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Abstract. Lossless data reduction is essential for data transmission over
the Internet and the storage of data in a digital device when data loss
is not permitted. The application of image compression is essential for
image storing, image classification, and image recognition, and image
compression techniques compress an image by reducing redundancy in
the image. Many image compression standards have already been devel-
oped. This article compares the most popular state-of-the-art lossless
image compression techniques, and the methods are evaluated based on
the bits per pixel or compression ratio. Finally, we recommend which
of the algorithms is better for a few different datasets.

1 Introduction

According to Cisco’s Annual Internet Report [1], digital media is responsible for about
80% of the world’s Internet traffic, and it is growing. The 6th edition of the Data Never
Sleeps report [27] shows that every person on Earth will create 1.7 MB of data per
second by 2020, and the number of internet users is increasing significantly. Typically,
storing an original image on a digital device requires a lot of storage and takes a
long time to transfer over the Internet. An image compression technique reduces
the number of bits in an image and enables image transmission at low bandwidth
connections at high speeds [2-3]. Image compression techniques are divided into
lossless and lossy methods [13-14]. A lossless method perfectly reproduces the original
image from the encoded form [41,46], and lossy compression allows a slight loss [4-8].

There are two types of lossless image compression methods: learning and non-
learning techniques. Portable network graphics (PNG), JPEG 2000, WebP, and the
Free Lossless Image Format (FLIF) are the most popular techniques in the non-
learning category. Omn the other hand, there are many learning-based techniques,
such as L3C, IDF, SReC, etc. [9-10].

This article contains a comparison of the performance of the most popular non-
learning and learning lossless image compression methods. The rest of this article
is organized as follows: Section [2| briefly explains the state-of-the-art lossless image
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compression techniques. Section [3] presents the experimental results and analysis, and
the paper concludes in section [4]

2 Background studies

JPEG-LS [28-29], an improved version of lossless JPEG that was developed based
on LOCO-I (Low Complexity Lossless Compression for Images), provides more com-
pression than lossless JPEG because JPEG-LS can perform a good decorrelation.
The context-based, adaptive, lossless image codec (CALIC) [30], a gradient-adjusted
predictor-based compression technique, gives more compression than JPEG-LS. PNG
[15-17], a patent-free replacement for the GIF, is a lossless image compression method:
it compresses an image using a prediction [18] and an entropy coding technique [19].
JPEG 2000, a wavelet-based compression method, provides more compression than
PNG. However, it takes more time to encode and decode an image [20-21]. WebP
was developed in 2010 based on VP8 [22] and provides more compression than PNG
and JPEG 2000. One form of context-adaptive binary arithmetic coding (CABAC) is
Meta-Adaptive Near-zero Integer Arithmetic Coding (MANIAC), which was used to
developed FLIF [23-24]. FLIF provides better compression for any kind of image than
the state-of-the-art non-learning lossless image compression standard [25]. However,
it is too slow, and currently, no browser supports it [26].

Schiopu et al. [31] proposed a lossless image compression strategy called MP-CNN,
which was developed based on a macro-pixel prediction technique and convolutional
neural networks (CNNs). The MP-CNN model has 57 layers, including the following
layer types: 3D convolution, 2D convolution, batch normalization, ReLU activation,
and reshape. The model also consists of two group layers: GoL-3D [N] and GoL-2D
[N]. GoL-3D performs 3D convolution with N filters of size 3x3x3, batch normal-
ization, and a ReLU operation in the first, second, and third layers, respectively.
GoL-2D, on the other hand, performs 2D convolution with N filters of size 3x3 in
the first layer. The second and third layers perform batch normalization and ReLLU
activation operations, respectively. Later, the authors also proposed another lossless
image compression method called CBPNN using deep learning [33]. CBPNN is a
combination of the context-based bit plane codec (CBP) and the IResLNN predic-
tor [32]. CPBNN performs 13.7% better than MP-CNN. L3C [10] is a fully parallel
hierarchical probabilistic lossless image compression technique with auxiliary feature
representations, and it outperforms PNG, JPEG 2000, and WebP. It also provides a
better performance than PixelCNN [34], PixelCNN++ [35], and MS-PixelCNN [36].

3 Experimental results and analysis

In this section, the state-of-the-art methods are compared based on their performance
on a few different datasets. The methods are evaluated based on the compression
ratio (CR) or the bits per pixel (BPP), where the BPP is just the opposite of the
CR. The BPP is the ratio of the uncompressed image size, (Siz€uncompressed), to the
compressed image size, (Siz€compressed), Which is calculated using equation [I} Here,
Np;, represents the number of pixels in an image.

Sizecompressed
Npix

Ionut et al. [33] present the experimental results on the EPFL [37] and UVG-

TUT [38] datasets, which are shown here in Table|l]and Table [2] respectively. Table

BPP = 1
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Table 1: Comparison of BPP for the EPFL dataset [37]

JPEG-LS [28] | CALIC [45] | FLIF [23] | MP-CNN [31] | CBPNN
Training 3.847 3.730 3.127 3.098 2.733
Test 3.786 3.671 3.085 3.180 2.797
Total 3.791 3.676 3.089 3.173 2.792

Table 2: Comparison of BPP for the UVG-TUT dataset [3§]

Video Sequence

(600 Frames) Non-learning methods CBPNN
Name HEVCIntra [44] | JPEG-LS [28] | FLIF [23] | CALIC [45] | FAST profile | SLOW profile
Beauty 3.758 3.584 3.452 3.423 3.405 3.397
Bosphorus 3.119 2.511 2.475 2.428 2.387 2.379
HoneyBee 3.566 3.108 3.009 2.971 2.960 2.944
Jockey 3.175 2.848 2.759 2.750 2.715 2.705
ReadySteadyGo 3.460 2.810 2.751 2.681 2.625 2.615
ShakeNDry 4.156 3.354 3.229 3.147 3.159 3.148
YachtRide 3.411 2.692 2.654 2.562 2.516 2.506
Average (BPP) 3.522 2.987 2.904 2.852 2.824 2.813

Table 3: Comparison of BPP for the ImageNet64 [39] and Openlmage [40] datasets

Method Name | ImageNet64 [35] | Openlmage [36]
PNG [43] 17.22 12.09
WebP [43] 13.92 9.09
FLIF [43] 13.62 8.61
IDF [42] 11.70 8.28
L3C [10] 13.26 8.97
SReC [43] 12.90 8.10
MPSMCT 11.33 7.48

shows that CBPNN outperforms the JPEG-LS, CALIC, FLIF, and MP-CNN by
35.4%, 31.3%, 10.6%, and 13.7%, respectively. Table[2]shows that on average, CBPNN
outperforms other methods. However, on average, the SLOW profile of CBPNN
provides 0.391% better results than the FAST profile of CBPNN.

Pixel-wise autoregressive statistical models based on image compression meth-
ods provide good performance. However, we can use them in real applications for
sequential processing. Zhang et al. proposed a multi-scale progressive statistical
model-based lossless image compression technique (MPSMCT), using the advantages
of the multi-scale strategy and the pixel-wise procedure. The authors examine two im-
age datasets: ImageNet64 [39] and Openlmage [40], and the experimental results are
shown in Table[3] Table [3|shows that MPSMCT provides 51.986%, 22.86%, 20.212%,
3.266%, 17.034%, and 13.857% better results than PNG, WebP, FLIF, IDF, L3C, and
SReC, respectively.

4 Conclusion

In this study, we compared the state-of-the-art learning and non-learning lossless
image compression methods based on four datasets: EPFL Light-field, UVG-TUT,
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ImageNet64, and Openlmage. An analysis based on the experiment results shows
that CBPNN outperforms the HEVCIntra, JPEG-LS, FLIF, and CALIC methods for
the EPFL Light-field and UVG-TUT datasets. On the other hand, MPSMCT sur-
passes PNG, WebP, FLIF, IDF, L3C, and SReC for the ImageNet64 and Openlmage
datasets. In future work, we plan to develop a hybrid learning-based lossless image
compression technique using a multi-scale progressive statistical model.
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