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ABSTRACT

The Multi-Reference Minimum Rate Predictors (M-MRP) is cur-
rently one of the most efficient algorithms for Light Field lossless
encoding, but its high computational complexity is still a concern.
This article describes an experimental study on the trade-oft be-
tween the encoding performance and computational complexity
of M-MRP Light Field encoding, taking the HEVC standard as
a benchmark reference. The results show that even with an av-
erage complexity reduction of approximately 35 times, M-MRP
still achieves better compression ratios than other state-of-the-art
lossless standard encoding schemes, such as HEVC or JPEG-LS.
Furthermore, for a similar computational complexity, M-MRP out-
performs the HEVC reference software by 13.5%, on average.

Index Terms — Lossless Compression, Light Field Coding,
Minimum Rate Predictors

1. INTRODUCTION

Light Field (LF) imaging has been attracting increased attention
from different research domains. One of such domains is light
field image compression, currently under standardization in the
ISO/IEC JPEG group JPEG-Pleno [1]. The characteristics of
plenoptic images (i.e., light fields) enable several post-processing
operations, such as image rendering with different focal planes,
depth-of-field or viewing perspectives [2, 3, 4], and the extraction
of depth maps [5]. These operations have a multitude of possi-
ble applications, ranging from medical applications [6, 7] to 3D
recording of cultural artefacts [8].

LF coding deals with the problem posed by the large amount
of data that is necessary to represent the whole visual information
captured from real-world scenes (e.g. light intensity, colour and
direction). Although, conventional image/video encoders such as
HEVC [9] can be used for compression of LF data, they are not
very efficient because they do not take into account the intrinsic
redundancy of LF images. Furthermore, applications with strict
precision requirements may not tolerate the artefacts resulting from
irreversible compression, therefore requiring the use of lossless
compression. For instance, this might be the case of medical
imaging or industrial applications where highly accurate depth
measurements are required.
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In the context of lossless coding, in [10] the authors performed
a systematic study of the influence of various LF data arrange-
ments in the compression efficiency of several state-of-the-art en-
coders, which has been further expanded in [11] to include several
reversible colour transforms. Recently, the authors focused on
exploiting the characteristics of a Minimum Rate Predictors (MRP)
encoder for lossless compression of LF images in Micro Image
(MI) array and Sub-Aperture Image (SAI) array data formats using
multiple references for each sub image encoding [12].

Other techniques that can be found in the literature usually fall
into one of the following two approaches: either compression of
lenslet (or Micro Image (MI) array) such as [13, 14] or compression
of Sub-Aperture Images (SAI), in array or Pseudo Video Sequence
(PVS) [15, 16].

Despite the good compression efficiency presented by MRP in
previous works in comparison with other state-of-the-art encoders,
the computational complexity is still a concern. In this work, the
performance of the MRP algorithm is further analysed across the
whole range of operational points in terms of coding rate and
computational complexity. This simulation study uses standard
image and video encoders for comparison and analysis.

2. MULTI-REFERENCE MINIMUM RATE PREDICTORS

The Minimum Rate Prediction (MRP) algorithm minimises the
coding rate of the prediction error, rather than minimising any
rate-distortion cost, as implemented in most lossy encoders. The
MRP algorithm estimates the amount of information conveyed by
prediction errors and then designs the predictors with the goal of
minimising the rate. To minimise the encoding rate, MRP performs
the search for linear predictors, seeking to minimize the number
of bits required to encode the prediction residues and auxiliary
information.

In [12], the MRP algorithm was extended to exploit the in-
herent redundancy of the LF images. This is achieved by using
inter prediction specifically designed to exploit multiple references,
such as the neighbouring MI or SAI Since MI or SAI are specific
data structures with intrinsic high cross-correlations due to small
disparities of respective image data, efficient prediction is achieved
between spatially close MI or SAI images. To accomplish such
prediction approach the M-MRP prediction uses the nearest four
MI or SAI, as represented in Figure 1.

3. EXPERIMENTAL APPROACH

In this work a Multi-Reference Minimum Rate Predictors (M-MRP)
encoder is used for the lossless compression of lenslet and High-
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Figure 1. Example of the proposed M-MRP prediction using multiple
neighbouring SAI as reference for the prediction.

Density Camera Array light fields, respectively from the EPFL
and HCI datasets, both described in the JPEG Pleno Common Test
Conditions (CTC) [17]. The purpose is to assess the coding effi-
ciency and computational complexity of M-MRP, using multiple-
references at the encoder for efficient lossless compression of LF,
both in MI and SAI array formats.

The experimental approach followed in this study was defined
to establish a relationship between the input parameters of M-
MRP and their impact on the rate-complexity performance. This
is achieved by varying three main encoder parameters, namely,
the number of optimisation iterations, the number of prediction
modes, i.e. classes, and the number of reference pixels. The HEVC
Reference Software (HM) [18] encoding time is used as a reference
for the comparative study of the trade-off between M-MRP coding
efficiency and computational complexity. The x265, which is an
optimised implementation of the HEVC standard, is also used for
comparison. The analysis is based on both compression efficiency,
measured in bits-per-pixel (bpp), and complexity, measured by the
processing time.

4. RESULTS

The experiments were performed according to the JPEG Pleno
CTC [17], with the appropriate adaptations for lossless encoding.
Figure 2 shows the pre-processing stage performed to obtain the
images to be encoded, i.e. the SAI Array. In the case of the HCI
dataset, the pre-processing starts at the 4DLF stage.
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Figure 2. Lytro camera pre-processing diagram.
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The CTC defines four operations for the pre-processing of the
Lytro dataset. However, as this work deals with lossless coding,
the Color Correction and Rectification steps are skipped as they
can be performed after the decoding process. Once the 4DLF is
obtained from the LFR, the sample value range is converted to
the bits-per-sample (bps) as defined in the CTC, and a Reversible
Colour Transform (RCT) [11] is applied to decorrelate the RGB
colour components.

The three input parameters were tested with multiple values
resulting in a set of operation points defined by coding efficiency
(bpp) versus computational complexity (in minutes), as shown in
Figures 3 to 5, for the Stone Pillars Outside LF, and in Figures 6 to 8,
for the Greek LF. In these figures, the red dashed line represents
the limits of HM PVS (pseudo video sequence formed from the

SAI), whose intersection is represented by a black cross, and the
x265 reference is represented by a black dot.
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Figure 3. Operational points for Stone Pillars Outside image of EPFL
dataset.
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Figure 4. Operational points with the number of iterations sorted by colour.
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Figure 5. Operational points with the number of classes sorted by colour.

Figures 3 and 6 show all the resulting operational points when
varying the previously described parameters. For an easier analy-
sis in Figures 4 and 7 the number of iterations is represented by
different colours, and the same is done for the number of classes
in Figures 5 and 8. The figures show that with a proper selection
of the coding parameters, M-MRP can achieve competitive coding
efficiency, while maintaining a similar complexity to HM.

Considering the number of classes for both datasets, it is ob-
served in Figures 5 and 8 that using just one class generally leads
to lower compression ratios. This was expected, as using just
one class greatly reduces the adaptability of the encoder. For the
remaining number of classes the analysis is not straightforward.
However, considering the encoding time of HEVC as reference it
can be seen that for both cases the highest compression efficiency
is obtained for ten to fifteen classes.
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Figure 6. Operational points for Greek image of HCI dataset.
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Figure 7. Operational points with the number of iterations sorted by colour.
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Figure 8. Operational points with the number of classes sorted by colour.

Regarding to the number of iterations, the results show that
using a lower number of iterations or classes (1 or 2), generally
leads to lower compression efficiency, as can be seen for the Greek
image. Once again, considering the encoding time of HEVC as a
benchmark, using five iterations provide the highest compression
efficiency for both images.

The colour representation of the parameters and visual analysis
of the number of reference pixels does not result in sharp conclu-
sions, unlike the case of the number of classes and the number
of iterations. Nevertheless, the analysis of the results led to the
selection of the following encoding parameters:

e EPFL dataset: e HCI dataset:

— Iterations: 5 — Iterations: 5

— Classes: 10 — Classes: 15
— References': — References:
6,5,5,5,5 6,13,13,13,13

I The references parameter represents the number of references in the

These M-MRP parameters are selected such that, for a similar
complexity, M-MRP achieves higher coding efficiency than HM,
originating the results shown in Tables 1 to 32, with bit-rate and
complexity results. In these tables, M-MRP stands for the encod-
ing results with the selected parameters and M-MRP Optimal the
highest compression ratio for M-MRP (non-constrained).

The experimental results show that both M-MRP and M-MRP
Optimal present better compression ratios than the other encoders.
Although there is a slight loss of compression efficiency in M-
MRP when compared to M-MRP Optimal, as expected, because
the parameter values have been decreased to speed up the encoding
time. Thus, M-MRP and M-MRP Optimal achieve a compression
efficiency that is, on average, 13.5% and 15.2% higher than that of
HM (HEVCO), respectively.

In regard to the encoding and decoding time, Table 3 shows
that the encoding time of M-MRP (i.e. 105.5%) is quite similar to
HEVC, with M-MRP being just 5.5% slower, on average (note that
100% corresponds to the encoding time of HEVC). This means that
the encoding time of M-MRP Optimal can be reduced by 27 to 48
times, while still achieving an average compression efficiency gain
of 13.5% in comparison with the HEVC HM Reference implemen-
tation (see M-MRP column in Table 2). Additionally, table 3 shows
that the decoding time of M-MRP is just 0.92 times that of HM,
on average. In comparison, M-MRP Optimal average decoding
time is 1.67 times higher than that of HM, which shows that the
change of the input parameters have a much lower influence on the
decoding process.

5. CONCLUSIONS

This work studies the rate-complexity trade-off of the multi-
reference MRP algorithm®. These are novel results which establish
a relationship and trade-off between LF lossless coding efficiency
and computational complexity between a non-standard, yet more ef-
ficient encoder, and the standard HEVC Reference Encoder. Since
these results are obtained using LF from JPEG-Pleno CTC, they
can be used as benchmark for further studies where both loss-
less encoding efficiency and computational complexity are jointly
considered in the overall performance.
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