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ABSTRACT

In this paper, we estimate depth information using two defo-
cused images from dual aperture camera. Recent advances
in deep learning techniques have increased the accuracy of
depth estimation. Besides, methods of using a defocused im-
age in which an object is blurred according to a distance from
a camera have been widely studied. We further improve the
accuracy of the depth estimation by training the network us-
ing two images with different degrees of depth-of-field. Using
images taken with different apertures for the same scene, we
can determine the degree of blur in an image more accurately.
In this work, we propose a novel deep convolutional network
that estimates depth map using dual aperture images based on
boundary cue. Our proposed method achieves state-of-the-art
performance on a synthetically modified NYU-v2 dataset. In
addition, we built a new camera using fast variable apertures
to build a test environment in the real world. In particular, we
collected a new dataset which consists of real world vehicle
driving scenes. Our proposed work shows excellent perfor-
mance in the new dataset.

Index Terms— Depth from Defocus, dual aperture cam-
era, depth estimation, deep network, boundary cue

1. INTRODUCTION

The field of computer vision that derives useful information
by analyzing RGB information of the image has made re-
markable development recently. In addition to the RGB infor-
mation of the image, additional depth information provides a
useful cue in image analysis. 3D data with RGBD informa-
tion enhances the performance of applications such as image
deblurring, image segmentation, and human pose estimation.
Moreover, direct usage of the depth information is highly de-
manding for applications such as 3D reconstruction and 3D
human face modeling. Recently, as interest in autonomous
driving is amplified, depth information becomes more impor-
tant. Analyzing the scene around the vehicle using depth in-
formation is essential for collecting diverse information in au-
tonomous driving. Depth information for autonomous driving
is usually obtained through additional equipment such as LI-
DAR or stereo cameras. However, such equipment has the
disadvantage of being expensive and taking a lot of space. To

solve this problem, many types of research have been con-
ducted to obtain depth information from a single RGB cam-
era.

In most cases, as a work on a single input, depth estima-
tion is performed when a single all-in-focus image is given
[1, 2, 3]. It has a wide range of versatility, but there is ambi-
guity in the problem itself due to the limitation of the infor-
mation given by the RGB image. Depth from Defocus (DFD)
has been studied to solve this ambiguity problem [4, 5, 6].
Depth can be estimated more accurately using the property
that objects in out-of-focus image blur differently according
to distance from the focal plane. However, DFD requires ac-
curate measurement of the blurring of objects in the image,
which is difficult without information about the all-in-focus
image. Therefore, we used an additional image as a refer-
ence. A relatively large aperture is used to obtain an image
close to an all-in-focus image. Therefore, depth information
is estimated more accurately by using two images with differ-
ent depth-of-field(DoF) for the same scene.

In this paper, we use deep neural network architecture for
depth estimation. Due to recent developments in deep learn-
ing, deep networks are also used for depth estimation. Es-
pecially in the case of DFD, deep networks have been suc-
cessfully applied. Anwar et al. [7] and Carvalho et al. [8]
showed good performance by applying deep network to sin-
gle image DFD. Song et al. [9] improved the performance by
using two different aperture images, as in this paper. We pro-
posed an advanced network based on the [9]’s network. To
effectively solve the DFD problem using a dual aperture im-
age, the boundary information is generated from input images
and used as a key cue for depth estimation network. To verify
the effectiveness of the network, we performed experiments
on the synthetic NYU-v2 dataset as in [9], and we show that
our proposed method outperforms the existing technique.

We also collected a new dataset to verify its applicabil-
ity in the real world. To do this, we developed a new cam-
era module that switches its aperture quickly. The developed
camera was used to collect images about a simple simulation
that assumed the driving environment of the vehicle. Based
on the acquired dataset, our network was trained and tested to
obtain a highly accurate depth estimation result.

The contribution of this paper is as follows. First, we pro-
posed a novel network suitable for the dual image DFD prob-
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Fig. 1. Our network architecture. The boundary cue shown in the red line is connected to the main network as a skip layer.

lem based on boundary cue. Next, we applied our network
to realistic synthetic data to achieve state-of-the-art perfor-
mance. Finally, a new real dataset for vehicle driving scenes
was created to verify the practicality of our network.

2. RELATED WORKS

There are many works on estimating depth from the image.
The main research area is the technique of estimating depth
for a single all-in-focus image. Many studies have been based
on Markov Random Field (MRF) formulations [1, 2, 10], and
techniques based on the deep neural network have recently
been developed [11, 3, 12, 13]. In particular, Eigen et al. [3]
proposed a deep network that fully utilizes global-local infor-
mation using a coarse-to-fine structure. Also, Laina et al. [14]
uses a network that maintains spatial information by utilizing
a Fully Convolutional Network (FCN) structure. Recently,
the network of Fu et al. [12] using the spacing-increasing dis-
cretization (SID) strategy has shown high performance.

Unlike all-in-focus depth estimation, DFD techniques use
various types of input. Zhou et al. [5] estimated the depth us-
ing the coded aperture, and Pertuz et al. [15] estimated the
depth by acquiring a blurred image by changing the focus
area. And Martinello et al. [16] estimates depth from two
kinds of images by applying different size apertures for RGB
and IR. On the other hand, deep networks have been success-
fully applied to DFD techniques. Anwar et al. [7] achieved
high performance by applying deep networks to synthetic de-
focused images. Also, Carvalho et al. [8] made realistic de-
focused images and applied them to real DSLR images. Song
et al. [9] similarly experimented with synthetic defocused im-
ages, but they improved performance by utilizing images with
different DoF.

Our research is based on the work of [9] and we extend
it to boost the performance. [8] also experimented with real
images, but their new dataset is limited to an indoor scene.
We generated a dense depth map of the vehicle driving scene
in the outdoor, in which our proposed method achieves high
performance.

3. DUAL DFD NETWORK

In this paper, we propose a new network to solve the dual
aperture DFD problem. The overall structure of the network
is shown in the Figure 1. Like [9], our network is based on
ResBlock of ResNet [17]. We use the ResBlock module with
EDSR [18] structure, which performs well in image process-
ing such as image super-resolution and DFD. The input im-
ages of the network are F# = 2 image with shallow DoF
and F# = 14 image with deep DoF. Two inputs are concate-
nated and used as 6 channel input. The depth map is then
estimated through several convolution and ResBlock layers.
Furthermore, we use additional information from the two in-
puts. The two images with different DoF show the noticeable
difference in the boundary part of the object. Therefore, the
information about the boundary of the object can be obtained
by subtracting two images. By adding this boundary informa-
tion to the depth estimation network, it is possible to estimate
the depth more accurately by utilizing the boundary charac-
teristics. Therefore, we propose a network that connects the
boundary feature based on the difference between two input
images to the main network as a skip layer.

All convolution layers used in our network use a 3 × 3
kernel and maintain the original image size through padding.
Since the input and output images are of the same sizes, no
additional post-processing is required. ResBlock consists of
the convolution layer followed by a ReLU activation and an-
other convolution layer. We divide the entire ResBlock set
into 3 units and connect the boundary features between them.

For network training, we used a patch-based procedure
instead of using the whole image as input. We trained the
network using 48× 48 sized patches cropped at random loca-
tions and applied horizontal flip for data augmentation. The
output feature dimension of all convolution layers is 64 ex-
cept the convolution for estimation located at the end, and
all the layers are trained from scratch. A total of 12 Res-
Blocks were used with N = 4 ResBlocks. L1-loss is used for
depth estimation, a regression problem, and optimized using
the ADAM optimizer [19]. The batch size is 16 and the initial
learning rate is set to 10−4.



4. DUAL DFD DATASET

4.1. Synthetic Dataset

We use the dataset of [9] to verify the performance of the pro-
posed network. The dataset of [9] was generated by synthet-
ically processing the NYU-v2 dataset [20] for dual defocus
experiments. Using a thin lens model, they created realistic
defocused images like camera images in real life. The dataset
generated in [9] is similar to the NYU-v2 synthetic dataset
in [8]. However, the assumed camera parameters are slightly
different, and [8] creates one kind of defocused image with
F# fixed at 2.8, but [9] creates two kinds of defocused im-
ages with F# = 2 and 14. Like the basic NYU-v2 dataset, it
consists of 795 training data and 654 test data with a resolu-
tion of 561× 427.

4.2. Real Dataset

We experimented to apply the proposed network not only to a
synthetic dataset but also to real-world data. For experiments,
we need a pair of images taken using two types of apertures.
We made a new tunable aperture camera based on [21]. The
principle of our dual aperture camera is a method of switching
the aperture according to the applied voltage on/off status. To
construct the real dataset, we collected data about the scene
using F# = 1.8 and F# = 4.0. This dataset captures scenes
assuming the driving environment of a car, and collects data
about a static scene in which a vehicle is stopped and no mo-
tion blur exists. The dataset was constructed in the parking lot
rather than the actual road to compose various situations. The
scene for our dataset consists of 3 different types of vehicles
and pedestrians positioned at various distances. The objects
that appear in the scene are located up to 70 meters away. We
shot the scene with our camera and measured the distance to
the object using LIDAR simultaneously. We also obtained a
dense depth map from the sparse LIDAR points using the col-
orization tool of the NYU-v2 dataset. Our dataset consists of
a total of 299 pairs, using 199 pairs of images for training and
the remaining 100 pairs for the test. The resolution of the im-
age is 1920× 1080 and the size was reduced to 640× 480 for
the experiment.

5. EXPERIMENTS

5.1. Synthetic Result

We evaluated the results of the experiment using 3 metrics
that are widely used for depth estimation: average relative er-
ror (rel), average log10 error (log10), and root mean square
error (rms). The compared techniques can be classified into 3
kinds of methods. First, the techniques using the all-in-focus
image estimate the depth using the original NYU-v2 dataset.
The single DFD techniques transformed the NYU-v2 dataset
in various ways to produce a defocused image. The dual DFD

Table 1. NYU-v2 depth estimation results

Method rel log10 rms

All-in-focus

Eigen et al. [22] 0.158 - 0.641
DORN [12] 0.115 0.051 0.509

Single DFD

Anwar et al. [7] 0.094 0.039 0.347
D3-Net [8] 0.068 0.028 0.274
D3-Net* [8] 0.036 0.016 0.144
D3-Net** [8] 0.056 0.024 0.244

Dual DFD

D3-Net** [8] 0.030 0.013 0.164
Song et al. [9] 0.028 0.012 0.154

Our 0.026 0.011 0.139
* using dataset of [7]
** using dataset of [9]

technique estimates the depth using another kind of additional
defocus image. In the case of DFD, the dataset used in each
technique is slightly different, making direct comparison dif-
ficult. Therefore, for comparison, [8] was additionally trained
using the image with F# = 2 in the data of [9] to generate the
result. Also, for the dual DFD version of [8], we concatenate
the data of [9] into 6 channels to train the D3-Net [23] and
generate the result. We trained using the released code of [8],
but since we did not tune the hyperparameters of the network,
the result may be different from the optimized one.

The results of the entire experiment are summarized in
the Table 1. Comparing the results, the proposed network
shows the best performance. Because more information is
used, it shows better performance than all-in-focus or sin-
gle DFD techniques. We also achieve state-of-the-art perfor-
mance among the dual DFD techniques. A qualitative com-
parison with other technique is shown in the Figure 2. Look-
ing at the enlarged part, it can be seen that the boundary part
is represented more accurately than [9].

5.2. Real Dataset Results

We also experimented with the newly collected real outdoor
dataset. For comparison, we trained D3-Net in single DFD
and dual DFD configurations. In the case of Single DFD, only
F# = 1.8 image was used. We also trained and tested the dual
DFD network in [9]. The overall test results are shown in the
Table 2. Experimental results show that the dual DFD tech-
niques are better than single DFD. Also, our algorithm shows
good results, but for some metrics, D3-Net shows better re-
sults. This is because there are many homogeneous areas in
the data. Unlike D3-Net, which uses a patch of 224 × 224
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Fig. 2. NYU-v2 synthetic dataset results. Depth map in color box represents an enlarged region of each result.

Table 2. Real dataset depth estimation results
Method rel log10 rms

Single DFD

D3-Net [8] 0.027 0.012 2.070

Dual DFD

D3-Net [8] 0.027 0.012 1.202
Song et al. [9] 0.019 0.008 1.400

Our 0.018 0.008 1.320

as an input to the network, we are less able to solve homo-
geneous areas by using a 48 × 48 patch. Also, the boundary
cue is less effective because the object boundary of GT is not
clean. Figure 3 shows the experimental results.

In the new dataset, on the other hand, the sky and road
areas remain unchanged in most images, as shown in the Fig-
ure 3. These parts are unnecessary for measuring the accuracy
of the depth estimation. Also, we can see that the boundary
around the object in the GT depth map is not clean due to
the sparsity of the LIDAR depth point. Therefore, we calcu-
lated the accuracy of the distance over the central region of
the object for more accurate measurements. Bounding box
was taken for a specific area around the center of the object
(eg. license plate of a vehicle) and the mean values of the
boxes were compared. The results are shown in the Table 3.
The proposed algorithm shows the best performance in dis-
tance measurement for each object as well as the whole area.

6. CONCLUSION

In this work, we proposed a novel network for the dual DFD
problem. To effectively solve the DFD problem, we propose a
network with skipped boundary features and achieve the state-
of-the-art performance in the NYU-v2 dataset. We also cre-
ated a new dataset of the vehicle environment for practical
application and showed that dual DFD can be successfully

Table 3. Depth estimation results for the object region
Method rel log10 rms

Single DFD

D3-Net [8] 0.045 0.020 1.064

Dual DFD

D3-Net [8] 0.041 0.018 0.943
Song et al. [9] 0.040 0.016 0.887

Our 0.031 0.013 0.718

Image (F# = 1.8) Image (F# = 4) GT depth map Our result

Fig. 3. Real dataset results.

applied. However, since the current dataset only assumes a
static scene, further research is needed to collect datasets and
to develop new algorithms for the moving scene.
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