
objects to make up for the lack of expression ability of the feature information in the encoding—decoding stage. The experiments are
conducted on NYU-Depth V2 dataset. The test results show that the root mean square error (RMSE) of depth estimation of this
model is 0.419, which is better than the baseline model.
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Fig. 1 Model structure based on lightweight fusion loss network



2510 1

JATHR, 5 ZETRE ARG HUR AR B H R AT 129

2.1 ZREDERLEM
TEREABAR B G LT | 3045 5 vy 9 HE R
BRI H 2 R IR TR TR L) K oy PR
WA 2 P 45 A8 T DU A R H by L
AR (RR AT 2T sh R S8, ARV RB AR
BAYPERE R %, EfficientNet J2—Fh 454 fl
MG R AN Z ARG B, 17
EfficientNet—B0 % 52k [ 8% IR BE | 58 B LA K 43 B
BAFHAAR . (1)
d=a",a=1
w=p".B82=1 (1)
r=y"y=1
Hrb, o By JHE IR EE 56 B3 B
IO oo N G ) €y P s B SET A S i
H BRI AL T 55 G bt 2% KR 23 % ResNet 1
HARAE B HUAS , 30 kAN A0 0 24 P TR B L AR T g
FRPRGRE . (EFEA P28 I BB A4S+ JE R, 5
BRI, PRt NSEBRIS B A BE 255 25 I SRR
FARANGG F i AR S EfficientNet—B2 H1 332 H
TERS 2 2] TN I SRS A | B e VR B S0 1 e ]
TISE SIS, BI7 LA HE SR SRR HE R K 25 TR AL
2.2 fREIREEM
fiff D e 30 3 G B g L )RR AR PR AT EORAE
JFAEZS I 48 FE TR & R AE WS, A= B i AR AR
[ AR L K], A5 i bt e >R FH A AR S AR (BN U -
Net ZE RS TR B2 P, A SCAE T — Tl 4 7 110 it 1) 2
ZEF) SU - Net ( Selective Feature Fusion —based U —
Net) , & B A0 & PR Rl G A H ( Selective Feature
Fusion, SFF) , #H4f SFF #5ke 2 [a] 38 1o Bk iR 3242 42 F1 XL
AN F SRR B0 R Horb 1x1 B2
el ALY 38 1 2 sk D | 5 G A 8 % 7 1) Ok BR 3%
Pk BRI RIELE R EAHSE, NG & A E 2
Fl—A~ Sigmoid PREFFFI TR
3x3 Cony 3x3 Conv

BN BN 3%3 Cony
ReLU ReLU Sigmoid

Global

Local
Feature

B2 REFEREER

Fig. 2 Feature selection and fusion module
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Tab. 1 Residual perceived loss network structural parameters

HBRZ SR E
Convolution 7x7 Conv, Stride 2
Pooling 3x3 max pool, Stride 2
1x1 Conv, 64
Resblock (1) 3x3 Conv, 64 } x3
1x1 Conv, 256
I1x1 Conv, 128
Resblock (2) 3x3 Conv, 128} x4
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Tab. 2 Test parameters

SR ZHBLE
Batch size 8
Optimizer Adam
Optimizer momentum (B, = 0.9, B, =0.999)
epoch 30
learning rate strategy OneCycleLR
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Tab. 3 Error comparison of different modules

BR2E iRTTEES

Rl

Rel RMSE log §<125 6 < 125 6 <125
BELD 0.128  0.436  0.054 0.845 0.975 0.995
il 2  0.125 0.420 0.052 0.853 0.977 0.995
BRI 0.125  0.430  0.053 0.851 0.975 0.995
KiFl4  0.124 0424  0.053 0.853 0.976 0.995
RIS 0.120  0.419  0.051 0.860 0.978 0.996
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Fig. 3 Depth results of proposed model
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Tab. 4 Comparison of test results on NYU Depth v2 dataset
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SCHk[2] 0.213  0.759  0.087 0.650 0.906 0.976
CHk[3] 0.127  0.573  0.055 0.811 0.953 0.988
SCER[S] 0.141 0.528  0.060 0.815 0.951 0.985
XHK[6] 0.160 0.604 - 0.771 0.946  0.986
CHR.[9] 0.158  0.641 - 0.769  0.950  0.988
SCHk.[14] 0.115  0.509  0.051 0.828 0.965 0.992
ARCHEHS 0.139  0.474  0.057 0.823 0.964 0.994
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Fig. 4 Comparison of different depth maps
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