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Abstract

In recent years, a lot of efforts have been devoted to the problem of depth estimation from lightfield images captured
by standard plenoptic cameras. However, most of the metric depth estimation methods in the state-of-the-art leverage
pixel disparity only. In this paper, we tackle the problem of focus-based metric depth estimation in standard plenoptic
cameras. For this purpose we propose a closed-form model that relates the refocusing parameter with the focus distance
of a plenoptic camera in order to allow for metric depth estimation. Based on the proposed model, we develop a
calibration procedure that allows finding the parameters of the model. Using measurements of a time-of-flight sensor
as ground-truth, experimental validation in a distance range of 0.2-1.6 m shows that focus-based depth estimation is
feasible with a root-mean-squared error of less than 5 cm.
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1. Introduction

One of the main advantages of plenoptic cameras is to
allow a fast capture of the lightfield with a single snap-
shot in a compact device [1]. In turn, depth estimation
based on the captured lightfield has many potential ap-
plications, such as passive 3D video recording, 3D mod-
eling, augmented reality, and depth-guided scene segmen-
tation and tracking [2]. However, these applications may
often require 2.5D images with metric information of the
scene. Unfortunately, state-of-the-art metric depth esti-
mation approaches based on standard plenoptic cameras
can deliver metric depth estimates based on disparity only,
whereas the focus cue is not exploited.

At this point, it is important to distinguish between
three main architectures of plenoptic cameras: coded-aperture
plenoptic cameras [3, 4], focused plenoptic cameras [1], and
standard plenoptic cameras [5]1.Although the feasibility of
coded-aperture plenoptic imaging has been demonstrated
[6], its main practical limitation is the high computational
cost and processing time of the algorithms used to re-
construct the lightfield using compressed sensing theory.
In contrast, both standard and focused plenoptic cameras
place a microlens array (MLA) in front of the sensor in
order to allow for a fast, efficient capture of the lightfield.
In the standard plenoptic camera, the sensor is located at
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1In the literature, standard plenoptic cameras have been also re-
ferred to as unfocused plenoptic cameras, multi-focus plenoptic cam-
eras or plenoptic camera 1.0. In this work, we have adopted the term
standard plenoptic camera

the focal length of the MLA. In contrast, in the focused
plenoptic camera, the MLA is focused at the focal plane of
the main lens. Commercial versions of the standard and
focused plenoptic cameras are manufactured by Lytro and
Raytrix, respectively.

The main advantage of the focused plenoptic camera is
the improved spatial resolution on the sampled light-field.
Alternatively, the standard plenoptic camera provides a
more compact and flexible design, at a significantly re-
duced cost. Since the public release of the first commer-
cial version of the standard plenoptic camera, namely the
Lytro camera, these features have attracted the interest
of the community and fostered research in applications of
plenoptic imaging. However, in the literature, most efforts
in camera modeling and calibration have been devoted to
the disparity cue [7, 8, 2, 9]. In contrast, current calibra-
tion models for the focus of standard plenoptic cameras are
not compatible with commercial devices since they require
direct control and knowledge of the internal parameters of
the camera [10, 11].

This paper tackles the problem of modeling and cali-
brating the focus for metric depth estimation in standard
plenoptic cameras. As previous researchers have shown,
the main depth cues in plenoptic images are two: focus and
disparity [12]. Therefore, absolute depth z can be encoded
either by means of the refocusing parameter, say ρ, and
disparity. Unfortunately, to the best of our knowledge, to
date there are not validated models for focus-based met-
ric depth estimation, which poses important limitations
for its application in different computer vision problems.
For illustration purposes, Fig. 1 shows a synthetically re-
focused lightfield at two different distances. Without a
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Figure 1: Digital refocusing of standard plenoptic camera. Left:
refocusing with ρ = −1.0. Right: refocusing with ρ = 1.0. Without
a proper model, the real metric in-focus distance corresponding to
each image is unknown.

proper model, the real focus distance would remain un-
known as a function of the refocusing parameter ρ2

In this work, we propose a closed-form analytical model
that relates the absolute depth z of an imaged point with
the refocusing parameter ρ. Based on this model, we pro-
pose a simple, reproducible calibration method for abso-
lute depth estimation.

The contribution of this paper is two-fold:

• We propose a closed-form model that relates abso-
lute depth z with the focusing parameter ρ in stan-
dard plenoptic cameras.

• We propose and validate an efficient method for the
calibration of the focus cue in standard plenoptic
cameras.

Although depth estimation is out of the scope of this
work, in addition to the aforementioned contributions, we
provide a benchmark with ground-truth data suitable for
quantitative assessment of depth estimation in standard
plenoptic cameras. The contributions of this work are of
interest to the community for future work in the develop-
ment of metric depth estimation methods, the fusion of
multiple cues for metric depth estimation, the comparison
of different depth cues, and the objective comparison of
depth estimation methods in standard plenoptic cameras.

2. Related work

The most closely related work to our approach can be
found in [11]. In that work, they derived a closed-form
solution for the real depth z and a refocusing parameter
defined by the authors. With that model, they predicted
the depth z of the refocused image for a distance range be-
tween 43 and 890 cm approximately. The model proposed
by [11] has three limitations: first, it requires accurate
knowledge of the internal parameters of the camera, such
as the focal length of the microlenses, the distance between

2In this work, the refocusing parameter ρ must not be confused
with the blur radius or blurring circle of conventional digital cameras
[13]

the MLA and the main lens, and the locations of the prin-
cipal planes of the main lens system. Secondly, it requires
a careful calibration setting with perfectly aligned optics,
which can be very difficult to meet in practice. Thirdly, the
model in [11] has only been validated with simulated im-
ages. In contrast, our method does not depend explicitly
on internal parameters since they can be found by means
of a simple calibration process. In addition, our model is
validated using real images.

Calibration methods that do not require explicit knowl-
edge of all the internal parameters of the camera have been
studied for focused plenoptic cameras [8, 7, 2, 9]. In that
scope, calibration of intrinsic camera parameters is also
performed similarly as with standard photography cam-
eras [14]. In [8] a laser range finder is used to provide
metric reference depth measurements for the calibration.
In [7, 2] and [9] they use planar calibration targets for esti-
mating internal camera parameters that allow mapping the
virtual depth provided by Raytrix cameras to real depth
values. Very recently, a method for the geometric calibra-
tion of standard plenoptic cameras has been developed in
[15]. All these methods allow for absolute depth estima-
tion based on pixel disparity only. That is, focus is not
modeled as depth cue. In contrast to the aforementioned
approaches, we propose a focus model tailored for stan-
dard plenoptic cameras (Section 3). In addition, based on
the proposed model, we derive a calibration method to al-
low for focus-based metric depth estimation in standard
plenoptic cameras (Section 4).

One of the most attracting features of plenoptic cam-
eras is the possibility of exploiting the rich angular and
spatial information contained in the lightfield. This has
motivated a lot of research efforts in depth estimation
based on different concepts, such as EPI representations
[16, 17], focus stacks [18, 19, 20], multiview stereo [21, 22],
and their combinations [12, 23, 24, 25]. However, all these
works provide depth estimates in method-specific depth
units, which are not linearly related to metric real-world
distances. The method presented here tackles this prob-
lem and provides an analytical model with a calibration
procedure for focus-based metric depth estimation.

3. Proposed focus model

One of the main features of standard plenoptic cameras
is to allow digitally refocusing captured images [5]. That
is, the captured image can be synthetically refocused to a
different focus distance as a function of a refocusing pa-
rameter, say ρ. In general, ρ can take any real value. How-
ever, in practice, the amount of refocusing is limited by the
resolution of the sampled lightfield. In order to derive a
closed-form model that relates the refocusing parameter
ρ with the metric focus distance z, we first describe the
decoding process of the lightfield in section 3.1. The refo-
cusing model that relates the metric focus distance z with
the refocusing parameter ρ is presented in Section 3.2.
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3.1. Lightfield decoding

The light flowing through space can be described in
terms of the plenoptic function. The plenoptic function, as
described by Adelson and Bergen [26], is a 7-dimensional
field P (x, y, z, γ, θ, λ, t) that depends on the spatial coor-
dinates (x, y, z), the direction of light rays (γ, θ), the wave-
lenght λ and time t. In order to understand how refocusing
is performed in a standard plenoptic camera, it is impor-
tant to describe the sampling of the plenoptic function that
takes place in the imaging process.

Without loss of generality, using the RGB representa-
tion of color and considering static scenes, the wavelength
λ and temporal dimension t can be dropped in order to
consider a 5-dimensional plenoptic function P (x, y, z, γ, θ).
In order to further reduce the dimensionality of the plenop-
tic function, Levoy and Hanrahan proposed a representa-
tion with only four parameters [27], namely the lightfield
L(u1, u2, s1, s2). This representation allows to parametrize
the plenoptic function within a finite space delimited by
two planes in terms of angular coordinates (u1, u2) and
spatial coordinates (s1, s2). For further details on the two-
plane representation of the lightfield, we refer the reader
to [27] and [28].

In order to sample the lightfield, standard plenoptic
cameras place a microlens array (MLA) in front of the
sensor of a conventional camera (see Fig. 2). The 2D sen-
sor is located at a distance β behind the MLA, where β is
the focal length of the microlenses. The aim is to demulti-
plex the angular information of the lightfield on the pixels
behind each microlens. In a post-capture process, lightfield
decoding is used for rearranging the 2D raw data on the
sensor, R(r), into the 4D representation of the lightfield
L(u, s), where r = [r1, r2]ᵀ is a vector with the horizontal
and vertical continuous spatial coordinates on the sensor;
and u = [u1, u2]ᵀ and s = [s1, s2]ᵀ are the discrete angular
and spatial coordinates of the lightfield, respectively.

An alternative representation of the lightfield can be
obtained in terms of views. Consider the plenoptic camera
with an architecture of M×N microlenses and with P ×P
pixels behind each microlens. The distorted lightfield can
also be interpreted as set of P × P views Iu(s) for every
value of u, such that u1, u2 ∈ {b−P/2c , · · · , 0, · · · , bP/2c}
with P an odd number3. In this case, each view corre-
sponds to a projection of the imaged scene for a specific
angle u. The 2D-to-4D mapping can be interpreted as a
re-sampling process. In this work, we utilize the decod-
ing and re-sampling methods proposed by Dansereau et
al. [29]. For additional details, please refer to the supple-
mental material.

3.2. Focus model

The lightfield captured by plenoptic cameras can be
used to digitally reconstruct an image corresponding to

3The angular views of the lightfield are often referred to as sub-
aperture images. For the sake of simplicity we use the term views in
this document

target main lens MLA sensor

Figure 2: Architecture for lightfield capture using a standard plenop-
tic camera. The sensor is placed at a distance β behind the microlens
array (MLA). The microlenses are used to demultiplex the light rays
in each light cone. This architecture allows to decode as many di-
rections as pixels there are behind each microlens.

target main lens MLA sensor

Figure 3: Lightfield refocusing. An image captured with the camera
focusing to a distance z0 can be digitally refocused to a distance z.
The shift ∆s is multiplied by the microlens diameter D (the same
micro-lens spacing) since the units of s are discrete samples. For
displaying purposes, the focal length and internal lens distances are
not represented up to scale.

different camera focus. Specifically, as illustrated in Fig.
3, when the MLA is located at a distance x0 from the main
lens, only the points located at depth z0 will be in perfect
focus. The relationship between x0 and z0 is given by the
well known thin lens equation:

1

f
=

1

x0
+

1

z0
, (1)

where f is the focal length of the main lens4.
In this case, the image corresponding to the focal plane

at x0 can be directly computed from the lightfield by ac-
cumulating all the views corresponding to different angles:

I(s;x0) =
∑
∀u

Iu(s) (2)

Taking advantage of the angular information of plenop-
tic images, the captured lightfield can be focused to an

4The main lens focal lenght f (measured in meters) must not be
confused with the focal lengths fx and fy (measured in pixels/meter)
of the pin-hole model
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arbitrary focal plane x. Specifically, this can be achieved
by accumulating shifted versions of the views [30]:

I(s;x) =
∑
∀u

Iu (s + ∆u) (3)

From Fig. 3, using similar triangles it is possible to
show that the shift in (3) depends on the pixel pitch µ, the
focal length of the microlenses β, the microlens diameter
D, and the separation between the real and synthetic focal
plane ∆x:

∆u =
µ

βD
∆xu (4)

For convenience, in this work we define the refocusing
parameter ρ as:

ρ =
µ

βD
∆x (5)

By combining (5) and (4), and substituting in (3), we
have the refocused image as a function of the refocusing
parameter ρ:

I(s; ρ) =
∑
∀u

Iu (s + ρu) (6)

In this paper, we are interested in establishing a closed
form relationship between an arbitrary focusing distance
z and the refocusing parameter ρ. From the thin lens
equation in (1), it can be readily shown that z = xf/(x−
f). In addition, since x = x0 −∆x, we obtain:

z =
f(x0 −∆x)

x0 −∆x− f
(7)

Finally, by substituting ∆x = βDρ/µ in (7), we find
the sought relationship as:

z = z0

(
1− a0ρ

1− a1ρ

)
, (8)

where a0 = βD/µx0, a1 = z0a0/f and z0 = x0f/(x0 − f)
is the current focus of the camera.

The model in (8) has several important properties.
Firstly, it is clear that for ρ = 0, the refocusing distance
is z = z0. This is the behavior expected since (6) is equiv-
alent to (2) when no refocusing is performed. A careful
analysis of (8) also reveals that the refocusing distance z
depends on the sign of ρ. Specifically, z > z0 when ρ > 0
and z < z0 when ρ < 0. Finally, it is possible to verify
that there is a singularity at ρ = 1/a1. It is possible to
demonstrate that this appears when the refocusing plane
is located at x = f . This is, when the lightfield is refo-
cused at the focal length of the main lens. This singularity
is, therefore, expected since this corresponds to a focus at
infinity z →∞. These facts are summarized in Fig. 4. A
formal demonstration of these properties can be found in
Appendix 8. The experimental validation of this model is
presented in Section 6.1.

Figure 4: Proposed focus model. z0 is the focusing distance with no
refocus (i.e., the actual focus of the camera). ρmax is the value of
the refocusing parameter for target at infinity.

4. Focus calibration

Based on the focus model developed in previous sec-
tion, we propose a calibration method that allows finding
the parameters a0, a1 and z0 of (8). The overall procedure
is summarized in Fig. 5.

4.1. Estimation of depth references

Since the un-rectified central view I0(s) is generated
from the actual projection centers of the micro-lenses, it
can be interpreted as a conventional 2D photograph cap-
tured with a camera with a reduced aperture [5]. Since the
change in aperture does not affect the parameters of the
pin-hole projection model, it is possible to utilize standard
camera calibration algorithms in order to find the intrin-
sic matrix and distortion parameters of the main lens of
the plenoptic camera. Specifically, in this paper we use
the calibration method presented in [14, 31]. This method
allows obtaining not only the pin-hole parameters of the
main lens but also a set of reference depth values for subse-
quent calibration of the refocus parameter. This procedure
is summarized below.

Consider a 3D point in real world metric units P =
[x, y, z]ᵀ that is projected to the undistorted image coor-
dinates s̃ = [s̃1, s̃2]ᵀ by means of the pinhole projection
model ω[s̃ᵀ, 1]ᵀ = KM[Pᵀ, 1]ᵀ. In this projection, ω is a
scale factor, and K and M are the intrinsic and extrinsic
matrices of the pin-hole model:

K =

fx 0 cx 0
0 fy cy 0
0 0 1 0

 and M =
[
R t

]
(9)

where fx and fy are the horizontal and vertical focal lengths
of the main lens; cx and cy are the coordinates of the prin-
cipal point; R ∈ R3×3 is a rotation matrix, and t ∈ R3×1

is a translation vector.
The distorted image coordinates s are related to the

undistorted coordinates s̃ by s1 = p1(s̃;κ) and s2 = p2(s̃;κ),
where p1(·) and p2(·) are two polynomials that model the
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Intrinsic & Extrinsic 
camera calibration

Estimation of depth
reference values

Image refocusing

Blur matching

Step 2

Step 1

Non-linear LSQ 
model fitting

Step 3

Figure 5: Proposed focus calibration method. The input is the set of central views corresponding to n different poses of a checkerboard

calibration target: I
(j)
0 (s) for j = 1, · · · , n. In the first step, standard camera calibration is used in order to compute a set of reference depth

values zi,j for j = 1, · · · , n and i = 1, · · · ,m, where m is the number of corners of the calibration target. In the second step, a value of the
refocusing parameter is associated to each reference point by means of blur-matching zi,j ← ρi,j (sec. 4.2). Finally, the parameters of the
model are found by non-linear LSQ fit to all zi,j − ρi,j pairs (sec. 4.3).

radial and tangential distortion of the lens, and κ = {k1, k2, · · · , k5}
is the set of five distortion coefficients of the model [14].

Now consider a planar calibration target with a checker-
board pattern of known dimensions. As shown in Fig.
5, the checkerboard pattern is placed at n different poses
with respect to the camera and contributes with a set of
corner points c = {P1,1,P1,2, · · · ,Pm,n}, where m is the
number of corners of the calibration pattern, and Pi,j =
[xi,j , yi,j , zi,j ]

T are the 3D coordinates of the i-th corner
point at the j-th plane pose. The output of the calibra-
tion process is the set of intrinsic camera parameters, and
the set of 3D coordinates (in camera frame) of each corner
point Pi,j for all (i, j)-pairs. Notice that each calibration
point is associated to a specific depth value zi,j . In the
sequel, we refer to each zi,j as a depth reference value.

4.2. Blur matching

In the proposed model, the relationship between the
depth z and the refocusing parameter ρ depends on the
focal length of the main lens, f , the focus at which the
image was captured, z0, and the constant a0. In general,
these parameters are unknown or, in the best of cases,
are only known approximately. Therefore, we propose to
estimate these parameters by fitting the curve z vs. ρ as
follows:

Let Pi,j = [xi,j , yi,j , zi,j ]
T be the real coordinates of

the (i, j)-th corner obtained in the calibration of main lens,
as described in previous section. The aim is to find the
refocusing parameter ρi,j that corresponds to that specific
depth reference value zi,j . For this purpose, we define
φi,j(ρ), the focus degree of the corner at Pi,j , as a function
of the refocusing parameter ρ:

φi,j(ρ) =
∑

s∈Ω(Pi,j)

|∇2
xI(s; ρ)|+ |∇2

yI(s; ρ)| (10)

where∇2
x and∇2

y are the horizontal and vertical Laplacian
operators; and Ω(Pi,j) are the set of image coordinates

(a)

...
...

(b)

Figure 6: Blur matching. In order to find the refocus parameter
corresponding to the depth reference zi,j , we seek to maximize the
degree of focusing of Ω(Pi,j), namely φi,j(ρ).

s such that ‖s− si,j‖ < r, where r is a given radius in
pixels, and si,j is the projection of Pi,j on the image plane
(see Fig. 6a). Intuitively, blur matching for calibration
purposes is equivalent to finding the sharpest image of the
edges of the calibration pattern. However, the focus degree
of (10) yields a more robust result for general targets (see
supplemental material).

The sought refocusing parameter ρi,j is found by means
of a greedy search that maximizes the focus degree of the
corresponding corner:

ρi,j = arg max
ρ

φi,j(ρ) (11)

By solving (11), each depth reference zi,j is matched
to a specific refocusing parameter ρi,j .

4.3. Non-linear LSQ fitting

The problem in (10) and (11) is analogous to the shape-
from-focus problem [19]. In Fig. 6b, we show the refocused
corner in Ω(Pi,j) for different values of ρ. The problem in
(11) finds the refocusing parameter that corresponds to
the maximal focus degree as measured by (10). Since the
corner at Pi,j is associated with a unique depth zi,j , this
solution establishes a one-to-one correspondence between
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Figure 7: TOF sensor-plenoptic camera setup for experimental vali-
dation. (a) Adapter with TOF sensor. (b) Assembling with plenoptic
camera.

a reference depth value and the corresponding refocusing
parameter zi,j ← ρi,j . Finally, the parameters in (8) can
be found by non-linear least squares fit to all the zi,j−ρi,j
pairs:

arg min
z0,a0,a1

∑
∀(i,j)

|z(ρi,j)− zi,j |2 (12)

5. Validation methodology

In order to validate the proposed model using inde-
pendent, objective measurements, we used a TOF sensor.
The aim is to compare depth estimates as predicted by
the proposed model with ground-truth measures obtained
from the TOF sensor. For this purpose, we designed and
3D-printed an adapter for assembling a standard plenop-
tic camera Lytro Illum5 with a Camboard Picoflex TOF
sensor6 (Fig. 7).

The TOF sensor and the plenoptic camera are pre-
calibrated using standard camera calibration and 3D-to-
2D pose estimation [14, 32, 33]. The pre-calibration step
allows finding the matrix of intrinsic parameters and dis-
tortion coefficients of the camera, namely K and κ, as well
as the matrix of extrinsic parameters of the camera with
respect to the TOF sensor M. In the validation process,
we use the corners of the checkerboard pattern correspond-
ing to a test target. It is important to remark that it is not
strictly necessary to use corner points in the validation step
since the test targets are not part of the calibration pro-
cess. However, since the corners of the checkerboard can
be detected reliably they can be used in order to reduce
the effects due to registration errors between the sensor
and camera that could bias the evaluation of the model.
The proposed model is validated using measurements from
the TOF sensor as ground-truth as described below.

Firstly, a corner point is detected based on the intensity
image captured by the TOF sensor (Fig. 8a). Let Ps =
[xs, ys, zs]

ᵀ be the 3D world coordinates provided by the
TOF sensor corresponding to the detected corner. The

5https://www.lytro.com/imaging
6http://pmdtec.com/picofamily/

Algorithm 1 Validation using TOF sensor

Require: a set of 3D coordinates of n corners in the test
target: P = {P(j)

s for j = 1, 2, · · · , n}
for all P(j)

s ∈ P do
s̃← project(Ps) using (13)
s← distort(s̃) using (14)
z∗ ← depth(s)
ej = z∗ − zS

end for
return RMSE(e)

point is then projected to undistorted image coordinates
s̃, that corresponds to the central view in camera frame,
using the pin-hole projection model:

ω

[
s̃
1

]
= KMPs, (13)

where ω is a scaling factor.
The coordinates of the corner point are then trans-

formed into distorted image coordinates by (Fig. 8c):

s =

[
p1(s̃;κ)
p2(s̃;κ)

]
, (14)

where p1(·) and p2(·) are the polynomials that describe
radial and tangential distortion of the camera.

The estimated depth at s, namely z∗, is found by means
of the focus-based depth estimation method presented in
the next section. Finally, the error e between the esti-
mated depth z∗ and the depth provided by the sensor zs
is computed. This process is repeated for each corner of
the test target, as summarized in Algorithm 1.

5.1. Performance measures

In order to assess the accuracy of the proposed model,
as well as the suitability for its use in depth estimation,
two different quantitative performance measures have been
considered: root mean squared error (RMSE) and Pear-
son’s correlation coefficient (r).

The RMSE is used as an objective metric error measure
and is simply computed as:

RMSE =

(
1

n

N∑
i=1

(zi − z∗i )2

)0.5

(15)

where n is the total number of measurements in the
experiment, z∗ is the depth estimate obtained using the
proposed method and z is the depth value for comparison.
Depending on the experiment, z can be a reference depth
value, as described in section 4.2, or a direct measurement
from the TOF sensor.

6. Experiments and results

For all the experiments, a Lytro Illum camera was used
and raw lightfield images were decoded into P × P views

6

https://www.lytro.com/imaging
http://pmdtec.com/picofamily/


(a) (b) (c)

Figure 8: Validation methodology. (a) A corner is detected in the sensor frame. (b) 3D coordinates measured by the sensor are given by
Ps = [xs, ys, zs]. (c) This point is projected in order to find the 2D coordinates s in camera frame. The estimated depth z∗ corresponding to
s is found using (11) and is compared with zs in order to compute the error. Test targets are excluded from calibration of the model using
leave-one-out validation.

(with P = 15), as described in Section 3.1. We conducted
experiments in order to assess the accuracy of the pro-
posed focus model and calibration method in Section 6.1.
We also analyze the performance of the proposed model in
the presence of noise and distortion in Sections 6.2 and 6.3.
Notice that the development of methods for depth estima-
tion is out of the scope of this work. However, experiments
on depth estimation based on the focus cue and its com-
parison with methods in the state-of-the-art are provided
in the supplemental material.

6.1. Model accuracy

In order to assess the accuracy of the model in (8), a
calibration dataset was captured using a planar target at
40 different orientations. Two images were excluded due
to inaccurate detection of the corners and therefore only
38 images were considered in the subsequent experiments.
The calibration target consisted of a checkerboard pattern
with 20 corners and a square size of 38 mm. Due to limi-
tations on the distance range of the TOF device used for
validation, the calibration range was restricted between 0.2
to 1.6 m. The calibration of the camera was performed as
described in section 4.1, thus obtaining 760 = 20× 38 ref-
erence depth values: one for every corner of each pose of
the calibration target. In order to facilitate subsequent
experiments, the calibration images were simultaneously
captured by the TOF sensor in order to register the range
data of the sensor with the viewpoint of the plenoptic cam-
era using 3D-to-2D pose registration, as described in sec-
tion 5.

We found the parameters of the model (a0, a1 and z0)
using leave-one-out validation with the proposed calibra-
tion method. In each fold of the validation, the depth ref-
erence values corresponding to 37 calibration images are
used for fitting the model. The reference values corre-
sponding to the remaining image are then used for testing
by comparing with depth values predicted by the model.
This process is then repeated 37 more times (one for each

calibration image available). This validation strategy has
been preferred for several reasons: 1) it allows a fair test
in which the fitted model is used to predict the depth of
“unseen” reference values, 2) it allows for an exhaustive
validation throughout the whole calibration range, and 3)
it allows performing a statistical analysis of the results.

Fig. 9a illustrates the fitting process of the model in
one of the validation folds. This figure shows that the pro-
posed model accurately describes the real behavior of the
focus distance z as a function of the refocusing parameter
ρ. The average absolute error between the adjusted model
and the reference depth values was 3.3 (±2.5) cm. Fig.
9b shows the scatter plot between test reference values
and predicted depth values across all the folds of the val-
idation process. Predicted and reference depth values are
highly consistent with a Pearson’s correlation coefficient of
r = 0.99 (95% CI: 0.98-0.99). A highly linear relationship
between the model and metric depth values is of great
importance since this demonstrates how well the model
conforms to the real physical behavior of the camera and
allows for removing systematic errors in subsequent depth
estimation tasks.

A key step in the proposed method is the estimation
of the reference depth values zi,j . This is in fact what
allows to perform the whole calibration process without
the need of external sensors -recall that the TOF sensor
is only used for validation purposes. In our experiments,
the RMSE between zi,j and zTOF was 18.4 mm, which
suggests that the estimation of depth reference values is
accurate enough for the application.

The experiments described previously validate the pro-
posed model under the assumption that standard camera
calibration can be used for finding the intrinsic parameters
of the central view of a plenoptic camera. In order to re-
lax this assumption, the experiments described previously
are repeated but, instead of comparing depth estimates
against depth reference values found by standard camera
calibration, depth measurements of the TOF sensor are

7



used as described in Section 5. As shown in Fig. 9c, com-
parisons with depth measurements obtained from the TOF
sensor show an average absolute error of 4.7 (±2.9) cm and
correlation coefficient of r = 0.99 (95% CI: 0.98-0.99).

6.2. Robustness analysis

There are two main potential error sources in the cali-
bration process: the estimation of the reference depth val-
ues zi,j used for calibration, and the estimation of the refo-
cusing parameter ρi,j by blur matching. It is clear that an
erroneous estimation of either of these variables will affect
the non-linear LSQ fitting of the model in (12).

The stability of the proposed calibration method to
the aforementioned error sources is assessed empirically
by adding noise to the depth reference and refocusing pa-
rameters. Specifically, the noisy values are computed as:

ρ̂i,j = ρi,j + ηe(ρr) (16)

and
ẑi,j = zi,j + ηe(zr), (17)

where ẑi,j and ρ̂i,j are the noisy depth reference and re-
focus parameter, respectively; η ∈ [0, 50]% is the amount
of noise; e(x) is a random variable with a uniform distri-
bution with values in the range [−0.5x, 0.5x]; and zr and
ρr are the range of the depth reference values, and the
refocusing parameter, respectively.

The effect of errors on the reference depth values and
the refocusing parameter are assessed independently. Specif-
ically, the effect of errors on the reference depth values are
assessed by fitting the curve ẑi,j vs. z(ρi,j) in each fold
of the validation process. In turn, the effect of errors in
the estimated refocusing parameter are assessed by fitting
the curve zi,j vs. z(ρ̂i,j). The experiment is repeated 30
times and the average RMSE error is computed. Obtained
results are summarized in Fig. 10. As shown in Fig. 10a,
the RMSE of the predicted depth values increases for in-
creasing noise levels in the refocus parameter. In contrast,
a more robust result is observed for errors in the reference
depth values (Fig. 10b). Notice that, strictly, the depth
reference values do not correspond to actual measurements
but they are estimated as part of the calibration process.
This experiment help to better understand the robustness
of the proposed approach. Remarkably, the calibration
methods seems to perform robustly in the presence of er-
rors with the RMSE reaching a maximum value of 14 cm
for a 50% error in the refocusing parameter.

6.3. Effect of image distortion

The decoding strategy presented in Section 3.1 assumes
that distortion parameters (i.e., tangential and radial dis-
tortion) of the central view can be used for decoding the
rest of angular views. As a result, the non-linear effect of
image distortion across the field of view of the camera can
be a source of error in the calibration process. In order to

assess this effect, we computed the error between depth es-
timates using the proposed method and depth values mea-
sured by the TOF sensor as a function of the projection
of the 760 3D corner points on the image field. In Fig.
11a, each dot represents the projection of one 3D point
on the image plane of the plenoptic camera. The red cir-
cles represent the magnitude of the error between depth
estimates and the measured depth values. From this fig-
ure, the error magnitude does not seem to follow a specific
trend since large and small errors are distributed across the
field of view without following a specific pattern. Fig. 11b
shows box plots of the distribution of the error magnitude
for different distances from the image center. An increase
in the error could be expected for larger distances to the
center. However, we could not verify this experimentally.
Two-sample t-test showed no statistically significant dif-
ferent between any of the distance ranges considered, thus
confirming the observations made on Fig. 11a.

7. Discussion

Previous work has consistently shown that the focus
cue can be successfully exploited for depth estimation in
conventional digital cameras [19, 34, 18]. In plenoptic cam-
eras, some researchers have used the focus cue, jointly with
stereopsis or other cues, in order to obtain non-metric
depth estimation [12, 25, 20]. In the literature, several
researchers have tackled the problem of disparity-based
calibration and depth estimation in focused plenoptic cam-
eras [7, 9, 2, 8]. Notwithstanding, results on metric depth
estimation in standard plenoptic cameras are scarse. Re-
cently, a method for the geometric calibration of standard
plenoptic cameras with disparity-based depth estimation
has been presented in [15].

In this work, we proposed a model that relates met-
ric depth units with the refocusing parameter of a stan-
dard plenoptic camera. One of the main advantages of the
proposed method is that it can be readily calibrated by
capturing a set of planar checkerboard patterns at arbi-
trary orientations. Although the calibration process has
been specifically developed for standard plenoptic cam-
eras, from the user perspective, this procedure is very sim-
ilar to the calibration of classic digital cameras which will
hopefully facilitate reproducibility.

Calibration accuracy

The proposed calibration model was tested using a
commercially available Lytro camera. Experiments in a
distance range between 0.2 m and 1.6 m yielded an average
depth estimation error of 3.3 cm. When using an external
TOF sensor for comparison, the average depth estimation
error rises to 4.7 cm in the same distance range. Note,
however, that this error estimate includes the uncertainties
due to the TOF sensor in the measurements. Specifically,
in this case, there are two sources of uncertainty when us-
ing depth measures from the TOF sensor as ground-truth:
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Figure 9: Model accuracy. (a) Fitting the focus model (continuous line) to measurements (dots). (b) Scatter plot between measured depth
reference values zi,j and estimated depth z(ρi,j). (c) Scatter plot between TOF depth values zTOF and estimated depth z(ρi,j). All units
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Figure 10: Empirical stability analysis. (a) RMSE as a function of
the noise level in the refocus parameter. (b) RMSE as a function of
the noise level in the depth reference values
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Figure 11: Performance of depth calibration across the image field
of view. (a) Depth estimation error for different locations in the
image field. For visualization, the radius of the circles representing
the error magnitude have been scaled by a factor of 100. (b) Error
box plots for different distances from the image center
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the inherent uncertainty of the depth sensor, and the error
between measurements by the TOF sensor and reference
depth values found by multi-view stereo calibration (sec-
tion 4.1). Determining the accuracy of classical multi-view
stereo calibration methods, as well as estimating the pre-
cision of the TOF sensor is beyond the scope of this work,
but results should be interpreted accordingly.

Experiments conducted to assess the robustness of the
proposed calibration method showed that the system is
stable. Specifically, as shown in Fig. 10 , the depth er-
ror rises smoothly with increasing levels of noise in the
estimated refocus parameter. The experimental evidence
provided here suggest that a simple low-order polynomial
models could be used to empirically adjust the physical
behavior of the real system.

Limitations

In the validation, the precision of error estimates is
highly dependent on the accuracy of the ground truth.
For the future work, more accurate ground truths could
be considered in order to better characterize the limita-
tions of the proposed approach. Although the results in
Fig. 11 suggest that the accuracy of the model is constant
through the whole field of view, potential errors due to
non-linear distortion effects of the main lens of the camera
and the deviations on the projection centers of micro-lenses
cannot be discarded. Recent advances in the geometrical
calibration of standard plenoptic cameras could be utilized
to study this issue [15].

Due to the limitations in the performance of focus-
based depth estimation methods in the lack of texture,
and the limited depth range of the TOF sensor used for
validation, the scenes considered here were captured in
controlled scenarios with limited depth range. Currently,
the test dataset is being expanded by including more chal-
lenging scenarios. Specifically, real scenes with large dis-
tance ranges, specular surfaces, and low-textured scenes
are being used in order to identify limitations of depth es-
timation methods for plenoptic cameras. The results and
data used in this work will hopefully serve as a baseline
for future developments in metric depth estimation using
standard plenoptic cameras. In order to foster research on
metric depth estimation in standard plenoptic cameras,
source codes and all images with depth ground-truth will
be publicly available as the TOF-LF dataset7.

8. Conclusions

In this paper, we tackled the problem of metric, focus-
based depth estimation in plenoptic cameras. For this
purpose, we have proposed a closed-form model for the
refocusing distance of a standard plenoptic camera, z, as
a function of the refocusing parameter, ρ. The model was
derived based on a first-order optical analysis of the image

7https://sites.google.com/view/cvia/plenoptic-imaging

formation process of the camera. Based on the proposed
model, we introduce a calibration method for finding the
parameters of the model. This calibration method has the
advantage that does not require knowledge of the internal
parameters of the camera. In addition, it can be conve-
niently performed without need of external sensors by only
using a simple planar checkerboard pattern.

The proposed model and calibration methods were tested
in metric depth estimation in real datasets in distance
range of 0.2-1.6 m. Obtained results show an average
RMSE error of approximately 5 cm. Experimental results
show for the first time that metric depth estimation based
on focus in standard plenoptic cameras is feasible. We
hope that the proposed model and calibration methods
can foster research on metric depth estimation in this type
of cameras.

Appendix

Properties of proposed focus model

The proposed focus model that relates the refocusing
distance z with the refocusing parameter ρ is given by:

z(ρ) = z0

(
1− a0ρ

1− a1ρ

)
, (18)

where a0 = βD/µx0, a1 = z0a0/f and z0 is the focus at
which the image was captured.

Based on (18) the following properties are satisfied:

• Property 1: The refocusing distance z is equal to
the focus of the camera z0 if ρ = 0:

z = z0 ⇔ ρ = 0

Demonstration: By direct substitution of ρ = 0 in
(18).

• Property 2: The refocusing distance z is greater
than z0 for ρ > 0.

z > z0 ⇔ ρ > 0

Demonstration: From (18) it is clear that z > z0

if 1− a0ρ > 1− a1ρ for ρ > 0. Therefore, z > z0 if:

a1 > a0 (19)

Since a1 = z0a0/f , then (19) is satisfied if z0 > f is
assumed. In practice, this assumption is valid since,
due to mechanical limitations in the lens-sensor sys-
tems, the minimum focus distance of a camera in-
creases for larger focal lengths. Therefore, property
2 holds for z0 > f .

• Property 3: The refocusing distance z is lower than
z0 for ρ < 0.

z < z0 ⇔ ρ < 0
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Demonstration: From (18) it is clear that z < z0 if
1−a0ρ < 1−a1ρ. However, by subtituting ρ by −ρ,
the same result as in (19) is reached. Similarly as in
property 2, property 3 is valid for focusing distances
greater than the focal length of the camera.

• Property 4: There exists a finite value ρmax for
which z(ρ) → ∞ that corresponds to a focal plane
located at x = f :

lim
ρ→ρmax

z(ρ) =∞⇔ x = f

Demonstration: From equation (18), it is straigh-
forward to show that there exist a singular point at
1− a1ρ = 0. Therefore, z(ρmax) =∞ for:

ρmax =
1

a1
=
fµx0

βDz0
(20)

By definition, ρ = µ∆x/βD. Therefore:

∆x =
βD

µ
ρ (21)

By replacing (20) in (21), we get:

∆x = f
x0

z0
(22)

From the thin-lens equation, by replacing z0 = x0f/(x0−
f) in (22), we get:

∆x = x0 − f

Since x = x0 + ∆x, we have therefore demonstrated
that x = f and z =∞ for ρ = ρmax.
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