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Abstract: By formulating a general light field acquisition model and incorporating the prior

knowledge existing in the observations, we propose a resolution enhancement scheme for the

captured light field. Meanwhile, the depth map can be obtained.
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1. Introduction

Light field cameras capturing four-dimensional radiance information is changing digital photography. Such kind of

computational imaging systems can extend the capabilities of traditional cameras, such as in digital refocusing and

three-dimensional rendering. However, the current light field cameras are bounded by the trade-off between spatial

resolution and angular resolution. For example, the plenoptic camera [1, 2] can sample the four-dimensional light

field in one single shot, while trading spatial resolution for the ability to resolve angular differences. Thus, the spatial

resolution is much lower than images captured traditionally. In this paper, we propose a general resolution enhancement

scheme by explicitly formulating the light field acquisition process and incorporating some prior knowledge, such as

the spatial relationship existing in the observations. We demonstrate the effect of our algorithm on a synthetic light

field dataset.

2. Methodology

The light field capture can be modeled as a linear integration process in the spatial domain [3, 4], which is given by

y = Px+η , (1)

where x is the discrete light field, y denotes the captured observations, η is the observation noise and P is the projection

matrix, a mapping from four-dimensional radiance to two-dimensional sensor elements. The observation model of a

low-resolution (LR) image yl from the unknown high-resolution (HR) image yh can be described as

yl = DBMyh + µ , (2)

where M is a warp matrix, describing the displacement that exists among the observations, B represents a blur matrix,

D is the downsampling matrix and µ represents the additive noise [5]. Incorporating the light field acquisition model

(Eq. 1) and the classical low-resolution image formation model (Eq. 2), we can relate yl to the unknown high-resolution

light field xh, i. e.,

yl = DBMyh + µ = DBM(Pxh +η)+ µ = DBMPxh + ε, (3)

where ε refers to the combined acquisition noise. Note that this observation model is generic for different light field

systems.

The explicit form of the projection matrix P depends on the physical implementation. From Eq. 1, however, we can

see that two observations captured by different light field acquisition systems, denoting by y1 and y2, are related by a

linear transformation operation T , i. e., y1 = T y2. Consequently, we can focus on one particular light field capturing

scheme first, such as the camera arrays [6]. Then we extend the conclusions to the other themes by performing the

corresponding transformation process.
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The light field superresolution reconstruction is actually the inverse procedure of the acquisition process described

by Eq. 3. We want to estimate a high-resolution light field based on the low-resolution two-dimensional observations.

When performing the superresolution reconstruction, one important step is to estimate the displacement between the

pixels which are related to the same point in the real scene, i. e., the warp matrix M in Eqs. 2 and 3. In our algorithm,

we compute the optical flow to estimate the displacement field. Our optical flow estimation approach is different from

the traditional methods which just independently consider two frames in an image sequence. Instead, we incorporate

the spatial relationship that exists in the pixels that correspond to the same physical point and estimate the optical

flow, taking into account all the observations. This helps to improve the estimation accuracy in the case of large

displacement. For the camera array system, such spatial relationship is shown in Fig. 1. For clarity of exposition,

Fig. 1 illustrates the two-dimensional light field. Thus the displacement between two pixels can be computed by

∆u =
f

d
(∆s), (4)

where ∆s is the interval in the camera plane, and f and d denote the focal length of the camera and depth value, re-

spectively. That is, the projections of the same physical point in different images have some spatial connections among

one another. For example, for a physical point A, we assume the displacement of its two projections captured by the

cameras with a interval of ∆s is ∆u. Then the corresponding displacement within the images acquired by the cameras

with a interval of 2∆s will be 2∆u. Furthermore, as seen in Eq. 4, the displacement is related to the depth. Therefore we

can obtain an approximate depth map from the estimated optical flow field, even though it will not be quite accurate

due to the problems, such as occlusion and large displacement. In other light field superresolution methods (e. g., [7]),

the depth map is assumed to be known. Since the observation model in Eq. 3 is similar to the one used in image super-

resolution, for the reconstruction of the high-resolution light field xh, we take the image superresolution algorithms [5]

as reference. The major difference here is that the discrete light field xh is four-dimensional. Specifically, xh is an

sequence with images captured from different views.
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Fig. 1. An illustration of two-dimensional light field. Fig. 2. The estimated depth map.

3. Numerical experiments

To demonstrate the proposed light field superresolution scheme, we perform the experiments on a synthetic light field

dataset. By using synthetic data, we can test the robustness of our algorithm, since the ground truth is known. In

addition, we can control the complexity of the physical scene and the arrangement of the cameras in the simulation. In

particular, we create a simulated three-dimensional scene with two balls located at different depths, and then capture an

image sequence of this scene by simulating a dense camera array. The size of the camera array is 5×5 (i. e., 25 views

in total). Each synthetic view is of size 256× 256. Fig. 2 shows the depth map which is obtained by using our optical

flow estimation method. We apply the proposed superresolution restoration algorithm to recover a superresolved light

field from the simulated observations. To illustrate that a higher resolution light field can be obtained, we perform some

relative operations. For example, we refocus on the plane where the large ball is located. Figs. 3 (a) and (b) show the
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(a) (b) (c) (d)

Fig. 3. The reconstruction results: (a) low-resolution refocusing result (focusing on the large ball);

(b) its corresponding high-resolution result; (c) low-resolution result zoom in; (d) high-resolution

result zoom in.

low-resolution refocusing result and its corresponding superresolved version. We can see the resolution enhancement

effect from Figs. 3 (c) and (d). The scale factor here is two. From the experimental results, we can see that the depth

map can be estimated merely based on the observations and a higher resolution light field can be obtained with well

preserved the details.

4. Conclusion

By formulating the precise acquisition process of light field capture systems, we have presented a superresolution

scheme to reconstruct a high-resolution light field. As seen from the experimental results, our algorithm can produce

the approximate depth map only based on the observations as we perform the optical flow estimation. We have shown

that our proposed approach can effectively enhance the spatial resolution of the light field obtained by a camera

array. More importantly, such a superresolution scheme can be readily extended to other light field acquisition systems.

This work was supported in part by the University Research Committee of the University of Hong Kong under

Projects 10400399 and 10208648.
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