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Abstract

A light field camera can capture both radiance and angular
information, providing a novel solution for depth estimation. The paper proposes two improved methods including
distortion model optimization and depth estimation refinement for a lenslet light field camera. For distortion model
optimization, a novel 14-parameter distortion model that
involves sub-aperture images generation is applied to correct
the light field camera images. For depth estimation refinement, an algorithm reducing the high influence of outliers on
depth estimation in weak texture regions is proposed based
on multi-view stereo matching using the cost volume. Experimental results show the projection error has decreased by
about 30% and the depth root-mean-squared error on real
world images has decreased by about 42% with our distortion
correction method and depth estimation method compared
with state of art algorithms. It verifies the correctness and
effectiveness of our proposed methods and show significant improvement on accuracy of depth map estimation.

Introduction

Light field cameras have become popular in recent years in
computational photography, computer vision, and the close
range photogrammetry field because they can capture both the
radiance and angular information in a single snapshot thanks
to a micro-lens array placed between the main lens and sensor. Typical applications include industrial measurement
(Heinze et al., 2016), measurement of the growth of plants
and animals (Apelt et al., 2015), visual odometry (Dansereau
et al., 2011), simultaneous localization and mapping (SLAM)
(Dong et al., 2013). Light field cameras can be divided into
two categories depending on the distance between the microlens array and sensor. In the first category called unfocused
plenoptic cameras (Adelson and Wang, 1992; Ng et al. 2005),
the distance is fixed to be equal to the micro-lens focal length,
such as in the commercial products Lytro and Lytro Illum
(Lytro, 2017). In the second one called focused plenoptic cameras (Lumsdaine and Georgiev, 2009; Perwaß and Wietzke,
2012), the distance can be changed, such as Raytrix cameras
(Raytrix, 2017). In this study, we focus on unfocused plenoptic cameras and use a Lytro Illum camera.
Depth estimation is one of the most important research
topics for light field camera image postprocessing. The light
field images can be processed for multiple images from different views of the scene, namely sub-aperture images (which
will be described in detail in another section). The depth
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estimation is based on the disparities observed in the adjacent
sub-aperture images, similar to stereo camera approaches.
Camera calibration is a necessary prerequisite for accurate
depth estimation. A number of methods have been proposed.
For the unfocused plenoptic cameras, Dansereau et al. (2013)
proposed a decoding, calibration, and rectification approach
for lenslet light field cameras, in which a 15-parameter
camera model was presented for calibration and distortion
correction. Cho et al. (2013) calibrated a light field camera by
searching for local maximization and estimating the rotation
of the micro-lens array in the frequency domain based on
Dansereau et al. (2013). Bok et al. (2014) proposed a more accurate calibration method for a micro-lens light field camera
based on line features extracted from raw images directly.
However, in these calibration algorithms, distortion corrections are all based on the radial distortion model, which does
not fit well with the lenslet light field camera. The unfocused
plenoptic camera calibration remains to be an important yet
challenging task for precision improvement of the subsequent
depth estimation. For focused plenoptic cameras, some methods on the metric calibration have been proposed (Heinze et
al., 2016; Zeller et al., 2016; Strobl and Lingenauber, 2016),
which are beyond the scope of this paper and will not be
detailed in the following sections.
Recently a number of depth estimation algorithms for
light field images have been proposed. Yu et al. (2013)
explored the 3D geometry of line in a light field image and
derived a disparity map using line matching between subaperture images. Wanner and Goldluecke (2013) proposed a
local depth estimation algorithm using a structure tensor to
compute local slopes in epipolar plane image (EPI). Tao et al.
(2013) proposed a fusion approach that combined defocus
and correspondence cues to estimate the scene depth using
EPI, and the global smoothness of depth map was refined by
Markov random fields. Tosic et al. (2014) proposed a depth
estimation algorithm by defining a description of EPI texture
and mapping this texture to scale-depth space. Sabater et al.
(2014) proposed a depth estimation algorithm based on blockmatching using the sub-aperture images without demosaicking. Compared with above algorithms, Jeon et al. (2015) and
Zhang et al. (2015) achieved the sub-pixel shifts estimation
of sub-aperture images using the phase shift theorem in the
Fourier domain to obtain an accurate disparity map. In addition, Kim et al. (2013) estimated disparity maps using the 4D
light field captured by a digital single lens reflex (DSLR) with
movement. Chen et al. (2014) introduced a bilateral consistency metric on the surface camera to estimate stereo matches
in the light image in the presence of occlusion. However, the
baseline of the light field images used in Kim et al. (2013)
and Chen et al. (2014) are much larger than the baseline of
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the light field images captured by a lenslet light field camera;
thus, their methods are not directly applicable for the lenslet
light field camera.
In this paper, two improved methods including distortion
model optimization and depth estimation refinement for a
lenslet light field camera are proposed so as to achieve higher
depth estimation accuracy. First, a novel 14-parameter optical
distortion model is applied to correct the aberrations of the
lenslet light field camera. Then, a depth estimation algorithm
inspired by Jeon et al. (2015) is proposed to reduce the influence of outliers on the depth estimation for the light field images. The proposed depth estimation algorithm makes use of
the phase shift theorem in the Fourier domain to estimate the
sub-pixel shifts of sub-aperture images with an extremely narrow baseline as Jeon et al. (2015). Compared with Jeon et al.
(2015), our depth estimation algorithm divides the center subaperture image into strong texture regions and weak texture
regions by a strong texture confidence measure. Only costs in
strong texture regions are calculated and refined by taking the
center sub-aperture image as the guiding image to filter every
cost slice to alleviate the coarsely scattered unreliable matches
(He et al., 2013). With the cost volume, the multi-label optimization propagates the depth estimation in strong texture
regions to the weak texture regions. At last, the disparity
refinement (Yang et al., 2007) is used to recover a non-discrete
depth map. To verify the effectiveness and accuracy of the
proposed algorithm, qualitative and quantitative evaluations
have been performed by comparing with Jeon’s algorithm using complex real-world scenes. The experimental results show
that the proposed algorithm is effective and of higher accuracy
on depth estimation using a lenslet light field image.

Geometric Model of Light Field Camera
and Improved Distortion Correction
Camera Model and Three-dimensional Measurement Principles

For the traditional camera, its geometric model is based on
the collinearity equation. In contrast to a traditional camera,
a light field camera has a micro-lens array placed between
the main lens and the CCD array. The projection model of a
lenslet light field camera is shown in Figure 1. All rays from
an arbitrary point passing through the main lens and the
micro-lens intersect the CCD array at multiple points. In Figure
1, the rays from the arbitrary point P(Xc, Yc, Zc) in the camera
coordinate system penetrate the main lens and intersect at (X,
Y, Z), which are the image coordinates in the camera coordinate system. The micro-lens image center (uc, vc) is defined as
the intersection of the CCD, and a ray that passes through the
image center and the micro-lens center. Moreover,the coordinates of a projected point (u, v) in a micro-lens image centered at (uc, vc). The distance Lm is between the main lens and
the micro-lens array, the distance Lc is between the main lens
and the CCD array, (cx, cy) is the principal point.
The projection equation of the lenslet light field camera
proposed by Bok et al. (2014) is as follows:
 ∆u 
1
 ∆v  = K Z + K
 
1 c
2

 f x X c − Zcuc 
 f Y − Z v 
c c
 y c

(1)

where fx and fy are the principal distances of the main lens.
Moreover, Δu = u – uc and Δv = v – vc are the displacements
.
.
from the micro-lens image center. Here, uc = uc – cx and vc = vc
– cy. Parameters K1 and K2 are additional intrinsic parameters
calculated as follows (Bok et al., 2014).
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Figure 1. Projection model of a lenslet light field camera
(Bok et al., 2014).
K1 ≡ −

( Lm + F ) Lc ,
( Lm − Lc ) F

K2 ≡

Lm Lc
Lm − Lc

(2)

where F is the focal length of the main lens.
It should be noted that the displacements Δu = 0 and Δv =
0 for the rays through the center of lens, substituting Δu = 0
and Δv = 0 into Equation 1, it becomes the classical collinearity equation:

fx
uc  
=
v  
 c
 fy


Xc 
Zc 
.
Xc 

Zc 

(3)

One projection point in the raw image (sensor image)
yields one equation in the form of Equation 1, so at least two
corresponding points are needed to calculate their 3D coordinates. There are multiple corresponding points in the raw
image that come from the same object point when it is out of
focus. Therefore, the 3D coordinates of a target point can be
computed by Equation 1.
Using the projection equation (1), the theoretical accuracy
of three-dimensional measurement using light field images
can be analyzed.
From Equation 1, taking two corresponding points in the
u-direction as an example, their projection equations are as
follows:
1
∆u1 =
( f x X c − Zcuc1 )
K1Zc + K 2
(4)
1
∆u2 =
( f x X c − Zcuc 2 )
K1Zc + K 2
From Equation 4, we obtain
uc1 − uc 2 =

( ∆u2 − ∆u1 ) K 2 +
Zc

( ∆u2 − ∆u1 ) K1 .

(5)

.
.
We define p = uc1 – uc2 and ΔU = Δu2 – Δu1 to shorten Equation 5:
p=

∆UK 2
+ ∆UK1
Zc

(6)

From Equation 6, Zc can be solved by
Zc =

∆UK 2
p − ∆UK1

(7)
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this theoretical analysis, ΔU = 1 pixel,
σp = 0.14 pixel, and σu. c = σv.c = 14 pixels,
because the size of the raw image is 14
times the size of the sub-aperture image
for the Lytro Illum camera. In addition,
in order to study the measurement performance in different principal distance,
a Lytro Illum camera with the principal
distance of 23148 pixels is also analyzed. Figure 2 shows the expected 3D
measurement errors for a Lytro Illum
camera with the principal distance of
7,299 pixels and the principal distance
of 23,148 pixels.
From Equation 8, the expected meaFigure 2. Expected 3D measurement errors with two different principal
surement error σZc is 70.7 mm at 100 cm
distances: (a) The principal distance is 7,299 pixels; and (b) The principal
distance, and σZc is 159.1 mm at 150 cm
distance is 23,148 pixels.
distance for the Lytro Illum camera with
principal distance of 7,299 pixels, as
Taking partial derivatives on both sides of Equation 7 and
shown in Figure 2a. The expected measubstituting Equation 6 into Equation 7, we get the measuresurement error σZc is 5.24 mm at 100 cm distance, and σZc is
ment error in the Z direction as:
11.79 mm at 150 cm distance for the Lytro Illum camera with
the principal distance of 23,148 pixels, as shown in Figure
2b. Therefore, the expected working range for the light-field
∆UK 2
Zc2
σZ c = −
σ =−
σp
(8) camera for measurement purpose in metric range is within 1.5
2 p
∆
UK
( p − ∆UK1 )
2
meters.
where σp is the actual matching error and ΔU is equivalent to
the baseline of two sub-aperture images. Equation 8 states that
σZc is proportional to Z2c and σp but inversely proportional to
ΔU. Hence, we can improve the measurement precision in the
Z direction by reducing matching error σp or increasing ΔU.
From Equation 1, let Δu = Δv = 0. Then, we have:
uc
Zc
fx
v
Yc = c Zc
fy
Xc =

(9)

From Equations 8 and 9, the accuracies (standard errors
σXc and σYc) of the coordinates in the X and Y directions can be
calculated as follows:
σ Xc = (
σ Yc

Zc2 2 uc 2 2
Z
) ( ) σ p + ( c )2 σ u2c
fx
∆UK 2 f x

Z
Z2
v
= ( c )2( c )2 σ 2p + ( c )2σ v2c
fy
∆UK 2 f y

(10)

where σu. c and σv.c are the measurement errors of the raw image
coordinates in the horizontal and vertical directions, respectively. The measurement errors in Xc and Yc rely on not only
Zc, but also the position of the object in the raw image. At a
.
given Zc, the error of Xc is minimized when uc = 0, while the
largest errors of Xc lie on the left and right margins of the raw
image. Similarly, at a given Zc, the error of Yc is minimized
.
when vc = 0, while the largest errors of Yc lie on the top and
bottom margins of the raw image. Note that the formula for
σXc, σYc, and σZc is similar to that of the traditional stereo camera (Di and Li, 2007).
Using the standard errors σXc, σYc, and σZc, the expected 3D
measurement error can be calculated. In order to evaluate the
accuracy of depth estimation, we calculated the expected 3D
measurement errors for the Lytro Illum camera used in Hazirbas et al. (2017), whose principal distance is 7,299 pixels. In
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Optical Distortion Correction

For the traditional camera, the collinearity equations with
additional parameters as radial and decentering distortion
is used to calibrate cameras (Brown, 1966; Fryer, 1996). The
existing calibration methods (Dansereau et al., 2013; Bok et
al., 2014) for the lenslet field camera are also based on the
traditional radial distortion model:
 x 
2
4 x 
 y  = 1 + k1r + k2r  y 
 
 

(

)

(11)

where (x~,y~) are the undistorted coordinates, (x,y) are the distorted coordinates, and k1, k2 are two radial distortion parameters. Because the radial distortion model is based on a pinhole
camera model, in which the camera aperture is described as a
point and the rays always pass through the point. For a light
field camera, the rays that do not pass through the center of
the main lens cannot fit well to the model. Therefore, it is not
completely suitable to correct the light field images using the
radial distortion model. In this paper, a 14-parameter distortion model that considers aberrations is applied to correct distortions for the lenslet light field camera. It needs to be noted
that the decentering distortion parameters p1 and p2 are not
included in our distortion model. There are two reasons: first,
the effect of these parameters is very small to the center subaperture image of the light field cameras (Lytro Illum) according to our experiments, only about 0.001 pixels or less in the
root-mean-squared error (RMSE) of projection errors. Second,
the decentering distortion model does not fit well to the rays
and do not pass through the center of the main lens.
The flowchart of the distortion correction strategy is shown
in Figure 3. It consists of the following steps: (i) solving
interior parameters and exterior orientation parameters by
light field camera calibration using Bok’s calibration method
(Bok et al., 2014), as to be described; (ii) computing undistorted checkerboard corners based on the interior parameters
and distorted micro-lens image centers; (iii) getting distorted
checkerboard corners by matching between the raw image
and the center sub-aperture image; (iv) determining 14 initial
distortion coefficients using the undistorted and distorted
checkerboard corners based on 14-parameter distortion
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model; and (v) solving 14 optimized distortion coefficients by
recalibration with distorted checkerboard corners, 14 initial
distortion coefficients, interior parameters, and exterior orientation parameters.

Light Field Camera Calibration

(red dots in Figure 5b)) of the virtual micro-lenses (red dashed
box in Figure 5a) are evenly spaced and aligned horizontally
and vertically in CCD array. The first center of the virtual
micro-lens is at the coordinate (7.5, 7.5) in the CCD array.
The space between these centers is the same size as those of
the true micro-lenses (14 pixels). Every virtual micro-lens

The lenslet light field camera is firstly calibrated by Bok’s method (Bok et al., 2014) to
get the interior parameters (K1, K2, fx, fy, cx,
cy, k1, k2) and exterior orientation parameters
R, t. The Camera Calibration Toolbox for
MATLAB (https://sites.google.com/site/yunsubok/lf_geo_calib) is used to complete the
calibration with the raw images of checkerboard pattern captured from the different
distances and orientations. The Lytro Illum
camera and an example of a checkerboard
pattern raw image from Bok’s calibration dataset which are available online (Bok, 2017)
are shown in Figure 4. The size of the raw
image is 7,7285,368 pixels.
The distortion model used in Bok’s
calibration method (Bok et al., 2014) is the
traditional radial distortion model with
distortion coefficients k1 and k2. Using the
distortion coefficients, the center sub-aperture image to be described can be corrected,
which is used to get distorted checkerboard
corners by matching with the raw image to
be described.
The interior parameters (K1, K2, fx, fy, cx,
cy, k1, k2) and exterior orientation parameters
obtained in this subsection are utilized as
fixed values to recalibrate camera to get 14
optimized distortion coefficients.

Sub-Aperture Image Generation

A sub-aperture image is a collection of
camera rays that pass through the common
point on the main lens. Taking the same
pixel underneath each micro-lens, the subaperture images from different angles can be
obtained. As shown in Figure 5a, the green
lines, blue lines and yellow lines come from
different angles respectively, each of them
can make up a sub-aperture image. Figure
5b is an overhead view of Figure 5a.
In this paper, a new method for the subaperture images generation is proposed. The
micro-lenses are hexagons and arranged like
a honeycomb, but the sub-aperture image
is an orthogonal grid. Therefore, the center

Figure 3. Flowchart of the distortion correction strategy.

Figure 4. (a) The Lytro Illum camera, and (b) An example of a raw image from Bok’s dataset for calibration
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corresponds to a pixel (the red grid in Figure 5b) in a sub-aperture image. Taking the same pixel underneath each virtual
micro-lens, sub-aperture images from different angles can be
obtained. The corresponding relationship between the coordinate (us, vs) in the sub-aperture image and the virtual microlens image center (uc, vc) in the raw image is as follows:
uc = (us − 1) * s + u0
v c = (v s − 1) * s + v 0

(12)

where s is a scaling factor whose value equals the space between
the centers of two virtual micro-lenses (here, s = 14). Moreover,
(u0, v0) is the coordinate of the first center of the virtual microlenses in the CCD array (here, u0 = 7.5 pixel, v0 = 7.5 pixel).

The value of a pixel underneath virtual micro-lens can
be calculated by barycentric interpolation among the pixels
with same displacements from adjacent micro-lens image
centers underneath three nearest micro-lenses to the virtual
micro-lens. For example, as shown in Figure 5a, the value of
the green grid underneath the virtual micro-lens (red dashed
box) can be calculated by barycentric interpolation among
the green pixels underneath three nearest micro-lenses to the
virtual micro-lens. In practice, the size of the sub-aperture
images, which corresponds to the number of the virtual
micro-lenses, can be arbitrary. However, we set the size of the
sub-aperture images to be the same as the size of the raw image scaled by the diameter of a real micro-lens (14 pixels).

Acquisition of Undistorted and Distorted Checkboard Corners

The white image shown in Figure 6 is an image taken through
a white diffuser, or of a white scene by the light field camera

Figure 5. (a) Imaging model of light field camera (side view). The blue rectangles represent micro-lenses. The red dashed
box represents a virtual micro lens; and (b) Overhead view of (a). The aqua grid represents the CCD pixels, and the overlaid
blue hexagons represent the micro-lenses. The red dots are our virtual micro-lens image centers. The green, blue, and yellow
squares represent the pixels with same displacements from adjacent micro-lens image centers, respectively. Each red grid cell
represents one pixel in the sub-aperture image.

Figure 6. A white image showing the effect of vignetting. The brightest spots in the micro-lens image are extracted as the
micro-lens image centers.
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(Dansereau et al., 2013). Because of vignetting, the brightest
spot in each micro-lens image approximates its center.
The distorted micro-lens images centers can be extracted using the white image (Bok et al., 2014). The undistorted microlens images centers are calculated by removing distortion from
the distorted checkerboard corners with distortion coefficients
k1 and k2. The distorted micro-lens images centers and checkererboard corners on the raw image are shown in Figure 7
. .
The undistorted checkerboard corners (ul, vl) in the raw image can be calculated using the equation:
u l  ucl + ∆ul 
v  = v + ∆v 
l
 l   cl

Recalibration with the 14-parameter
Distortion Model

The light field camera records the information of the rays
from multiple directions, and therefore various types of
aberrations need to be considered to correct distortions. A
geometric model that explicitly describes how an aberrated

(13)

. .
where (ucl, vcl) are the corresponding undistorted micro-lens
images centers, and (Δul, Δvl) are the corresponding displacements of the checkerboard corners from the undistorted
. .
micro-lens centers. In order to get (ucl, vcl), the displacements
Δu and Δv varied from −4 pixels to 4 pixels in intervals of 0.5
pixels. Then, the corresponding undistorted micro-lens image
. .
centers (uc, vc) are computed according to the following equation, which can be got from Equation 1:
 f x X c − ∆u ( K1Zc + K 2 ) 



Zc
uc  

=
v  

∆
−
+
f
Y
v
K
Z
K
(
)
 c  y c
1 c
2 


Zc

(14)

Figure 7. A raw image of a checkerboard pattern. The green
dots represent the distorted micro-lens image centers. The
red dots represent the distorted checkerboard corners.

where (Xc, Yc, Zc) are the 3D coordinates of checkerboard
corners in the camera coordinate system, which can be
calculated by transforming the world coordinate (Xw, Yw, Zw)
of the checkboard corners with the rotation matrix R and the
translation vector t from the above calibration:
Xc 
 Xw 
Y  = R Y  + t
 c
 w
 Zc 
 Zw 

(15)

. .
The calculated (uc, vc) may not be included in the undistorted micro-lens image centers. Therefore, the undistorted
. .
.
micro-lens image centers nearest to (uc, vc) are chosen as (ucl,
.
vcl). The corresponding (Δul, Δvl) are calculated by Equation
Figure 8. Distorted checkerboard corners in the raw image.
. .
1. Finally, (ul, vl) are obtained by
Equation 13).
The distorted checkerboard
. .
corners on the raw image (ua, va) are
extracted by matching the center
sub-aperture image with a raw image based on least-squares matching. The checkerboard corners to be
matched in the center sub-aperture
image are extracted through corner
detection. The initial checkerboard
corners to be matched in the raw
image are derived by adding distortion on the undistorted checker. .
board corners (ul, vl) with distortion
parameters k1 and k2.
All extracted distorted checker. .
board corners (ua, va) are shown in
Figure 8.
Figure 9. Geometric model for an aberrated rotationally-symmetric lens. Off-axis point P
passes through the exit pupil of an aberrated rotationally-symmetric lens and intersects
with the sensor plane. Here, is the undistorted point and is the distorted point.
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Table 1. Primary aberrations (Mahajan, 1984).
Wave aberration terms

Aberration name

4

W1(e, l ) =|e |

Spherical

W2(e, l ) =|e |2 (e ⋅ l )

Coma

W3(e, l ) =|e ⋅ l |2

Astigmatism

2
W4 (e, l ) =|e ||
l |2

Field curvature

W5(e, l ) =| l |2 (e ⋅ l )

Distortion

Table 2. Secondary aberrations (Mahajan, 1984).
Wave aberration terms

Aberration name

6

W6 (e, l ) =|e |

Spherical*

W7 (e, l ) =|e |4 (e ⋅ l )

Coma*

W8(e, l ) =|e |2 (e ⋅ l )2

Astigmatism*

W9 (e, l ) = (e ⋅ l )3

Arrows

4
W10 (e, l ) =|e ||
l |2

Lateral spherical

2
W11(e, l ) =|e ||
l |2 (e ⋅ l )

Lateral coma

2
W11(e, l ) =|e ||
l |2 (e ⋅ l )

Lateral astigmatism

2
W13(e, l ) =|e ||
l |4

Lateral field curvature*

4

W14 (e, l ) =| l | (e ⋅ l )

Lateral distortion*

*The word “secondary” is associated with these aberrations, e.g.,
secondary spherical.

Table. 3 Correlation coefficients for the aberration parameters.
Parameter 1
α1
α1
α2
α2
α2
α3
α3
α3
α4
α4
α4
α5
α6
α8
α9
α11
α12

rotationally-symmetric lens bends a ray is introduced (Figure
9). There are two basic rays: an ideal off-axis ray that describes how a thin lens bends a ray at a general point (X0, Y0,
0) on the exit pupil, and the aberrated off-axis ray that passes
through the same point on the pupil but deviates from the
ideal one.
For a rotationally-symmetric lens, its aberrations include
primary, secondary, and tertiary aberrations (Mahajan, 1984).
It was found experimentally that the first two aberrations are
sufficient to correct the light field image accurately. Aberration V(e,l) can be modeled as a function of the pupil point
e = (X0, Y0) and the undistorted point l = (xl, yl) (Mahajan,
1984). The function can be written as a power series (Tang
and Kutulakos, 2013), our 14-parameter distortion model is
represented as:

Parameter 2
α4
α6
α5
α7
α14
α4
α8
α12
α6
α12
α13
α14
α10
α10
α11
α14
α13
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Correlation
coefficient (%)
62.93
89.19
66.16
73.70
57.10
51.47
45.27
83.80
50.35
42.57
81.73
94.24
46.23
55.10
56.52
42.76
57.45

V (e, l ) =

∑a

k

k

∂Wk (e, l )
∂e

(16)

where ak(k = 1, 2, …, 14) are the distortion coefficients, Wk(e,
l) are the wave aberration terms.
For primary (or Seidel) aberration, the aberration terms are
listed in Table 1.
For secondary (or Schwarzschild) aberrations, the aberration terms are listed in Table 2.
The aberration items

∂Wk (e, l )
are obtained by taking
∂e

the partial derivative of the wave aberration items Wk(e, l) with
respect to e. For instance, the term

∂W5(e, l )  ∂W5(e, l ) ∂W5(e, l ) 
=
,
∂e
∂Y0 
 ∂X 0

∂W5(e, l )
∂W5(e, l )
= x l ( x l2 + y l2 ) , and
= y l ( x l2 + y l2 ) . The
where
∂X 0
∂Y0

term

∂W14 (e, l )  ∂W14 (e, l ) ∂W14 (e, l ) 
=
,
∂e
∂Y0 
 ∂X 0

,

, where

∂W14 (e, l )
∂W5(e, l )
= x l ( x l2 + y l2 )2 , and
= y l ( x l2 + y l2 )2
∂X 0
∂Y0
.
The coefficients a5 and a14 corresponds to the traditional
radial distortion coefficients k1 and k2.
The high correlations between parameters may affect the
numerical solution and the estimated parameters (Clarke and
Fryer, 1998). We analyze the correlation between the relevant
parameters. Correlation coefficients are obtained directly from
the covariance matrix using a given set of observation equations and the functional model (Equation 16). The corners
used to compute the distortion coefficients using Equation
16 are 37,233 in total from 20 images captured from different
distances and orientations. The parameters which showed a
high level of correlation are shown in Table 3.
From Table 3, the radial distortion parameters a5 and a14
have the highest correlation coefficients 94.24%. There are
different extents of correlation between other parameters. But
the high correlation coefficients don’t imply that one parameter can dropped without consequence (Clarke et al., 1998). It
is found experimentally that RMSE values of projection errors
can achieve minimization using all of 14 parameters to correct distortion. Therefore, the 14-parameter distortion model
is applied in the paper.
With the 14-parameter distortion model, the field light
camera is recalibrated using distorted checkerboard corners,
14 initial distortion coefficients, interior parameters (K1, K2, fx,
fy, cx, cy) and exterior orientation parameters.
The initial values of 14 distortion parameters are obtained
through minimizing the following objective function:
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G=

∑( x

a

− x l − Vx (e, l )

2

+ y a − y l − Vy (e, l ) 2 )

(17)

min

where V(e, l) is calculated according to Equation 16. For a
lenslet light field camera, the point e = (X0, Y0) on the exit
pupil can be calculated from the following equation (Bok et
al., 2014):
 xa 
y  =
 a

ua / f x 
v / f  ,
 a y

(18)

where (Δu, Δv) are the displacements from the micro-lens image
centers. The distorted checkerboard corners la = (xa, ya) and
undistorted checkerboard corners l = (xl, yl) are computed using:
 xa 
y  =
 a

ua / f x   x l 
v / f  ,   =
 a y  y l 

u l / f x 
v / f  ,
 l y

(19)

The extracted distorted checkerboard corners in raw image
. .
are denoted by m = [ua, va]T. The coordinates of the checkerboard corners in the world coordinate system is denoted by m
= [Xw, Yw, Zw]T. If the images used to calibrate are taken from
N poses and there are C checkerboard corners in each image
used to calibrate, the distortion coefficients (a1, a2,…, a14) can
be obtained through an iterative optimization by minimizing
the following objective function:
N

C

∑∑m

ij

i =1 j =1

(

ˇ K1, K 2, f x , f y , c x , c y , a1, a2, …a14, Ri , t i , M j
−m

)

2

(20)

where m̌ is the projection of checkerboard corner Mj in image
i calculated by adding distortion V(e, l) on the undistorted
. .
. .
checkerboard corners (ul, vl), and (ul, vl) are calculated by
. .
Equation 13, (ucl, vcl) in Equation 13 is calculated by removing
distortion from the corresponding distorted micro-lens image
centers with radial distortion parameters a5 and a14. The corresponding (Δul, Δvl) in Equation13 are calculated by Equation
1. For Equation 20, it is a nonlinear minimization problem,
which is solved with the Levenberg-Marquardt algorithm as
implemented in More (1978).

Improved Depth Estimation

It is found experimentally that there are a number of outliers on depth estimation in the weak texture region due to the
influence of narrow baseline, noise and aliasing for a lenslet
light field camera. The proposed depth estimation method is
developed based on Jeon’s method (Jeon et al., 2015) with a

simple improvement strategy to reduce the influence of outliers on depth estimation. The cost volume in Jeon’s algorithm
is refined. In our proposed algorithm, the center sub-aperture
image is divided into strong and weak texture regions by a
strong texture confidence measure. Costs are only calculated
in strong texture regions. With the cost volume, the multilabel optimization propagates the correct depth in the strong
texture regions to the weak texture regions. At last, the disparity refinement (Yang et al., 2007) is used to recover a nondiscrete depth map.

Strong Texture Confidence

The strong texture confidence measure Ce is used to test
which regions of the center sub-aperture images the depth
estimation seems promising. We define it as:
Ce (u, v ) =

∑

u′ ∈N (u,v )

( ) ∑

I c (u, v ) − I c u′, v +

v ′ ∈N (u,v )

I c (u, v ) − I c (u, v ′)

(21)

where N(u, v) is a 1D window in the center sub-aperture
image Ic. The size of the neighborhood can be small (seven
pixels in our experiment) as it is supposed to measure only
the local color variation.
In order to get more reliable strong texture region, the
guided filter (He et al., 2013) is applied to smooth Ce with
the center sub-aperture image. Then, a threshold is set to Ce,
resulting in a binary confidence mask Me, which marks the
strong texture regions as shown in Figure 10.

Cost Volume Computation

Our algorithm only computes the matching costs for the
pixels in the center sub-aperture images with Me (u, v) = 1.
The matching costs for the pixels with Me (u, v) = 0 is set to
a constant value. The cost volume C(u, v, l) computation is
defined as:
C (u, v , l ) = α C A (u, v , l ) + (1 − α )CG

(22)

where α ∈(0,1) is the balancing parameter. The sum of absolute differences CA(u, v, l) is defined as:


C A (u, v , l ) = 


∑(

u,v )∈Ω

min( I c (u, v ) − I o (u + ds , v + dt ) , τ 1 ) if M e (u, v ) = 1
τ1

if M e (u, v ) = 0

(23)

where Ic is the center sub-aperture image, IO are the other
sub-aperture images, and τ1 in the first equation in Equation
23 represents a truncation used for removing the bad matches,
CA(u, v, l) in the second one in Equation 23 one can be arbitrary constant value. Here, it is set to τ1. Moreover, Ω is a small
square region centered at (u, v). The sub-pixel shift vectors ds,
dt of the multi-view sub-aperture images are defined as:

Figure 10. (a) Center-aperture image, and (b) Strong texture regions (white) and weak texture regions (black).
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ds = kl(s − sc )
dt = kl(t − tc )

(24)

where k is the unit of label in pixels, (sc, tc) is the center view,
and (s, t) are the other views. The sum of gradient differences
CG is defined as



CG (u, v , l ) = 




∑

(u,v ∈Ω )

β min(|∇u I c (u, v ) − ∇u I o (u + ds , v + dt )|, τ 2 )

(

+ (1 − β ) min ∇v I c (u, v ) − ∇v I o (u + ds , v + dt ) , τ 2

)

if M e (u, v ) = 1

if M e (u, v ) = 0

τ2

(25)

where β ∈(0,1) control the relative importance of two direction gradient differences, and τ2 in the first equation in Equation 25 represents a truncation used for removing the bad
matches, CG(u, v, l) in the second one in Equation 25 can be
arbitrary constant value. Here, it is set to τ2. In order to alleviate the coarsely scattered unreliable matches, the guided filter
(He et al., 2013) is used in every cost slice to get the refined
cost volume C ′(u, v, l).

method proposed by Yang et al. (2007) is applied. The conm
tinuous disparity l is calculated as:
lm = l −

C ( l+ ) − C ( l− )
2(C ( l+ ) + C ( l− ) − 2C (l ))

(27)

where l+ = l + 1 and l– = l – 1 are the adjacent cost slices of l, l
m
is the discrete disparity with the minimal cost, and l is the disparity with the minimum cost, which is derived from the least
square quadratic fitting over three costs: C(l–), C(l) and C(l+).

Experimental Results
Distortion Correction Result

After calibrating the camera using raw images, the sub-aperture images can be generated based on the interior parameters
and the distortion parameters. The exterior orientation parameters from the calibration result transform the checkerboard
coordinate to the camera coordinate. The transformation from
the camera coordinate to micro-lens image centers coordinate
is computed using Equation 14. The transformation from miMulti-label Optimization
cro-lens image centers coordinate to sub-aperture coordinate
Multi-label optimization using graph cuts (Kolmogorov et al.,
is computed using the inverse transformation of Equation 12).
2002) is performed to propagate and correct the disparities.
Corner features are extracted from sub-aperture images indeThe optimal disparity map is obtained through minimizing
pendently, and the root-mean-squared error (RMSE) values of
projection errors can be computed. To verify the effectiveness
lr = argmin∑
C ′ (u, v , l (u, v )) + λ 1 ∑
l (u, v ) − la (u, v ) + λ 2 ∑
l (u, v ) − l(u′, v ′ ) (26)
of our distortion model, we applied our correction method
(u,v )
(u,v )∈I
(u′,v ′ )∈N
and Bok’s method (Bok et al., 2014) on the Lytro Illum calibrawhere l is the center sub-aperture image, C ′(u, v, l (u, v)) is the tion dataset provided by Bok (2017). The calibration result
obtained by Bok’s method and our method for Bok’s datasets
refined matching cost using guided filter, (||l(u, v) – la(u, v)||)
are shown in Tables 4 and 5. Table 6 shows the comparisons
is the data fidelity, and ||l(u, v) – l(u′, v′)|| is the local smoothof reprojection errors based on Bok et al. (2014) and our modness, which is used to propagate the correct disparities to the
els using Bok’s dataset.
weak texture regions.
In addition, we apply our correction method and Bok’s
Disparity Refinement
method (Bok et al., 2014) on our dataset to further verify the
After the multi-label optimization, the discrete disparity map
effectiveness of our distortion model. Our dataset is captured
is obtained. In order to get a continuous disparity map, the
using a Lytro Illum camera at distances from 210 mm to 250
mm, which includes 12 images of a
Table 4. Interior parameters with Bok’s method for Bok’s dataset.
checkerboard pattern whose grid size is
7.22 mm. The camera is calibrated using
K1
K2(mm)
fx (pixel) fy (pixel) cx (pixel) cy (pixel)
k1
k2
Parameters
Bok’s geometric calibration toolbox (Bok,
3.373 2428.955 7134.867 7128.613 3842.742 2719.563 0.334 0.105
Value
2017), and the ray re-projection error in
3D is 0.088 mm. The calibration result
Table 5. Distortion coefficients with our method for Bok’s dataset.
is shown in Table 7. The distortion coefficients obtained by our method for our
Coefficient
Value
Coefficient
Value
datasets are shown in Tables 8 and 9 and
α1
α8
7.4569e-6
-5.6999e-6
show the comparisons of reprojection
errors based on Bok et al. (2014) and our
α2
α9
2.9391e-5
8.2009e-6
models using our dataset.
α3
α10
-3.2600e-5
-2.1190e-6
From Table 6 with Table 9, the projecα4
α11
tion errors of the sub-aperture images
5.3997e-5
-7.5619e-6
corrected by our method are clearly
α5
α12
-0.3228
1.0090e-4
smaller. Especially, the reprojection
α6
α13
-1.3753e-6
3.9430e-5
errors of the sub-aperture images with
larger displacement are significantly
α7
α14
-5.6920e-6
0.1730
improved using our correction method.
The RMSE in Table 6 for Bok’s and ours
Table 6. Comparisons of reprojection errors based on Bok’s (left) and our (right)
is 0.208 and 0.155 pixel, respectively.
models using Bok’s dataset (unit: pixel).
The RMSE in Table 9 for Bok’s and ours is
Δu
0.635 and 0.424 pixel, respectively. The
Δv
−3
−2
0
2
3
average projection error for the two da−3
0.255 | 0.151 0.207 | 0.154 0.177 | 0.164 0.195 | 0.158 0.236 | 0.142
tasets has decreased by about 30% with
our correction method.
−2
0.218 | 0.154 0.185 | 0.157 0.167 | 0.154 0.174 | 0.168 0.196 | 0.159
x

0
2
3

0.199 | 0.161
0.230 | 0.159
0.278 | 0.163

0.185 | 0.156
0.203 | 0.164
0.236 | 0.163
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0.168 | 0.137
0.184 | 0.161
0.203 | 0.163

0.175 | 0.166
0.187 | 0.163
0.224 | 0.158

0.182 | 0.172
0.216 | 0.155
0.270 | 0.154

Depth Estimation Result

The effectiveness of our distortion correction method and depth estimation
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method is qualitatively and
Table 7. Interior parameters derived by the calibration method (Bok et al., 2014).
quantitatively evaluated on the
Parameters
K1
K2(mm)
fx (pixel)
fy (pixel)
cx (pixel) cy (pixel)
k1
k2
Hazirbas’ dataset (Hazirbas et al.,
Value
-147.167
26708.272
23148.233
23116.376
3879.220
2710.382
0.686
-0.717
2017), which is a real-scene indoor
benchmark composed of 4D lightTable 8. Interior parameters with our method for our dataset.
field images captured by Lytro Illum camera and with ground truth
Coefficient
Value
Coefficient
Value
depth obtained from a registered
α
α
-1.5343e-5
1.6164e-6
1
8
RGB-D sensor. In order to verify
the effectiveness of our distortion
α2
α9
1.3736e-5
8.7593e-6
model, the sub-aperture images
α3
α10
2.1034e-4
-1.9066e-5
corrected by Bok’s (Bok et al. 2014)
α4
α11
7.3973e-4
3.1570e-5
and our methods are used to estimate depth with the state-of-the-art
α5
α12
-0.3484
0.0030
algorithm developed by Jeon et al.
α6
α13
-2.7023e-6
-0.0013
(2015). Jeon’s source code is released on the website (https://sites.
α7
α14
-1.2063e-6
1.7863
google.com/site/hgjeoncv/home/
depthfromlf_cvpr15). Moreover, in
Table 9. Comparisons of reprojection errors based on Bok’s (left) and our (right) models
order to verify the effectiveness of
using our dataset (unit: pixel).
our depth estimation method, we
Δu
have implemented it to compare
Δ
v
−3
−2
0
2
3
with the method developed by
−3
0.686
|
0.443
0.585
|
0.484
0.595
|
0.396
0.663
|
0.493
0.734
|
0.521
Jeon et al. (2015) by using the same
sub-aperture images corrected by
−2
0.691 | 0.460
0.607 | 0.389
0.511 | 0.337
0.593 | 0.379
0.717 | 0.522
our correction method. We fix the
0
0.686 | 0.370
0.605 | 0.422
0.277 | 0.274
0.519 | 0.408
0.649 | 0.432
user-defined parameters for a fair
2
0.662 | 0.364
0.618 | 0.348
0.572 | 0.401
0.567 | 0.343
0.708 | 0.547
comparison for the different correc3
0.791
|
0.477
0.685
|
0.383
0.551
|
0.397
0.632
|
0.521
0.781 | 0.373
tion method and dedicate to obtain
the best results by optimizing
Table 10. RMSE of the absolute error (unit: mm).
parameters for different depth esBok’s+Jeon’s
Ours+Jeon’s
Ours+depth
timation method. The code is running in MATLAB on an Intel i7 3.4
Scene 1
232.38
200.27
82.89
GHZ and 24 GB memory PC. The
Scene 2
220.97
181.24
128.40
parameters experimentally perform
Scene 3
122.91
118.04
95.72
well with α = 0.5, τ1 = 0.5, τ2 = 0.5,
label_number=40. The parameters
Table 11. Median of the absolute error (unit: mm).
λ1 and λ2 are empirically selected as
Bok’s+Jeon’s
Ours+Jeon’s
Ours+depth
λ1 = 2, λ2 = 0.009 for Bok’s and our
correction method, λ1 = 4, λ2 = 0.01
Scene 1
203.72
147.50
62.66
for our depth estimation method.
Scene 2
171.50
88.30
81.06
The absolute error map |destimate –
Scene 3
101.11
84.46
73.12
dgroundtrue| and the corresponding error distribution histogram (the error
to 11c, c, and from 11c to 11d, the changes of the bins concenof greater than 500 mm is set to 500 mm) are shown in Figure
trations verify the effectiveness of error reduction of both our
11. Bok’s plus Jeon’s represents Bok’s correction method and
distortion correction and depth estimation methods.
Jeon’s depth estimation method. Ours plus Jeon’s represents
The quantitative evaluations of our distortion correction
our correction method and Jeon’s depth estimation method.
and depth estimation methods are performed by computing
Ours plus depth represents our correction method and our
RMSE and median of the absolute error. The RMSE for the above
depth estimation method.
three scenes are shown in Table 10. The median of the absoIn order to compare the results in detail, parts of the imlute errors for the above three scenes are shown in Table 11.
ages in the red and green rectangles shown in the error maps
From the middle two columns of Table 10, we can find that
are magnified in Figure 11. Comparing the red squares in
the magnitude of RMSE reduction is not prominent, the average
Figure 11b and 11c in the three scenes, it can be seen that the
RMSE reduction of three scenes is about 12%; this is because
depth errors in the strong texture areas decrease using our
the distortion correction only reduces the depth error in the
correction methods, which reflects that our correction method
strong texture region. The last two columns of Table 10 show
is better than Bok’s in correcting the distortions. Comparing to
that with the same distortion correction method, our depth
the green squares in Figure 11b and 11c using depth estimaestimation method improves the accuracy of depth estimation
tion method of Jeon et al, we can find that using our method,
in weak texture regions, resulting in the obvious reduction
the depth errors shown in Figure 11d decrease also in the
of depth errors (about 42% for the average RMSE reduction of
weak texture regions. This is because our depth estimation
three scenes). The images we used in Hazirbas’ datasets are
method reduces the effects of outliers in the weak texture
captured at the range of 80~150 cm. The RMSE for our depth
regions. Accordingly, the reduction in depth error due to our
estimation method act in accordance with the theoretical
distortion correction method and the error reduction caused
analysis in Figure 2a, which verifies the correctness of our
by our depth estimation method are both reflected in the error
method. From Table 11, we can find the depth errors move
distribution histogram. As can be seen from the histograms
toward smaller values using our correction and depth estimashown in Figure 11, the concentrations trend of the bins
tion methods, which is consistent with movement trend in
toward smaller error in the error distribution histograms is
the errors distribution histograms shown in Figure 11. All
obvious by using our methods. From histograms in Figure 11b
the experiment results demonstrate the effectiveness of our
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proposed distortion correction and
depth estimation methods.
Though our methods produce
obvious improvements on depth
estimation. There are still some
small regions with large depth
errors in our depth estimation
results. For example, from Figure
11d in scene 1, we can find that
the depth errors within the region
shown in the blue square are large.
This is because that the region is
occluded all around and the correct
depth cannot be propagated into
it. From Figure 11d in scene 2, the
large error within the region shown
in the blue square are mainly
resulted from the influence of the
shadow. The effects caused by occlusion and shadow are our future
research work.

Conclusions

In this paper, we proposed a
distortion correction and depth
estimation method for lenslet light
field cameras. The improvements
include two aspects: (i) a novel
14-parameter distortion model was
used to correct the light field camera images and was demonstrated
to be superior to the traditional two
parameter radial distortion model;
and (ii) a depth estimation method
is proposed to reduce the impact
of outliers in weak texture regions.
In addition, a new algorithm was
proposed for sub-aperture image
generation and the theoretical
measurement error equation for the
lenslet light field camera is derived.
Distortion correction and depth
estimation experiments were carried out to validate the feasibility
and effectiveness of our proposed
method. The experimental results
show that our method outperforms
the state-of-art depth estimation
Figure 11. Absolute error map (unit:mm) and error distribution histograms. Every two
method with respect to accuracy.
rows reprent a separate scene. For each two rows: (a) center sub-aperture image (bottom)
According to the theoretical
and ground truth depth map (top); .(b-c) Absolute error maps (top) and error distribution
measurement analysis and experihistograms (bottom) from Bok’s and our correction methods both using Jeon’s depth
mental results, the unfocused pleestimation method; and (d) Absolute error map (top) and error distribution histogram
noptic camera is suitable for mea(bottom) using our correction method and our depth estimation method.
surement within a couple of meters
at a millimeter level precision. In
Hae-Gon Jeon of the Korea Advanced Institute of Science and
the future, with the foreseeable development of the light field
Technology (KAIST) for help with their projection model and
camera, e.g., by increasing the number of micro-lenses and/
for making the calibration toolbox available on the Web.
or increasing the size of CCDs, lens improvement, we believe
that it will be widely used in more applications.
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