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Abstract  Depth estimation is a key issue in the process of 3D reconstruction, and its purpose is
to obtain spatial information of 3D objects. The depth information of the scene can help people
better understand the geometric structure of the scene, and at the same time provide effective data
support for other visual tasks. It has important applications in the fields of scene restoration,
action recognition, 3D reconstruction, and saliency detection. The traditional methods of depth
estimation usually estimate the depth from monocular or stereo images captured by ordinary cameras.
Since the imaging process only considers the intensity information and ignores the direction
information of light rays, these methods usually obtain inaccurate depth maps. Compared with
the ordinary two-dimensional images, the light field data records not only the intensity but also
the direction information of light at one exposure. Therefore, the depth estimation from the light
field based on deep learning has attracted the attention of researchers and has become a more and
more popular research direction. As we all know, the focal stack is an important form of light

field data. It consists of a series of images focused on different depth planes, which can focus on
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targets in any depth range, making it easy for the observer to understand the object distribution
in the scene. The way of the objects displaying in the focal stack is more in line with the human
visual perception mechanism and the way of collection for the focal stack is easier. However,
most of the current researches in this direction only estimate depth information from Epipolar
plane images (EPI) or sub-aperture images, and cannot effectively utilize the rich depth information
contained in the focal stack. Therefore, a robust light field depth estimation based on the focal
stack is proposed in this paper. First of all, we design a new context reasoning unit to effectively
excavate the internal spatial correlation in RGB images and the focal stack. Specifically, the
context reasoning unit fully extracts the multi-focused information of the focal stack and the
structural information of the RGB image by multi graph convolution and multi dilated convolution.
Then, we propose an attention-guided cross-modal fusion module to fuse the spatial correlation
information extracted by the contextual reasoning unit. Specifically, the attention-guided cross-modal
fusion module uses multi-level attention weights to gradually fuse internal spatial related information
from the context reasoning unit, so as to realize the maximum contribution of multi-modal
features to the depth prediction. In order to verify the accuracy of the proposed method, we
conducted extensive experiments on the DUT-LFDD and LFSD datasets in this paper. The results
demonstrate that our method achieves superior performance than existing representative methods
on two light field datasets. Specifically, the accuracy of our method is 1.2% higher than the
existing representative method EPINet and is 2. 25% higher than the PADMM. In addition, we
test our method on a mobile phone dataset repeatedly, and the visual results show that our
method can also obtain outstanding performance on ordinary consumer-level camera data and be
adapted to the real scenarios.

Keywords light field; focal stack; context reasoning unit; attention mechanism; cross-modal

fusion module
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R R I 1462 RS A RO,
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337 AMFEA AT, S wi A 5% 26 W1 L B304l 3 ik a] DA
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4.1.2 LFSD ¥4 &

ZEEE W Li AR H. EAE T Lytro ML
RN 100 Ng5c K 60 N E NG R 40 AR
I B R E S — I RGB BHR A T4

BSR AR SCHREL T LRI B 12 (£ S AR
T3 % He S 5
4.1.3  FHEHEE

T-HLE R 5 2 i Samsung Galaxy T#LidE i B
SREM RN, B aE — RN RELEAR
WSS . s £ 00 5 13 N5, WAl
WK B P A A BRI R 640 X 340.
4.2 XWEE
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AL R R EHLE & W T . CPU A Intel
Core i7-8700, 3. 20 GHz, 16 GB N f#, GPU NVIDIA
GTX2080Ti. A 3L 1 By Pytorch R EE 22> T H A
SEPE. RGB i AAS s HE AR U 19 3 T W 45 355k AL 78
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JS e ¥ FL R HE Ry 3 X Le-4, JF H Ak 22 24X 20 A
. 2 i B i A s ) RO 580 B U 2Rl B
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o A PP Al A B0 O AR SCR I T R EE AR R
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(Square Relative Error) K5 NITIR 6,=1. 25'(i=
1.2, 3) A ERf AR HARZ R R P

1< PP
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Abs Rel . nE c an
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ABIRGB L7 A0 s HERR UL 5 B 26 I 45 11 1R 22 B0
FNRE 18 6 A SO k18 DUT-LFDD %4l 4k 1
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EMG 25 & SEBL T T8 E A A 70000 25 SR IR B T R Y
& B i ¢ 4.

#& 1 ZEDUI-LFDD H{#EE L EMINER
ik R HER R
RMSE Abs Rel Squ Rel S1 02 03
RGB % 0.4161 0.1977 0.1140 0. 6520 0.9164 0.9867
£ HEAR A 0. 3856 0.1830 0.0978 0.6927 0.9298 0. 9890
F 2k W 24 0. 3739 0.1727 0.0899 0.7020 0.9373 0.9919
+CRU 0.3393 0.1616 0.0793 0.7431 0.9546 0.9945
+CMFA 0.3372 0.1578 0. 0767 0. 7488 0.9551 0.9943
+md+ CMFA 0. 3420 0.1533 0.0738 0.7672 0.9586 0.9943
+mg+CMFA 0.3134 0.1493 0.0697 0.7757 0.9644 0.9945
FN W R 0. 3029 0.1455 0.0668 0.7859 0.9685 0.9956
F2 HELFSDHEEELNEMIRER
ik 2 i
RMSE Abs Rel Squ Rel 1 02 83
RGB 0.4637 0.2098 0.1286 0.6013 0. 8855 0.9797
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AIEA bR B+ CRU” B F M SRR M. N T
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G LESD BB LRI T4 0.0 ki is—F SERE T
WHM AR HEL BTIRE, EASH THE ik 0.3029 0. 1455 0.7859

6l FH TR L. AL 6 AT, AR S TR £
L EL A o fim Lo 1 R B AR Ak AR Y i 2
TR o P9 R T i e 4
4.3.6 451 RS T A3 1 A R 4 BT

R T UE AR SCR R B 35 % R B HP 45 30 40 1 A
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A5 AR T AR T, 3 R TR 45 I 2k pR Bk
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R i s RPERRR BB BEIR IR Lipn + AL yud TR
PR Lacpn T Al graa T el IR BL A 3RS T S 50 H
YER (1 401 {5

4.4 ANFEEHMAENLER
AT A ST S HA 7 2347 O X 2y 1
A5 T3 T IR B 2% 2] (1 )y 35 (DDFFY EPINet !,
3DConv* , MANet* ) FILL » Fric i3 T AR IR 2
S (PADMM* %) [ LF_OCC*F%), VDFF*P°0
LE*SU) O SEBLA - H 8, 76 5 B By R i AR
SCAH A 3 4 L 1 S B0 AR S A 7 3 A DL
NGOk &/ E I TR IS R (DR A R SN
i HOTE 5 AT S50 % L.
4.4.1 R

AN A S )5 78 DUT-LEDD Al LESD %k
e b5 HABREE AL T 7 s 04T T R, SR A R
WK 4 FroR. & 4 g5 R— AT LUy s s B e
ATy 5 HA R B AL it 05 578 DUT-LFDD %44

® 4 AXFEMEMFEFE DUT-LEDD 0 LFSD HiiE 5% ERELL B E R

Fom ik R HERf R
RMSE Abs Rel Squ Rel o1 02 03
DDFF 0.5255 0. 2666 0.1834 0.4944 0. 8202 0.9667
3DConv 0.6379 0.2817 0.2056 0.3663 0.6747 0.9297
MANet 0. 4607 0.1922 0.1044 0.5709 0.9274 0.9947
EPINet 0.4974 0.2324 0.1434 0.5010 0.8375 0.9837
DUT-LFDD VDFF * 0.7192 0. 3887 0.3808 0. 4040 0.6593 0. 8505
PADMM * 0.4730 0.2253 0.1509 0.5891 0. 8560 0.9577
LF* 0.6897 0.3835 0.3790 0.4913 0. 7549 0.8783
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ARSIy 0.3029 0. 1455 0. 0668 0. 7859 0. 9685 0. 9956
DDFF 0.4255 0.2128 0. 1204 0.6185 0.8916 0. 9860
LESD VDFF * 0.5747 0.3320 0. 2660 0.4730 0.7823 0.9359
PADMM * 0.4238 0.2153 0.1336 0. 6536 0. 8880 0.9770
A 0.3167 0. 1426 0. 0627 0.7814 0.9686 0. 9964
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Background

Image-based depth estimation is a fundamental problem
in computer vision, and it plays an important role in a wide
range of applications, such as 3D reconstruction, object
tracking and so on. Since common two-dimensional cameras
only record the intensity of light, the previous methods of
depth estimation based on two-dimensional images captured
by ordinary cameras to obtain inaccurate depth maps. Different
from the traditional imaging systems, the light field cameras
can capture the additional direction information. Therefore,
the light field data provides more cues for the depth estima-
tion.

The focal stack, as one important type of light field data,
consists of several focal slices which contain the abundant
depth cue and allow a human observer to instantly understand
the order of objects along the depth in a scene. Some
researchers have done many works on the depth estimation
from the focal stack based on the non-deep-learning: Ng
solved the corresponding depth by comparing the ambiguities
of pixels at different focal stacks; Tao combined the defocus
and correspondence cues to predict the depth map from the
focal stack. Those methods achieve accurate depth maps, but

they are usually too dependent on prior knowledge to generalize

JIA Ling-Yao, Ph. D. candidate. His research interest
is compute vision.
LI Pei-Hua, Ph. D. , professor, Ph. D. supervisor. His

research interest is compute vision.

to other datasets easily. Hazirbas proposed the first method
based on deep-learning to compute the depth from the focal
stack, which can be adapted to other datasets easily. But the
loss of detail caused by the defocus blur was ignored.

In this paper, we present a novel accurate and robust
method that predicts depth map from multi-modal information.
In order to effectively extract and fuse the multi-modal
features from the foal stack and RGB images, we design the
context reasoning unit and attention-guided cross-modal
fusion module. Experimental results show that our method
can accurately estimate depth.

Our research group has done a lot of research on the light
field. Related works have been published in international
journals and conferences in the fields of saliency detection,
motion estimation, such as IEEE Trans on Image Processing,
AAAI, NIPS. IJCAI etc. Recently, we are aiming at depth
estimation from the light field.
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