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Abstract
Light Field (LF) cameras capture both spatial and directional information of light rays. Current LF 

cameras have a problem of a low spatial resolution. There have been lots of existing works carried 
out to improve the resolution of LF images. In this paper, those existing works will be divided into two 
categories: hardware-based approaches and software-based approaches, and we will look into and 
compare several experiment results in order for LF spatial resolution enhancement. Finally, the 
direction for the future spatial resolution enhancement will be suggested.

1. Introduction
Unlike conventional cameras that record 

irradiance on each pixel, LF cameras also capture 
the direction of light ray coming through the lens. 
LF imaging thus can provide lots of new 
functionalities such as post-capture refocusing, 
viewpoint change, 3D modeling, and depth 
estimation [1, 2, 5]. It becomes possible due to its 
unique structure: Micro Lens Array (MLA), which is 
located between the main lens and the image 
sensor.

Today’s LF cameras are portable and 
commercially available, allowing us to use those 
functionalities easily. Moreover, it is being utilized 
in the fields of biological microscopy, background 
and object extraction, detecting defects in a 
machine, and 3D analysis of a plant growth [5, 15].

However, current LF cameras suffer from low 
spatial resolution because a single image sensor is 
used to record both spatial and angular data of a 
light field. In the first generation, the Lytro camera 
has one 11 megapixel-imaging sensor, but it can 
produce an image with a spatial resolution of 0.1 
megapixels, which is about 1/100 of the number of 
sensor pixels [5]. Therefore, in order to acquire an 
image with better quality using current LF 
technology, spatial resolution enhancement is 
necessary. Low resolution also causes a problem in 
refocusing application because it brings unwanted 
artifacts on the image after processing [1, 21]. 

There have been lots of works done to 
enhance the spatial resolution of the images from 
LF cameras. In this paper, they are divided into 
two groups: hardware-based approaches, and 
software-based approaches, and reviewed in 
Sections 2 and 3, respectively, concluding remarks 
will be given in Section 4.

2. Hardware-based approaches
 In this section, we will look into experiments 

for spatial resolution enhancement of light field 
image based on hardware. They tried to capture 
extra real data physically. We categorize them 
further into micro scanning [4, 5] and hybrid 
imaging [6, 7, 8].

2.1. Micro Scanning
    There were researches to improve the spatial 
resolution by modifying the structure of the 
imaging device. In [4], 3D images were taken using 
a conventional camera and MLA. MLA is located in 
front of a camera, and is finely shifted by a 2D 
translational stage by an amount of half or one 
fourth of pixel pitch. After synthesizing the images 
from each capture, integral Fourier hologram 
system (IFHS) process was applied to create a 3D 
image. This method removed the aliasing (i.e., 
repetition of an object) from the image, as can be 
seen in Figure 1.

In [5], on the other hand, image sensor of the 
first generation Lytro light field camera was finely 
shifted by an additional equipment and software. In 
order to sample the light field, for example, twice 
or four times more densely, the sensor was shifted 
by the amount of half, or one fourth of the 
distance between the centers of two adjacent 
micro-lens. Spatial resolution was 4×4 times 
improved in [5] by synthesizing 16 light field 
captures of a static scene. It also achieved about 3 
times higher maximum spatial frequency than that 
of an image from one light field capture.

2.2. Hybrid Imaging
Some experiments enhanced the spatial resolution of the 
light field images by taking pictures with a light field 
camera and a conventional DSLR camera [6, 7, 8]. 
Among them, in [6], a Lytro camera of 380×380 
resolution together with one 18 megapixel Canon T3i 
DSLR camera took the same static scene (but not exactly 
at the same location). Following, a patch matching 
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algorithm was applied to form a high resolution 
multiview-image (part from each sub aperture image of 
LF is matched with the most correlating part of 
high-resolution image, which is found using an 
algorithm in [22]). It showed that the prediction error 
and prediction uncertainty [23] of super-resolved 
images are significantly lower compared to the method 
in [24]. M. Zhao, et al. [8] employed a cross scale 
resolution approach (CSR) instead of the patch matching 
algorithm in enhancing spatial resolution LF images. 
Compared to the method in [6], CSR 
preservedhigh-frequency information better, achieved 
lower RMSE in depth estimation.

3. Software-based approaches
We look into and compare the super resolution 

researches that did not rely on additional 
equipment for taking light field images. We use the 
same classification as [2]: projection-based [9]– 
[11], optimization-based [12]–[14], and 
learning-based [15]–[18]. The projection-based 
methods utilize how light field cameras capture the 
image. Lim et al. [11] used pixels from other sub 
aperture images (which is sub-pixel shift in spatial 
domain) to enhance the resolution. The 
optimization-based methods use a variety of 
optimization frameworks and mathematical models. 
Bishop et al. [13] used a Bayesian deconvolution 
approach on depth information from a light field. 
Learning-based model utilizes deep learning 
techniques to perform mapping of low-resolution 
light field into higher ones. Y. Yoon, et al. [15] 
employed two cascaded Convolutional Neural 
Networks (CNN) to enhance both spatial and 
angular resolution of LF images.

In order to compare the various methods, 
Cheng et al. [2] performed spatial resolution 
enhancement of the light field images with various 
methods and applied the same metrics for 
evaluation. Considering the quality difference and 
different size of test data, light field images were 
used from two datasets: HCI synthetic data set [19] 
and EPFL real-world dataset [20]. Also, two 
degradation kernels were used: Bicubic, Gaussian, 
with downscaling factors of 2 and 3. Then, bicubic 

interpolation (BIC) and four other methods 
from three classifications were selected for the 
evaluation: projection-based method (PRO) [10], 
optimization-based using graphs (GB) [14], and two 
from learning based methods: ridge regression (RR) 
[17], and CNN-based method (LFCNN) [16]. After 
spatial resolution enhancement of the light field 
images, in order to evaluate the results, PSNR, 
SSIM, and VGG value [25] (a distance between the 
original image and super-resolved image in feature 
space) were used as comparison criteria. Here, 
PRO generates high-resolution of only sub aperture 
image (SAI) of the central view. Therefore, 
evaluation was conducted for other methods by 
averaging the results of super-resolved SAIs.

Table 1 lists average PSNR (the higher, the 
better) and VGG values (the lower, the better) for 
the five methods over two datasets and four 
degradation kernels. All methods outperform BIC 
method for every case. It is shown that 
non-learning methods like PRO and GB gave better 
result than RR and LFCNN on HCI synthetic 
dataset, while the learning-based methods 
outperformed on EPFL real world dataset. The 
underlying reason is that the learning-based 
methods use neural networks trained with lots of 
real-world images, whereas PRO and GB, which 
employ the mathematical modeling of LF imaging 
are advantageous in synthetic datasets which have 
cleaner and simpler scene than that of EPFL 
dataset. LFCNN notably outperformed other 
methods for both kernels with downscaling factor 
of 2. For VGG value, which represents perceptual 
quality (the lower, the better), PRO excelled GB and 
RR, and slightly outperformed LFCNN for 
downscaling factor of 3. For visual results, PRO 
gave fine result in texture, while LFCNN gave clear 
borders and edges between the objects [26]. The 
results in terms of SSIM metric are given in [26]. 
Results of SSIM metric gave similar observations as 
those of PSNR results. 

4. Discussions and Conclusion
In this paper, we have looked into several 

experiments for enhancing the spatial resolution of 
LF image. Experiments were divided into 

Figure 1: 3D images created by the method proposed in [4]. Images are generated with one step, 2x2, 3x3, and 4x4 
steps micro-scanning. As steps get higher, the alias of the orange and apple disappeared [4].
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hardware-based methods and software-based 
methods. Hardware-based enhanced the spatial 
resolution by capturing additional true data using 
extra equipment, whereas software-based methods 
enhanced resolution using various mathematical 
models and software tools with already captured 
information.  Since we have no common criterion 
for the performance comparison of the 
hardware-based works with the software-based 
ones, it is difficult to compare the performance 
directly. However, considering the additional 
equipment and setups, it is apparent that the 
methods based on hardware are not practical 
because we cannot bring and install all the 
instruments every time we take pictures. Therefore, 
research on light field spatial enhancement should 
be continued on the software-based methods, 
especially on the way that can combine the 
advantages of PRO and LFCNN.
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