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ABSTRACT

In this work, we propose an algorithm to estimate the depth
map of a scene using defocused images. In particular, the
depth map is estimated using two defocused images with
different depth-of-field for the same scene. Similar to the
approach of the general depth from defocus (DFD), the
proposed algorithm obtains the depth information from the
blurredness of the object. Moreover, our proposed algorithm
dramatically improves the accuracy by using both the shallow
and deep depth-of-field images, simultaneously. Especially,
we propose a novel depth estimation network for dual de-
focused images using convolutional neural network (CNN).
We evaluate our proposed network on the NYU-v2 dataset
and show superior performance compared to the existing
techniques.

Index Terms— depth estimation, DFD, dual aperture,
neural network

1. INTRODUCTION

The depth information of a scene has shown its effectiveness
for many computer vision tasks such as object tracking [1]
and image segmentation [2] by improving understanding of
the whole scene. Thus, acquisition of accurate depth informa-
tion from the 2D image has been explored actively by various
methods [3, 4, 5, 6].

However, obtaining depth information from the normal
2D RGB image is an ill-posed problem. To solve such an
ill-posed problem, many methods proposed to utilize addi-
tional information. In particular, methods based on DFD [4,
7, 8, 9, 10, 6] has shown its effectiveness in the problem of
depth estimation. The DFD is based on the characteristics of
the camera that the farther the object is from the focal plane,
the greater the blur in the image. Most existing DFD meth-
ods use the Markov Random Field (MRF) formulation to es-
timate the depth map of the image. Meanwhile, CNNs have
recently achieved immense success in various applications of
computer vision [11, 12]. As a result, CNNs have also been
applied to general depth estimation problems [13, 14] as well
as to DFD [15], achieving state-of-the-art results.

DFD can be categorized into a single image-based and
multiple image-based approaches. As in [15], single image-
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Fig. 1. Flowchart of our model. Through the proposed net-
work, the depth map is estimated from the defocused images
with different DoF obtained for a single scene.

based DFD uses a single defocused image in estimating the
depth. On the other hand, multiple image-based DFD uses
images obtained by applying different optical settings such as
focal length [4] or aperture [9, 6]. Comparing the degree of
relative blur between images can provide distance informa-
tion. Recently, a camera such as a dual-aperture [9] has been
developed to facilitate an acquisition of multiple size aper-
ture images. In this paper, we adopt multiple image-based
DFD where we use a dual aperture setting to obtain a shallow
depth-of-field (DoF) image and a deep DoF image, and use
both images to obtain depth information.

Unlike the other multiple image-based DFD methods, our
proposed method estimates depth information using CNNs.
The overall flow is similar to the single input DFD CNN [15].
However, as shown in Figure 1, our proposed network takes
two images as an input and outputs depth map. Moreover, un-
like [15], which first takes a discrete depth map as an output
of the network and then converts it into a continuous depth
map through bilateral filtering as post-processing, our net-
work directly outputs a continuous depth map. To the best
of our knowledge, this work is the first approach which solves
the multiple image-based DFD using CNNs. Also, since there
is no available dataset using a dual aperture camera, we con-
structed a new synthetic dual aperture dataset based on NYU-
v2 dataset [2]. We evaluated our proposed method on the cre-
ated dataset and showed superior performance compared to
the conventional depth estimation methods.
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Fig. 2. Thin lens model.

2. DEFOCUS DATASET

The proposed algorithm takes images captured at different
apertures. However, since there is no large defocus dataset
available, we synthetically constructed a new defocus dataset
from an existing dataset with focused (all-in-focus) image-
depth map pairs.

2.1. Defocused Image Formation

We used a thin lens model [16] to produce a defocused image
from a focused image. Figure 2 is a simplified version of the
thin lens model. In the Figure 2, r is the lens radius, s is the
distance from the lens to the image sensor, d is the distance to
the object, dIFP is the distance to the in-focal-plane, and ε is
the diameter of the blur circle in the image sensor.

The fundamental principle of DFD is to estimate the depth
using the property that the diameter of the blur circle increases
as the object is located farther than dIFP. The size of the blur
circle and the depth of the object have the following relation-
ship:

ε = 2rs

(
1

f
− 1

d
− 1

s

)
, (1)

where f is the focal length of the lens. Also, it can be ex-
pressed as follows by using the aperture size parameter, F#.

ε =
f2

F#

1

dIFP − f

(
1− dIFP

d

)
. (2)

Since the diameter of the blur circle (ε) is a unit in the
camera image sensor, it must be converted into a pixel plane
which is the metric in the image. Also, the blur circle should
be represented in the image using an appropriate function.
The most common approach is to use Gaussian blur [17]. The
size of the blur circle is proportional to the σ of the Gaussian
function. The size of the Gaussian σ related to εp which is
the blur circle size in the pixel plane is, σ = εp/

√
2. As a

result, we can convert the focused image into the defocused
image by associating the depth value with σ of the Gaussian
function through the following equation, where p is pixel size.

σ =
1√
2

1

p

f2

F#

1

dIFP − f

(
1− dIFP

d

)
. (3)

2.2. Dual Aperture Dataset

We built a defocus dataset based on the NYU-v2 dataset [2].
The NYU-v2 dataset consists of a total of 1, 449 pairs of
640 × 480 RGB images and depth maps, with depth maps
ranging from 0.7m to 10m. We assumed that all images in
the NYU-v2 dataset are focused images. We first removed the
white region of the image boundary as in [18]. After remov-
ing the border, the image and depth map will be 561× 427 in
size. We applied the Gaussian filter to a given focused RGB
image using Equation 3 to create a defocused image. For
camera parameter, pixel size = 7.5um, focal length = 0.009,
dIFP = 0.7 were used. We used F# = 2 for shallow DoF and
F# = 14 for deep DoF to adjust the degree of defocus. Using
these parameters, the depth value can be converted to the σ of
the Gaussian filter. The size of the Gaussian blur kernel used
is 3σ × 3σ. Also, we applied the kernel after expanding the
image area through symmetric padding at the image bound-
ary. Through this, the defocused dataset with shallow DoF
and the defocused dataset with deep DoF were constructed
and used for network training and testing.

3. DEPTH ESTIMATION NETWORK

In this work, we adopt CNNs for depth estimation. We trained
deep neural network to give depth information for a given
dual defocused images input. In the following subsection, we
will describe the network structure and learning procedure of
the proposed network.

3.1. Network Architecture

The structure of the proposed network is shown in Figure 3.
Overall, our network is a modified structure of ResNet [11].
Recently, ResNet has been applied to many computer vision
problems and has shown excellent performance. We config-
ured the ResBlock module and stacked M ResBlocks to form
a network similar to ResNet. For a ResBlock module, we
used ResBlock structure of EDSR [19] which modified ex-
isting ResNet module. EDSR removes batch normalization
operation and ReLU operation after skip connection from the
original ResBlock module. Despite its more straightforward
structure, EDSR was applied to super-resolution problem and
showed a superior result.

Our network takes two images obtained by dual aperture
as input. We use a cropped patch rather than the entire im-
age as an input to the network. In each of dual defocused
images, a patch corresponding to the same position is passed
through each stream of our network. Both streams are de-
signed with a Siamese structure [12] that shares the parame-
ters of the network. In each stream, the input patch is passed
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Fig. 3. Our network architecture. It consists of M ResBlocks, and all CONV layer except last one outputs F feature maps.

through three levels of convolution and then merged into one
integrated stream which is composed of a single convolutional
layer followed by multiple ResBlocks. After a total ofM Res-
Blocks, the output is obtained through the final convolution
operation. The output is a depth map of the corresponding
patch and has a continuous value.

All convolution layers in our proposed network use 3× 3
convolution filter with a stride of 1. Since we do not use max
pooling layer in our network, the input image and the output
depth map have the same spatial resolution. Therefore, no
additional up-sampling or post-processing is required.

3.2. Training Details

We used a 48 × 48 size patch for training. Each patch was
cropped at a random location in the training image. We ran-
domly performed a horizontal flip and 90 rotation for data
augmentation. Also, as a pre-processing, all input patches
were mean-normalized using the mean RGB values of the
dataset. As a network structure, we set the number of Res-
Blocks, M = 12 and the feature maps, F = 64. We used L1
as our loss function. We used ADAM optimizer [20] to train
the network and set the parameters of optimizer to β1 = 0.9,
β2 = 0.999, and ε = 10−8. We use the mini-batch size of 16.
The learning rate is initialized to 10−4, and it is halved every
2× 105 mini-batch update.

We trained the network from scratch and implemented the
network using the Torch7 framework. We trained the network
with NVIDIA GeForce 1080Ti GPU and took about 2 days to
convergence.

4. EXPERIMENTS

4.1. Dataset

For the experiments, we used the defocus dataset as described
in Section 2. Similar to the NYU-v2 dataset, defocus dataset
was divided into 795 pairs of training images and 654 pairs of

test images. We used 785 of the training images for learning
and 10 for validation.

4.2. Comparison

We compared the performance of the proposed algorithm with
the existing methods using three metrics:

- average relative error (rel) : 1
T

∑
p
|DGT

p −Dp|
DGT

p
;

- average log10 error (log10) : 1
T

∑
p

∣∣log10D
GT
p − log10Dp

∣∣;
- root mean square error (rms) :

√
1
T

∑
p

(
DGT

p −Dp

)2
;

where DGT
p and Dp are the ground truth depth map and the

predicted depth map at pixel index p, respectively. T is the
total number of pixels in the entire image.

In Table 1, we compare the proposed method with vari-
ous existing depth estimation algorithms. However, most of
them output a depth map with only a single image input that
is not defocused. Also, in case of [15], only one defocused
image is used as input. [21] is similar to our framework in
that it has different DoF for each color channel, but also uses a
single image. Therefore, the proposed algorithm differs from
the existing algorithms in that two images with different aper-
ture sizes are used as input. The results show that the per-
formance is significantly improved compared to [15], which
uses a single defocus image. Our evaluation shows that the
proposed algorithm surpasses other depth estimation methods
in all metrics of rel, log10, and rms.

On the other hand, dual defocus based algorithms [10, 9,
6] are difficult to compare with the proposed algorithm be-
cause they use the actual images taken by themselves or syn-
thetic data that is not accessible. Also, the depth range of
synthetic images is very shallow making it difficult to com-
pare the accuracy with ours.

Figure 4 shows the qualitative results of the proposed al-
gorithm on the NYU-v2 dataset. It can be seen that the depth
map is predicted close to the ground truth depth map.
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Table 1. NYU-v2 depth estimation results

Method rel log10 rms Input Type

DFD [21] 0.609 - 2.758 Defocused Single
Saxena [5] 0.349 - 1.214 Focused Single

DT [22] 0.350 0.131 1.2 Focused Single
DC CRF [18] 0.335 0.127 1.06 Focused Single

Eigen [14] 0.215 - 0.907 Focused Single
DCNF [13] 0.213 0.087 0.759 Focused Single
JCNF [23] 0.201 0.077 0.708 Focused Single
Eigen [24] 0.158 - 0.641 Focused Single
Anwar [15] 0.094 0.039 0.347 Defocused Single

Our 0.028 0.012 0.154 Defocused Double

Deep DoF Image Shallow DoF Image Estimated Depth GT Depth

Fig. 4. Our depth estimation results. Near objects are dis-
played in blue, while distant objects are displayed in yellow.

4.3. Ablation Study

We performed an experiment on the effect of deformation on
each part of the proposed model. We compared experimental
results by changing various parts of the network.

First, we removed the Siamese structure of the network to
create a condition for using a single defocused image as in-
put. As a result, the network has only one stream and can op-
erate on a single defocused input (Shallow DoF). Second, we
also performed an experiment with dual defocused images us-
ing the same single-stream network. In this case, two images
were concatenated in channel-wise to form a 6 channel input.
The third condition is to extend the Siamese structure of the
network so that the ResBlocks are included in the Siamese
two stream structure. Each stream is combined into a single
stream after passing through the ResBlocks, and a final convo-
lution operation is performed to obtain the final result. As the
last condition, we performed an experiment by changing the
size of the network. We used M = 32 blocks and F = 256

Table 2. Ablation study on NYU-v2

Method rel log10 rms Input Type

Single Input 0.083 0.035 0.356 Defocused Single
Single Stream 0.033 0.014 0.171 Defocused Double
Full Siamese 0.071 0.031 0.331 Defocused Double
Deeper Net 0.043 0.019 0.217 Defocused Double

Our 0.028 0.012 0.154 Defocused Double

feature maps as used in [19].
The results of the ablation experiment are shown in Ta-

ble 2. The results show that when a single defocused im-
age is used, the result is almost similar to [15]. Of course,
the used defocused image is not equivalent, so the two algo-
rithms are not in the same condition. However, we can say
that the performance improvement of the proposed network
in the NYU-v2 dataset is dominated by the use of the dual de-
focused images rather than the network difference. It can be
seen more clearly by comparing the single input experiment
with the second condition, the single-stream dual aperture ex-
periment. It can be seen that the performance is greatly im-
proved by changing the number of input and maintaining the
structure of the network. Also, we can confirm that there is
a performance improvement when the single stream network
and the proposed network including the Siamese structure are
compared. However, if we extend the Siamese structure to
ResBlock, we can see that the performance decreases. It is
because extending the Siamese structure throughout the net-
work is similar to using only a single image. Finally, we can
see that using the size of the network used in [19] is not ef-
fective.

5. CONCLUSION

We propose an algorithm to estimate depth information from
two defocused images taken at different aperture sizes. The
dual aperture has the advantage that it is easier to estimate
the depth than the single aperture method. To verify this, we
made a synthetic dataset using a lens equation. We trained the
proposed ResNet-based network using a dual aperture dataset
based on NYU-v2. We show that our proposed method out-
performs the conventional depth estimation algorithms.
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