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Abstract—Deep Learning has revolutionized the field of image
processing and image compression in particular. A lot of research
has been done in recent years on the subject of learning-based
image compression, which has resulted in methods with increased
compression performance but high computational complexity.
The most successful methods eradicate the redundancies by using
entropy modelling. In this paper, we utilize the Discrete Wavelet
Transform (DWT) as a preprocessing step for a simple
hyperprior model. The proposed method is compared to both
traditional and deep learning-based techniques. It proves to be
superior in lower bit rates, using both Peak Signal-to-Noise Ratio
(PSNR) and Multi-Scale Structural Similarity (MS-SSIM) as
metrics for the evaluation of the model.
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I. INTRODUCTION

Image compression is an area of signal and image
processing that has been continuously researched in recent
years due to its use in efficient storage and transmission of
image data. In the past decades, a number of standards has
been developed such as JPEG [1], JPEG2000 [2], BPG [3] etc.
However, the rapid rise of artificial intelligence has led to the
incorporation of machine and deep learning methods into this
subject.

The traditional codecs remove redundancies from the input
image data mainly by using transform coding followed by
quantization, and entropy coding. For example, JPEG and
BPG utilize the Discrete Cosine Transform (DCT), while
JPEG2000 uses the Discrete Wavelet Transform (DWT) [4].
Many deep learning techniques tend to follow the same
sequence, replacing the transform with neural networks, in
order to jointly optimize these three steps [5].

Over the past years, deep learning models have shown
great success to the problem of image compression. In these
approaches, various types of neural networks have been
utilized to create a more compact representation of the input
data, such as Convolutional Neural Networks (CNNs),
Autoencoders (AE), Recurrent Neural Networks (RNNs) and
Generative Adversarial Networks (GANs) [6-10]. In end-to-
end image compression, the compressed feature map also
keeps certain spatial correlation due to the limited receptive

field of convolutions [10]. Thus, entropy modelling is used
for the elimination of the remaining redundancies. Entropy
modelling that aims to estimate the rate of the codes plays a
vital role in learned image compression methods. According to
Shannon’s source coding theorem [10], given a sequence of
codes y = {yy,..., yn }, the optimal code length of y should be

C=E,[— Y i-olog: P(y)] (1)

Thus, estimating accurate probability distribution functions,
ie., P(y), for the codes is essential in determining the
compression rate [11]. End-to-end image compression
methods with a variational autoencoder (VAE) are popular in
this field, which introduce a hyperprior [12] model to transmit
the distribution of latent representation.

In this work, we investigate the application of DWT as a
preprocessing step to an autoencoder with a hyperprior, for
low bit rates. The main contributions presented in this paper
are:

o the use of a different representation method for the

images when given as inputs to the autoencoder,

o the application of the wavelet transform as a
preprocessing step for entropy-modelling techniques.

The rest of the paper is organized as follows. In Section Il a
review of deep learning-based image compression methods is
provided. Section III demonstrates the details of the proposed
techniques and the network architectures used in this work. The
experiments performed for the evaluation of the model and
their results are shown in Section IV. Finally, Section V
summarizes the outcomes and outlines future work.

II. RELATED WORK

Many deep learning-based image compression methods
follow the logic of traditional codecs which dictates that a
transform is followed by quantization and entropy coding,
substituting one of the steps by a deep learning algorithm.
These techniques assume that all the codes are independent and
identically distributed. They also suppose that all of them
follow the same probability distribution, in order to have
easier-to-handle entropy models [11]. The author of [13] uses
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Fig. 1. Operational diagram of the baseline factorized prior (a) and the
hyperprior (b). The boxes represent transformations of the data.
The boxes U|Q indicate either the addition of uniform noise during
the training of the model or quantization and arithmetic coding
during testing.

trellis coded quantization in lieu of a more basic form.

However, the most commonly replaced step is the
transform. Toderici et al. [14] created an RNN to compress
32 x 32 images in a progressive manner and they later
extended their research to bigger images by introducing a
BinaryRNN for context-based entropy modelling [7].

Ballé¢ et al. [8] started off by replacing the typical rectified
linear unit function (ReLU) with a generalized divisive
normalization (GDN) activation function in an end-to-end
manner and modelled the entropy with a factorized prior. In
their following work [12], they assume a zero-mean Gaussian
distribution for each code, with the deviation estimated by a
side information network depending on the hierarchical
hyperprior. This method has become a benchmark and base
for many subsequent learned image compression techniques
by other researchers that utilize entropy modelling [15-18].

Minnen et al. [15] combined the hierarchical hyperprior
with a context-based autoregressive prior to enhance the
results of the compression. Lee et al. [16] also introduced an
autoregressive component to the entropy model. Taking
advantage of the high correlation of local dependency,
context-adaptive models contribute to a more accurate entropy
estimation. However, since these models only capture the
spatial information of neighboring latents, there is remaining
redundant spatial information across the entire image. Qian et
al. [19] built on the architecture introduced by Minnen and
proposed the combination of a local context, a global
reference and a hyperprior model to overcome this issue and
further boost the compression performance.

III. PROPOSED IMAGE COMPRESSION METHODS

A. Rate-Distortion Optimization

The goal of our model is to minimize the expected length of
the compressed bitstream that results from our processing as
well as the expected distortion of the reconstructed image with

respect to the original, creating the rate—distortion optimization
problem that dominates learned image compression:

RAXD = Expe ~logopi(q[(X) )] - Expeld(x.&(q[fx)])]  (2)

where A is the Lagrange multiplier that determines the desired
rate (R) — distortion (D) trade-off, p. is the unknown
distribution of natural images, ¢ represents rounding to the
nearest integer (uniform quantization), y = f{x) is the encoder,
y = qfy] are the quantized latents and p;y is a discrete entropy
model [19]. The rate is the expected code length (bit rate) of
the compact representation of the image, and it can be written
as the cross entropy between the marginal distribution of the
latents and the learned entropy model [12]. The distortion is the
expected difference between the reconstructed and the original
image, as measured by a norm or perceptual metric function,
e.g., the mean squared error (MSE) or the multi-scale structural
similarity (MS-SSIM) [20]. The optimization problem can be
represented as a variational autoencoder. Fig. 1 shows the
operational diagrams of (a) the factorized prior and (b) the
hyperprior models. Our technique is based on the hyperprior
method [12].

B. Network Architecture

The architecture of our system follows closely that of Ballé
[12]. One crucial difference is that in our paper we suggest a
different representation of the input images before they are
given to the network. First, we split them into the three color-
channels (Red-Green-Blue). Our method proposes the use of
the Discrete Wavelet Transform as a preprocessing step, after
the color-channel splitting. Each of the three new images goes
through the DWT and produces four sub-images which
correspond to the approximation, horizontal, vertical, and
diagonal detail, respectively. Thus, for every image in the
original dataset we end up with 12 sub-images that are stacked
together to create a 12-channel image which is given as input
to the neural network. The chosen wavelet type is the
biorthogonal 4.4 wavelet, which is similar to the 9/7 wavelet
and is considered suitable for lossy image compression [4].
The proposed framework is illustrated in Fig. 2 and the
individual network layers are shown in Table I.

We set up the main and the hyper autoencoder as a series
of linear (convolution/deconvolution) and non-linear
(GDN/IGDN and ReLU) functions. Similar to other VAE-
based image compression methods, we used a learned encoder
2, to map the input image x to a latent representation y, which
is further grouped and rearranged as z by the hyper encoder #,.
Both outputs are quantized into discrete values and then given
to a lossless arithmetic coder. Finally, a decoder g, and a hyper
decoder 4, transform y and Z to the reconstructed image x.



TABLE L NEURAL NETWORK LAYERS

Compression Network

Encoder Decoder Hyper Encoder Hyper Decoder

Conv: 5x5¢192 s2 Deconv: 5x5 ¢192 s2 Conv: 3x3 ¢192 sl Deconv: 5%5 ¢192 2
GDN IGDN

ReLU ReLU
Conv: 5x5¢192 s2 Deconv: 55 ¢192 s2

Conv: 5x5¢192 s2 Deconv: 5x5 ¢192 s2
GDN IGDN

ReLU ReLU
Conv: 5x5¢192 s2 Deconv: 5x5 ¢192 s2 Conv: 5%5 ¢192 2 Deconv: 3x3 ¢192 s1
GDN IGDN ’ ’
Conv: 5x5¢12s2 Deconv: 5x5 ¢12 s2
Conv: convolutional layer, Deconv: deconvolutional layer, c:channels, s:stride
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Fig. 2. The architecture of our method. Q denotes quantization and AE/AD is the lossless arithmetic encoder/decoder

IV. EXPERIMENTAL RESULTS

To compare the compression performance of our proposed
model, we conducted several experiments using the Tensorflow
framework. The proposed models are trained on a subset of the
ImageNet dataset [21], as well as the CLIC dataset, which
consists of 1258 images.
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Afterwards, randomly placed 504 x 504 pixel crops of
these images were extracted. The dimensions of these crops
were chosen, so that the 12 sub-images produced by the DWT
decomposition had a size of 256 x 256 pixels. These sub-
images were stacked together to create the inputs of the
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Fig. 3. Model evaluation over the Kodak dataset



TABLE II. COMPARISON OF RESULTS
Results
Method
Bit rate PSNR (dB) MS-SSIM

Ballé (2018) 0.39 26.85 091
BPG 0.37 27.11 0.92
JPEG 0.36 24.67 0.86
JPEG2000 0.37 26.93 091
Wavelet 0.35 28.42 0.94
hyperprior (ours)

compression network. Minibatches of 8 of the input images at a
time were used to perform stochastic gradient descent using the
Adam optimization algorithm with a learning rate of 107*. With
this setup, we trained 5 separate models. The mean squared
error (MSE) was used as the distortion metric in all of them
and 5 different values of A (0.001, 0.005, 0.01, 0.05 and 0.1)
were used, in order to produce a wide range of rate-distortion
tradeoffs.

The evaluation of the proposed models was performed on
the publicly available Kodak dataset [22]. The rate-distortion
curves are shown in Fig.3. The distortion metrics that were
used in this paper are the PSNR and the MS-SSIM.

In the experiments, we investigate a way of improving the
results of the classic hyperprior image compression algorithm
for low bit rates, by using the DWT decomposition of the
inputs. The average results of the evaluation experiments are
presented in Table II and an example image is shown in Fig.4.

Original Image BPG

PSNR = 27.08dB PSNR = 26.85dB
0.36 bpp 0.36 bpp

Wavelet hyperprior (ours)
PSNR =28.31dB
0.34 bpp

PSNR =27.01dB
0.36 bpp

Ballé (2018)

JPEG2000 JPEG
PSNR =24.07dB
0.36 bpp

As we can see, the wavelet hyperprior method has much
better results than JPEG, and even surpasses other traditional
techniques such as JPEG2000 and BPG. It also outperforms
Ballé¢’s method, which was the base upon which our method
was built. This proves that the utilization of wavelets as a
preprocessing step is extremely advantageous for low bit rates.
Additionally, another benefit of our method is its low
computational complexity. The average test runtime for Ballé
on GPU was 670.14ms, while for the wavelet hyperprior was
107.46ms.

V. CONCLUSIONS

This work presented a new method of learned image
compression for lower bit rates, based on the hyperprior model.
The main contribution of our paper was the use of wavelets as
a preprocessing step for the entropy modelling method. Our
approach surpassed both traditional codecs such as JPEG and
BPG, and other learned compression techniques. An added
benefit of this methodology was its low computational
complexity and test runtime. The addition of the DWT resulted
in smaller bit rates than the simple hyperprior for the same
value of A and improved the performance of the neural
networks.

Our next step is the further improvement of the results via
the utilization of additional entropy models, as well the use of
other metric functions for the distortion, i.e., the MS-SSIM.
More experiments will be necessary to drastically improve the
compression results. This technique is targeted towards low bit
rates and does not perform as well as other learned image
compression techniques for higher bit rates. It is our aim to
implement a more general method as well.

Wavelet
hyperprior (ours)

Fig. 4. At similar bit rates, our wavelet hyperprior method provides the highest visual quality on the Kodak dataset
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