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A complex scene depth estimation network based on monocular camera
CHEN Zhanguo', CHEN Zhenjun', XUE Chenxia', WANG Guoliang’,
LI Jinyi', LI Yuting', YU Baocai”
(1. National Energy Group Baorixile Mineral Resources, Hulunbuir 021000, China;
2. Ordos Research Institute, Liaoning Technical University, Ordos 017000, China)
Abstract: To improve the depth estimation accuracy in complex and changeable scenes, a new monocular depth
estimation network based on U-shaped encoder-decoder is proposed. The Swin Transformer architecture is
adopted as the core of the encoder to realize fine-grained feature extraction of input data at multiple levels and
scales. Multi-scale local features are extracted by using layer-by-layer dilated convolution. The local and global
features are interacted through the feature interaction module to achieve a more comprehensive understanding of
complex scenes. A symmetric transformer decoder is adopted and combined with an image patch expansion layer
to reshape the feature map of adjacent dimensions into a feature map with higher resolution. Eventually, pixel-
level depth prediction is output. Quantitative experiments are conducted on the NYU Depth v2 dataset and the
KITTI dataset. The research results show that this network has high efficiency and practicability in complex and
changeable scenes. The research conclusion breaks through the limitations of traditional methods in complex and
changeable scenes and provides new perspectives and methodologies for the theoretical research of depth
estimation.
Keywords: monocular depth estimation; U-shaped encoder-decoder; layer-by-layer dilated convolution; feature

interaction module; symmetric transformer decoder
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(1) Swin Transformer Bt . S50 £k A
B HROANTE, Swin Transformer #5355t TR0 &
AfyEE, 24 %220 Swin Transformer £ UL & 2,
Hor, Z2 A Z 5050 SW-MSA Fll MLP #He 76 55
L/ Block %t

K2 24i%ZE1 Swin Transformer 1k
Fig.2 two consecutive Swin Transformer modules
™ Swin Transformer f& Bt B LayerNorm
(LN) J2. Zk g i 5mREEED A A
GELU dF & M M £ )2 B A Pl (multi-layer
perceptron, MLP) . HETFEHOMEZLAFEE
71 (window based multi-head self-attention, W-
MSA) B METHAG O Z K AFEET
(shifted window based multi-head self-attention,
SW-MSA) #& He 8¢ 73 5 B T 2 A & 2 1
Transformer &3t rh . {2 09HHR RN

v, (1)

T
Attention (Q, K, V) = SoftMax ( oK +B
Vid

XH. Q. K. V45l hquery, key. value o] i,
O.K.VeR" M, Hw  M*Apatch 7 % 1 H A %L
iy dORREN RN B IR E .

(2) Hifigs o X T A BG o PR 5 G E 5
DRV R, BEAREA Swin Transformer f5
Heg g 3 RS A SRR E , (H iR T IR R AE
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Fig.3 layer by layer expansion convolution module
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FHIE X 7E LDC A ok

X" =X+ Linear, (Linear(BN(DWConv(X)))), (3)
A f: Linear, WiZ s B FUEH; BN A —Mit &I
—A4k)Z; DWConv(+) R 3x3 TREEY K& .
1.3 HEXEER
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SRR, IME DA G B A5 B T d s, [k
5] A #5 fiF 3¢ B (feature interaction mechanism,
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Fig.4 feature interaction module
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X" = Attention(Q, K, V) + X, (4)
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MER)A R, DR B R iR AR T 49 5 42 R 5 B3R
71N, AR A 0 A A P AR ) O R R G R

gt — PR AE R IR BE ), IA XY, WG
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X'=X+ Linear, (Linear(Ly (X)), (5)
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Tab.1 evaluation results of different methods on the KITTI dataset
S— p— BREFRPR Al 45 I (B VA SR T 45 2R
E,. Epase E o E, s, 3, J,
SCHR[12] 0.190 7.156 0.270 0.692 0.899 0.967
SCHik[13] R101 0.072 2.727 0.120 0.307 0.932 0.984 0.995
SCHR[15] R101 0.060 2.519 0.095 0.959 0.994
k[ 16] MViT 0.058 2.360 0.088 0.190 0.964 0.995 0.999
SCHk[18]” ViTB 0.059 2315 0.088 0.959 0.995 0.999
SCHk[19] SwinL 0.052 2.129 0.155 0.974 0.997 0.999
SCHR[22] SwinL+R-50 0.052 2.143 0.158 0.975 0.997 0.999
ARSIy SwinL 0.050 2.102 0.075 0.150 0.976 0.997 0.999
b=

SHORARTT AT PSS 5 FR R T BN R S THE: e

LPNED

Scﬁ’a‘it[w]

SCHKI22]

- T 0
O ——
| — ——

FI5 KITTIEGE SR LA 5E PESS
Fig.5 qualitative results on KITTI
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1.24% F113.95%, FHIA ST 1 Be A 30 = IR BEA
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£R2 AEFEAENYU Depth v2 #iiE&E FRIITHEER
Tab.2 evaluation results of different methods on the NYU Depth v2 dataset
S— BRETRARIPA 45 R 1o LA P 45 2R
E,. Euse Epo E, 3, 3, 3,

SCHR[12] 0.158 0.641 0.769 0.950 0.988
SCHR[13] 0.115 0.509 0.051 0.828 0.965 0.992
SCHR[14] 0.139 0.502 0.047 0.836 0.966 0.993
SCHR[15] 0.104 0.356 0.043 0.898 0.981 0.996
SCHR[16] 0.103 0.364 0.044 0.903 0.984 0.997
SCHR[17] 0.099 0.357 0.042 0.913 0.987 0.998
SCHR[19] 0.095 0.334 0.041 0.045 0.922 0.992 0.998
SCHR[20] 0.101 0.377 0.890 0.982

SCHR[21] 0.105 0.374 0.045 0.892 0.985 0.997
3CHik[22] 0.096 0.339 0.921 0.989 0.998
SCHR[23] 0.090 0.322 0.039 0.043 0.929 0.991 0.998
ATk 0.089 0.318 0.036 0.037 0.930 0.993 0.998

IR AT DS

NYU Depth v2 % 4i 8 (9 & PE 245 R WL E 6. H
P 6 T AT, FEF B AT A /NS ) R ) 5 A i %
5N SO, AR SO R RSB A . XA
R4 BB — ik, Hoab )y ik B 4 kR
SRR AR, R IR B A T ASOR i T A
AR SO W PR AR B AN T IR S5, 58 1 B 1t 2 0 kT

FREEER . WEBR I BE SR T A1, IR 4030 St
T B AR SR SO BT B R AR o B X R 5 I A R
O LRRFAE XL, AR ik R fE
T AN R T A TR AR R, T B 5 K G A
JEAGTTRE ST

3CHRI22]
6 NYU Depth v2 HHE4E L 172 M 45 R
Fig.6 qualitative results on NYU Depth v2
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i LA BRI, AR SO ke RE I B AR T
A 5 00 X A5 AR AR R 7 R R A T
D, P
2.5 HBLLIE

R S E A SO A R, R EIGEN %1
FEH U ZRAnIt o> F3, A 46 976 5K IR ik
HL697 sk UG AT, BRI B 2T 5Kk 6
1 (LDC) #idk, IFAE KITTURIEAE b I JE A [m] 46
BRI, SCIRAE R 3. 1 ~3 4R
WA AL, ANRBEHAL AR 45K B RS 22 8 AR AR 1k
BERES ., SESULKAM, 8 eALm ARz

FE bR B EAL 45 0 W 2 RRAL, R LR LDC AL 2
B E IR B RIS IR 77 . 555 1 2H 250 A
b, 2 4 4 20 A0 2 O AR 25 U B0 22 43 5l [ A1
T 0.33% F12.56%, iXJ&H THEAS B Al 72 AH
Il 51 B2Vl W O R 1 IS 41K VA o (=0 Nl
HOSRAFAEFEIAE J1 . XFELEE 4. 6 4 SCue2h R n] A,
U 1 2 % 4% - ik 0% 2 X018 0 28 2540 . SRR AR 42
BUmi e HA wEAEH . 75 LDC. FIM 1 U &I 445
ar - A S AL AR RN, B4R PR A B A
IR, FIIA SO T SR BCE IS 8 IR B B,
B UE TN RIS AE R A T b i A Rk -

R3 EKITTIHESR LAHMIEER

Tab.3 results of ablation experiments on KITTI dataset

- Bt IREFEPRIPA 25 R BRI TRSAR TEAE S
LDC U-Encoder-Decoder FIM Ernise E10 E, 0, 0,
1 N X X 2.124 0.078 0.051 0.973 0.997
2 X N x 2.120 0.076 0.051 0.974 0.997
3 X x N 2.119 0.077 0.051 0.973 0.997
4 N x N 2.117 0.076 0.052 0.974 0.997
5 x N N 2.110 0.077 0.051 0.975 0.997
6 N N N 2.102 0.075 0.050 0.975 0.997
BRI R s < R AR X R
3 é‘:lj: ,M:‘\ dynamic environment based on deep learning image features[J].
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g S HER A SR D MR R, TEE Ry 5
P B R A B
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