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Light field camera with a microlens array can realize spatio-angular joint sampling of light ray field at the cost of
a trade-off between spatial and angular resolutions. Alternatively, focal stack-based light field reconstruction can
computationally retrieve full-pixel-resolution light fields in object space by virtue of the transport-of-intensity
property in an image sequence recorded at different focal depths in image space. However, traditional cam-
era imaging generally involves a nonlinear mapping between object and image spaces. The inconsistency of
image-space recording and object-space reconstruction will reduce the accuracy of reconstructed light fields. In
this work, we focus on analyzing and addressing the problem caused by the object-image space inconsistency
for high-resolution, high-accuracy focal stack-based light field reconstruction. With a pre-calibrated light field
camera as a reference, light field reconstructions in object and image spaces are experimentally compared and
discussed from different aspects, such as digital refocusing, viewpoint switching, angular resolution, and depth
range and sampling rate. All experimental results demonstrate that the light field reconstruction accuracy can
be significantly improved when satisfying the object-image space consistency, which can serve as a mechanism
for the realization and application of high-quality computational light field imaging and measurement in the

situation of nonlinear recording and reconstruction.

Introduction

Due to the human retina’s well-known “what you see is what you
get” property, traditional two-dimensional imaging sensors provide a
significant optical difficulty that only records two-dimensional spatial
intensity information. The emerging of computational photography, typ-
ically light field imaging, breaks through this limitation. Light field is
a representation of full four-dimensional (4D) radiance of all rays with
spatial and angular information in free space. Light field camera em-
bedded with a microlens array can simultaneously record the 4D spatio-
angular information of light rays [1,2], enabling many new develop-
ment potentials for computational imaging such as viewpoint switch-
ing, digital refocusing, panoramic focusing, depth-of-field expansion,
and depth/three-dimensional (3D) sensing [3-5].

However, such spatial multiplexing technique using a microlens ar-
ray suffers from a trade-off between spatial and angular resolutions. In
general, the spatial resolution is one to two order magnitudes lower than
the used pixel amount of the sensor. Although higher spatial (angular)
resolution can be resolved from light field images because of spatio-
angular sampling redundancy [6,7], the multiplexed space of the sensor
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still strictly limits the super-resolution capability. Alternatively, scan-
ning light field imaging with high spatial resolution can be achieved
by dithering a microlens array [8,9] or using a galvanometer [10] at
the expense of requiring additional motion devices and making the sys-
tem architecture more complicated. Another spatio-angular sampling
modality is to record the spatial information of light fields angle to an-
gle through a camera array [11,12] or single-camera motion [13], but
the angular resolution is limited by the array size or the motion number.

In contrast to direct spatio-angle sampling, one can use other op-
tical components, such as coded aperture [14,15], attenuation mask
[16,171, diffuser [18,19], and graphene layers [20], instead of the mi-
crolens array, as modulators to pre-modulate the incident light field for
computational light field imaging. These techniques can increase the
spatio-angular sampling redundancy in the spatial or frequency domain
to demodulate light fields with high spatio-angular resolution. In addi-
tion to physically encoded devices, the incident light field can be dig-
itally modulated in terms of light field propagation, the core of which
is the inverse reconstruction of Fourier slice photography [21]. With a
traditional camera to capture images at different focal depths, the full-
pixel-resolution light field information can be retrieved according to the
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transport-of-intensity property in a focal stack (FS). Levin and Durand
[22] in 2010 and Alonso et al. [23] in 2016 deconvoluted a dense FS us-
ing different defocused blur kernels. In 2013, Orth and Crozier [24] pro-
posed light field moment imaging to deconvolve the first-order moment
of light fields from a defocused image pair. These methods can demod-
ulate partial information of the 4D light field from 3D FS, achieving
viewpoint synthesis and rendering. In 2014, Park et al. [25] proposed
computed tomography-like light field reconstruction (LFR) by back-
projecting the multifocal intensity images. However, the incomplete re-
construction restricted by the depth-of-field of cameras may suffer from
artifacts. Subsequently, Mousnier et al. [26] and Chen et al. [27] over-
came the defocus noise problem in LFR by recognizing the focused in-
formation in FS. Recently, researchers regarded focal stack-based light
field reconstruction (FS-LFR) as an inverse problem and proposed dif-
ferent iterative algorithms to obtain optimized light fields [28-32].

Although the works mentioned above can successfully recover the
light field information from FS, there is still a problem in FS-LFR that
has not been discussed and analyzed yet. In the process of acquiring
FSs in image space and reconstructing light fields in object space, the
inconsistency of image-space recording and object-space reconstruction
will reduce the LFR accuracy due to the nonlinear mapping between
the image and object spaces of the camera. In this work, for the first
time, we investigate the object-image space consistency problem for
high-accuracy FS-LFR. We used a pre-calibrated light field camera to
establish the precise metric mapping between image and object spaces
[371, based on which light fields in the two spaces were reconstructed
using the same FS. The reconstructed light fields were compared with
the reference signal provided by the light field camera to discuss and
analyze the reconstruction performance in digital refocusing, viewpoint
switching, angular resolution, depth range, and sampling rate. Exper-
imental results demonstrate that the object-image space inconsistency
significantly reduces the FS-LFR accuracy, while the reconstruction error
is more sensitive to the edges of objects, viewpoint, and depth range. It
verifies the necessity of object-image space consistency for high-quality
FS-LFR, which can be used as a mechanism to realize and apply compu-
tational light field imaging when the recording and reconstruction lie in
nonlinear mapping spaces.

Principle and method
2.1. Light field characterization

The term "Light Field" was first introduced by Gershun in 1939
[38] to describe the radiation propagation of light rays in space. In
1991, Adelson and Bergen [39] proposed a seven-dimensional plenop-
tic function to characterize the distribution of light rays in visual space:
L(x,y, z,0,w, A, 1), which represents that a light ray with a wavelength A
passes through a position (x, y, z) at angles (6, w) at a moment t. In 1996,
Levoy and Hanrahan [40] proposed the light field rendering theory in
which the attenuation of light propagation in free space was neglected
so that the plenoptic function was reduced to 4D. As shown in Fig. 1(a),
each light ray in space can be represented by a straight line intersecting
two parallel planes, i.e., L(x, y,u,v), where L denotes the radiance and
(x,¥), (u,v) denote the spatial and angular coordinates, respectively. In

(a) (b)

L(x,y,0,0)

X

L(x,y,u,v)
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1998, Camahort et al. [41] proposed another light field representation,
as shown in Fig. 1(b), where a light ray in space crosses a plane (x, y) at
angles (0, w), denoted as L(x, y, 0, w).

2.2. Light field reconstruction based on focus stack

In the process of FS-LFR, the sensor records a series of intensity im-
ages to obtain an FS by changing the relative distance between the cam-
era and the measured object (e.g., object distance, image distance, and
focal length), as shown in Fig. 2(a). The FS recorded using a traditional
camera reflects the transport-of-intensity property in light field propa-
gation, which can be regarded as a digital modulator for incident light
fields. In the spatial domain, the intensity transmission of light fields is
equivalent to light field projection along different directions, as shown
on the right side of Fig. 2(b). Light field projection carries rich informa-
tion about the light field structure, based on which the light field can
be reconstructed from FS. Levin et al. [42] pointed out that in the spa-
tial frequency domain, the energy of light field intensity transmission is
mainly concentrated in a 3D subset of the 4D light field spectrum, i.e., a
dimensionality gap exists. The light field information can be (partially)
recovered from FS by giving an appropriate light field prior assumption
or establishing an appropriate inverse reconstruction model. The latter
for FS-LFR is discussed in detail below.

As visualization in the light field coordinate system, light field prop-
agation is equivalent to a shear operation on light fields, namely resam-
pling spatial coordinates using angular coordinates and a shear factor.
In object space, the shear factor is the light field propagation distance
Az. By spatially shearing and angularly integrating the light field, an in-
tensity image on a specific focal plane can be obtained, based on which
a light field forward imaging model can be established as

in(x,y) = // Lobj(x + Az0,y + Azw, 0, w)dOdw (1)

where i, , represents the integrated image in object space. In fact, images
are acquired in image space using a camera. In this case, the light field
forward imaging mode can be expressed as

iq, (X,¥) = //Lim(x+ (1 - é)u,y+ (1 - %)v,u,u)dudv )

where « denotes the shear factor in image space, which is the ratio of
the distance from the sensor plane to the main lens and the focal length.
FS can be obtained by equivalently varying the shear factor: {i, },m=
1,2,---, M, where M is the number of images in FS.

Once FS is obtained, LFR becomes an inverse solution of the forward
imaging model. In practice, the propagation distance Az is known, for
example, using a translation stage, and the object-space light field can
be reconstructed from FS by constructing an inverse problem as follows:

2
arg min z [lig, (x, ) — Z z L (x +Az,0,y+ Az, o, 6‘,a))|| 3)
m 0 o

Lo

The left side of Fig. 2(b) illustrates the sampling result of the recon-
structed light field computationally optimized from the light field pro-
jection, where a point corresponds to a light ray in Fig. 2(a). The inverse

Fig. 1. Light field parameterization: (a) two-
plane model; (b) position-angle model.
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Fig. 2. Schematic diagram of FS-LFR: (a) light field in image space propagates to different image planes to form an image stack, which is used to reconstruct the
light field in object space by virtue of the transport-of-intensity property in FS; (b) light field coordinate system associated with (a), the image stack is equivalent
to the projection of the light field along different directions, and LFR is equivalent to correspondingly recover a point set in the coordinate system, where a point
corresponds to a light ray in (a); (c) nonlinear metric mapping curve of depths between object and image spaces.

model in Eq. (3) involves two light field shear factors, Az and «a, which
correspond to the depth dimensions of light field propagation in object
and image spaces, respectively. The relationship of depth mapping is
nonlinear [33-37], as shown by the mapping curve in Fig. 2(c). Cai et al.
[37] established an accurate depth metric mapping of a light field cam-
era between object and image spaces:Z, = (m;a + m,)/(a + m3) where
Z, is the object-space depth in the light field coordinate system, and
{m;,my, my} are the mapping coefficients. It can be seen that the same
propagation distance in object space actually corresponds to different
depth distances in image space. This inconsistency between the image-
space recording and object-space reconstruction will inevitably intro-
duce LFR error.

In this paper, we discuss and analyze the object-image space consis-
tency problem in FS-LFR in detail. To this end, based on the previous
work, we precisely establish the object-image space mapping relation-
ship of a light field camera. Accordingly, the propagation distance Az
in object space can be converted to the shear factor « in image space so
that the inverse reconstruction model can be modified as follows:

M%minz iam(x,y)—z ZLim<x+ <1—ai>u,y+ (l—%)u,u,v)
i u v

im m m m

2

“

In Eq. (4), both FS and LFR belong to the image space of the camera
and thus satisfy the consistency condition, which will result in high-
quality FS-LFR theoretically.

Results and analysis

In this section, we experimentally validate and analyze the effect of
object-image space consistency on FS-LFR. A light field camera (Lytro
Mlum) was used to capture light field images as reference light fields
L..¢- The light field camera was pre-calibrated to determine the depth
metric mapping coefficients between object and image spaces. It should

be noted that the implementation of FS-LFR does not depend on whether
the light field camera is calibrated or not. The calibrated depth range
was 200 mm. The simulated FS was the image sequence calculated by
the forward imaging model in Eq. (2) using shear factors correspond-
ing to equal propagation distances in the depth range. Then, light fields
in object and image spaces were reconstructed according to the inverse
models in Egs. (3) and (4), obtaining L,; and L;y,, respectively. By quan-
titatively comparing with L., the object-image space consistency anal-
ysis of FS-LFR was performed.

In the experiment, an FS consisted of 15 refocused images based on
L. decoded with spatial and angular resolutions of 434 x 625 and 9 X 9
[33]. In the process of iterative LFR, the residual distribution curves of
Liy, and L, are shown in Fig. 3. It can be seen that both reconstructions
can converge after a certain number of iterations, but the overall error

2 _Lim
10 M; =il j |
— obj
S 118.2549
|
S 100! '
m 1
h |
A |
1027 ]

: 0.0167

0 200300400 600 800
iteration

1000

Fig. 3. Residual distribution curves of iterative LFR in object and image spaces,
respectively.
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Fig. 4. Digital refocusing of reconstructed light fields in ob-
ject and image spaces: (a) refocused images of L;,; (b) — (c)
front views related to the red and orange wireframes marked
in (a) and their error maps, respectively; (d) refocused images
of Lyys (e) — (f) front views related to the red and orange wire-
frames marked in (d) and their error maps, respectively; (g) —
(h) cross-sectional distribution curves of the refocused images
of L;y,, Ly, and L, at the same focal depths, related to the
white lines marked in (b) and (c), along with the enlarged lo-
cal views marked by the red and blue wireframes in (g) and
(h), respectively.
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of L;,, is always less than that of L. Specifically, the error of L;,, drops
to 0.0167 after 300 iterations, while the error of L,y is still as high as
10.8670 after 1000 iterations. Intuitively, FS-LFR exhibits the overall
high-quality performance on efficiency and accuracy when satisfying
the object-image space consistency. Comprehensively considering the
efficiency and accuracy of FS-LFR, we chose L;, and L, which were
optimized through 300 iterations and 1000 iterations respectively, for
the following comparison and analysis from different aspects in detail.

3.1. Digital refocusing

The reconstructed L;,, and L, were first used to perform digital
refocusing, which involved partial 3D structure of light fields, as shown
in Fig. 4(a) and 4(d), respectively. Fig. 4(b) and 4(c) show two front
views of the refocused images marked by the red and orange wireframes
in Fig. 4(a), along with the corresponding error maps compared with the
original FS. Fig. 4(e) and 4(f) show similar results related to Fig. 4(d). In
comparison, the refocused error of L;,, is significantly less than that of
Ly, which is consistent with the result shown in Fig. 3. In particular, the
refocusing error of L, is more sensitive to the edges of objects. Fig. 4(g)

266 267 268
X

269 270l

and 4(h) show the cross-sectional distribution curves of the refocused
images of Ly, Lyyj, and L, at the same focal depths, corresponding
to the white lines marked in Fig. 4(b) and 4(c), respectively. The local
views related to the red and blue wireframes in Fig. 4(g) and 4(h) are
enlarged and shown below. It can be seen that there is a higher degree
of anastomosis between L;;, and L., while L, has a degree of overall
offset.

3.2. Viewpoint switching

In this subsection, multi-view imaging of L;;, and L,; was exhib-
ited and compared with that of L . Fig. 5(a) and 5(d) show the sketch
maps of viewpoint switching related to L;, and L, respectively (see
Visualization 1). The central and boundary views of reconstructed light
fields were chosen for comparison. Fig. 5(b) and 5(c) show the enlarged
central and boundary sub-aperture images of L;,, related to the red and
orange wireframes marked in Fig. 5(a), along with the error maps com-
pared with that of L., respectively. Similarly, Fig. 5(e) and 5(f) show
the results related to the central and boundary views marked in Fig. 5(d).
Compared with digital refocusing in Fig. 4, the multi-view error becomes
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Fig. 5. Viewpoint switching of reconstructed light fields in ob-
ject and image spaces: (a) sketch map of multi-view imaging of
L;,; (b) - (c) enlarged central and boundary sub-aperture im-
ages related to the red and orange wireframes marked in (a),
along with the corresponding reconstruction error maps, re-
spectively; (d) sketch map of multi-view imaging of Loy (e) -
(f) enlarged central and boundary sub-aperture images related
to the red and orange wireframes marked in (d), along with
the corresponding reconstruction error maps, respectively; (g)
— (h) cross-sectional distribution curves of the central and
boundary sub-aperture images of L;,, Ly, and L, related
to the white lines marked in (b) and (c), respectively.
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more considerable because the entire 4D structure of light fields is con-
sidered in this situation. In addition, it can be seen that the reconstruc-
tion accuracy from the central view is higher than that from the bound-
ary view for both L;;, and L. This may be related to the lens distortion
since the aberration at the edge part of the lens is generally larger than
that at the central part. In practice, taking imaging distortion into ac-
count in light field metric mapping can improve the precision of light
field depth/3D measurement [43]. In this work, we do not analyze this
effect in depth but leave it for future work.

Comparing respectively Fig. 5(b) and 5(c) with Fig. 5(e) and 5(f), it
can be seen that the accuracy of L;,, is higher than that of L,; at differ-
ent viewpoints. As with the refocused images in Fig. 4, the multi-view
image error of L, is more sensitive to the edges of objects. Fig. 5(g)
and 5(h) show the cross-sectional distribution curves for the central and
boundary sub-aperture images of L;, L, and L., related to the white
lines marked in Fig. 5(b) and 5(c), respectively. Similarly, the distribu-
tion curves for L;,, and L largely coincide with each other in both
central and boundary views. In the central view, the distribution curve
for L,,; shows a fluctuation effect to some extent, while in the boundary
view, the fluctuation effect becomes more significant.

300 400

3.3. Angular resolution

The above comparison experiments of FS-LFR were based on a con-
stant angular resolution (i.e., 9 x 9). In this subsection, we discussed
the effect of angular resolution on FS-LFR. As a computational light
field imaging technique, FS-LFR with additionally selected angular res-
olutions of 5 x 5 and 7 x 7 were performed in object and image spaces,
respectively. In the experiment, the angular sampling rate was kept con-
stant, so different angular resolutions were equivalent to using the main
lens with different aperture sizes for FS-LFR. Fig. 6(a) and 6(c) show
the error maps from different views of L;;, and L, corresponding to
the three angular resolutions, respectively. Fig. 6(b) and 6(d) plot the
error distribution curves of L, and L, for different views, correspond-
ing to the red lines marked in Fig. 6(a) and 6(c), respectively. It can be
seen that the reconstruction error of L;,, is much lower than that of L,
and the latter is still sensitive to the edges of the measured objects, re-
gardless of the angular resolution chosen for FS-LFR. Furthermore, the
errors of both L;,, and L, increase with the angular resolution. From
the perspective of numerical computation, the attempt to recover more
information using the same detected signals is associated with greater
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Fig. 6. FS-LFR with different angular resolutions: (a) error maps of L, at different views; (b) error distribution curves related to the red lines marked in (a); (c)
error maps of Ly, at different views; (d) error distribution curves related to the red lines marked in (c).
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Table 1
LFR error at different depth ranges.
(0, w) (-4, -4) (0, 0) 4,4
RMSE PSNR SSIM RMSE PSNR SSIM RMSE PSNR SSIM
Lin  Zgont 0.0102 39.7912 0.8673 0.0089 40.6937 0.8662 0.0115 38.7947 0.8273
Zpack 0.0141 36.9885 0.8587 0.0177 35.0519 0.7885 0.0175 35.1547 0.7874
Zyhole 0.0061 44.2559 0.9123 0.0048 46.3601 0.9210 0.0080 41.9536 0.8694
Loy Zgom  0.0443  27.0645 06751 0.0360 28.8680 07036  0.0441  27.1125  0.6073
Zpack 0.0285 30.9158 0.7196 0.0369 28.6530 0.6861 0.0327 29.7087 0.6934
Zywhole 0.0872 21.1899 0.5418 0.1025 19.7819 0.5454 0.0879 21.1190 0.5419
Table 2
LFR error at different depth sampling rates.
0, w) (-4,-4) (0,0) 4,4
RMSE PSNR SSIM RMSE PSNR SSIM RMSE PSNR SSIM
L, N=6 0.0064 43.8939 0.9067 0.0049 46.2201 0.9204 0.0082 41.7278 0.8641
N=9 0.0062 44.1068 0.9112 0.0048 46.3351 0.9210 0.0080 41.8983 0.8686
N=15 0.0061 44.2559 0.9123 0.0048 46.3601 0.9210 0.0080 41.9536 0.8694
Loy N=6 0.0855 21.3592 0.5512 0.1050 19.5751 0.5449 0.0870 21.2139 0.5462
N=9 0.0861 21.2970 0.5502 0.1038 19.6747 0.5462 0.0874 21.1735 0.5486
N=15 0.0872 21.1899 0.5418 0.1025 19.7819 0.5454 0.0879 21.1190 0.5419

computational uncertainty. From the perspective of light field imaging
mechanism, a smaller angular resolution corresponds to a lower angu-
lar frequency sampling rate when the angular sampling rate is constant.
Thus, the effect of the dimensionality gap between 3D FS and 4D light
field on FS-LFR is reduced to some extent. However, high-accuracy FS-
LFR using small angular resolution may sacrifice the sensitivity of re-
constructed light fields to depth sensing.

3.4. Depth range and sampling rate

According to the Fourier slice photography, the spectrum of a refo-
cused image is a slice of 4D light field spectrum, so FS is equivalent to
the plane sampling in light field spectrum space. In this subsection, we
analyzed the effect of the spectrum sampling rate on FS-LFR. The pri-
mary considerations are the depth range of FS and the depth sampling
rate. The former is associated with the frequency coverage of the light
field spectrum, and the latter corresponds to the plane sampling rate in
a specific frequency range.

For the depth range, we divided the calibration space of the light
field camera into three parts:z;,.., € (440,500), z, € (580,640), and
Zyhole € (440, 640). Keeping the same depth sampling rate, L;;, and L
were reconstructed in the three depth ranges and then compared with
L. Fig. 7(a) shows the error maps of L;, at different views (see Visu-
alization 2), where the error distribution curves related to the marked
red lines are shown in Fig. 7(b). Fig. 7(c) and 7(d) show the error maps
and distribution curves of L, at different views, respectively. Simi-
larly, no matter which depth range is used, the error of L, is smaller
than that of Ly, Intuitively, it can be seen that the increase in the depth
range improves the accuracy of L;,. However, the result related to L
shows an opposite trend, i.e., the accuracy decreases with increasing
the depth range. Table 1 lists the relative values of root-mean-square
error (RMSE), peak signal-to-noise ratio (PSNR), and structural simi-
larity (SSIM) corresponding to the error maps in Fig. 7. These values
quantitatively reflect the observed phenomena in Fig. 7. Specifically,
the increase of the depth range respectively improves the average RMSE,
PSNR, and SSIM by -52.69%, 17.07%, and 8.21% for L;,, but respec-
tively impair the relative values by 149.53%, —27.94%, and —20.24% for
L,,;- Consequently, increasing the frequency coverage with the detec-
tion depth range can effectively improve the FS-LFR accuracy when the
object-image space consistency is satisfied. On the contrary, if the con-
dition is not met, the reconstruction error becomes significantly larger
with increasing the depth range.

For the depth sampling rate, we reconstructed light fields in object
and image spaces using FS containing 6, 9, and 15 images, respectively,
within the same depth range z,;.. Fig. 8(a) and 8(c) show the error
maps of L, and L, at different views, respectively, while the cor-
responding error distribution curves related to the red lines marked
in Fig. 8(a) and 8(c) are shown in Fig. 8(b) and 8(d), respectively.
Table 2 lists the RMSE, PSNR, and SSIM values corresponding to the
error maps in Fig. 8. Similar to FS-LFR at different depth ranges, the
accuracy of L;, is higher than that of L, at different depth sampling
rates. It can be seen from Fig. 8 and Table 2 that a higher depth sampling
rate results in a lesser error of L;,, and a larger error of L. However,
the effect of the depth sampling rate on FS-LFR is small compared to
that of the depth range.

3.5. Other scenes

In this section, we demonstrate the influencing factors by measuring
another scene. It can be seen that the viewpoint and depth range are
two main factors for FS-LFR (see also Discussion). We reconstructed L;,
and L, in the three depth ranges: zs,, € (440, 500), zy,ex € (580, 640),
and zg;,.. € (440, 640). Fig. 9(a) shows different viewpoint maps of L;
in zyp0e- The error maps of L., at different viewpoints and depth ranges
are shown in Fig. 9(b). Fig. 9(c) and (d) show the viewpoint and error
maps of L. Similar to the comparison results in Fig. 7, the error of
L;,, is smaller than that of L,,; in any depth range. Furthermore, when
satisfying the object-image space consistency, the increase of the depth
range can effectively improve the LFR accuracy.

Discussion

The comparison and analysis of FS-LFR between object and image
spaces from four aspects, involving digital refocusing, viewpoint switch-
ing, angular resolution, and depth range and sampling rate, can be sum-
marized as follows:

(1) FS-LFR satisfying the object-image space consistency boasts a
higher accuracy and less error in multi-view and refocused im-
ages regardless of angular resolution, depth range, and depth
sampling rate.

(2) Among the influencing factors on FS-LFR in comparison and anal-
ysis, two aspects have nothing to do with the object-image space
consistency. First, the FS-LFR error in the central view is gener-
ally smaller than in other views, which may be associated with



Y. Liu, R. Zhang, S. Feng et al.

the imaging distortion of the main lens. Second, the FS-LFR error
decreases with the angular resolution, which in turn may reduce
the sensitivity of light field depth sensing.

When against the object-image space consistency, the FS-LFR er-
ror for refocused and multi-view images is sensitive to the edges
of objects. Even for the central sub-aperture image, the recon-
struction error is still more significant at the edges of objects.
Increasing the depth range and sampling rate of FS can effectively
improve the LFR accuracy when satisfying the object-image space
consistency. On the contrary, increasing the depth range of FS
will significantly reduce the LFR accuracy in the case of incon-
sistency. In comparison, the effect of the depth sampling rate on
FS-LFR is weaker.

3

(C))

Conclusion

In this paper, we investigate the object-image space consistency of
FS-LFR on the base of the pre-calibrated metric mapping of depths be-
tween object and image spaces. In experiments, we quantitatively com-
pared and analyzed the reconstruction performances of FS-LFR in the
two spaces in terms of four aspects: digital refocusing, viewpoint switch-
ing, angular resolution, and depth range and sampling rate. The results
validate that the object-image space consistency needs to be met for
high-accuracy FS-LFR. In practice, when using a traditional camera to
capture an image sequence for high-quality computational light field
imaging and measurement, the images can be transformed into the space
where light field information are recovered through pre-calibrating the
camera, which will be studied and realized in our future work.
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