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Traditional Transformation Theory Guided Model
for Learned Image Compression
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Abstract—Recently, many deep image compression methods
have been proposed and achieved remarkable performance. How-
ever, these methods are dedicated to optimizing the compression
performance and speed at medium and high bitrates, while
research on ultra low bitrates is limited. In this work, we propose
a ultra low bitrates enhanced invertible encoding network guided
by traditional transformation theory, experiments show that our
codec outperforms existing methods in both compression and
reconstruction performance. Specifically, we introduce the Block
Discrete Cosine Transformation to model the sparsity of features
and employ traditional Haar transformation to improve the
reconstruction performance of the model without increasing the
bitstream cost.

Index Terms—Deep image compression, ultra low bitrates,
invertible codec, traditional transformation theory

I. INTRODUCTION

With the explosive growth of image data, lossy image
compression has become an active research in the field of
computer vision for efficient storage and transmission. To this
end, traditional image compression methods, such as JPEG [[1]],
JPEG2000 [2]], Webp [3] and BPG [4], have been developed
and are widely employed in practice. However, these methods
often introduce severe blocking artifacts due to their block-
based processing, especially under extremely low bitrates.

Recently, with rapid advancements in deep learning, signif-
icant advances have been witnessed in neural image compres-
sion. Many learning-based image compression algorithms have
been proposed [5]—[7]]. In contrast to traditional methods which
rely on handcrafted rules, these learning-based methods often
develop deep neural networks for transforming images into
latent features, achieving superior performance and reconstruc-
tion quality over traditional image compression algorithms.

Transferring images over extremely limited bandwidth is a
practical yet challenging task. Most existing learning-based
methods focus on medium and high bitrates and have poor
reconstruction quality at extremely low bitrates. Agustsson et
al. [8] present a Generative Adversarial Network (GAN)-based
compression method achieveing dramatic bitrate savings. Their
results tend to maintain the high-level semantics but with
significant deviated details of original inputs.

This work is supported by the National Natural Science Founda-
tion of China (No0.61627811); Natural Science Foundation of Shaanxi
Province(No.2021JZ-04); Joint project of key R & D universities in Shaanxi
Province(No.2021GXLH-Z-093, No.2021QFYO01-03).(Corresponding author:
Chenyang Ge.)

The authors are with the Institute of Artificial Intelligence and
Robotics, Xi’an Jiaotong University, Xi’an 710049, China (e-mail:
lizhiyuan2839 @stu.xjtu.edu.cn; cyge @mail.xjtu.edu.cn; 1240231257 @qq.co
m.

Inspired by traditional transformation theory, we propose
a ultra low bitrates enhanced invertible encoding network
based on [9]]. The network employs Invertible Neural Networks
(INNs) with the strictly invertible property to overcome the
information loss problems commonly seen in general image
compression autoencoders. Inspired by the fact that the Fourier
transformation can almost restore the original signal using only
high-energy basic signals like direct current (DC), fundamental
waves, and third harmonic waves, we introduce Block Discrete
Cosine Transformation (BDCT) to model the sparsity of fea-
ture space. During the decoding process, only DC information
and low-frequency signals with high energy are used for
inverse BDCT, greatly improving the rate performance of the
model while ensuring high-quality reconstruction. However,
the BDCT may introduce block artifacts. To alleviate this
problem, we use Haar transformation to conduct multi-level
downsampling of the input image. Due to its reversible and
multi-resolution analysis characteristics, Haar transformation
helps improve the performance of image restoration. Equipped
with the above delicate designs, the proposed method main-
tains a highly invertible structure based on INNs and Haar
transformation, while incorporating the advantages of discrete
cosine transformation in concentrating energy in the low-
frequency interval. This not only ensures excellent image
restoration performance but also greatly improves the rate
performance and inference efficiency of the model.

Experimental results show that the proposed method outper-
forms existing learning-based and traditional methods on the
self-built dataset and Kodak [[10] dataset, with even greater
advantages at lower bitrates. The contributions of this paper
are:

1) We propose a novel ultra low bitrates enhanced invertible
encoding network guided by traditional transformation
theory, this is a effective fusion of traditional transfor-
mation theory and depth image compression.

2) We apply the Block Discrete Cosine Transformation
to model feature sparsity, greatly improveing the com-
pression performance of the model. In addition, We
further leverage the Haar transformation to enhance the
reconstruction capacity of our network.

3) The proposed method achieves high-quality image re-
construction under low bitrates conditions on both Ko-
dak dataset and self-built dataset.



Input x

[

x|[|l=]|x
8|]|8
o< | =
afefg ® Haar =
AR Transformation z 2
3 E
al|lof|a o g
-
ALH LI x LISEN L.
- q o M-
\ D o -

— t 2
SIS 3 =
S||9]|8 £ S
o||<Z]||@ = 3
BE °
c c f=4
[ o [ -
allo]|a

]

i
i
Attentive Channel Squeeze
BDCT Layer

Reconstruct x
Feature

Enhancement Architecture

Invertible Neural Network (INN)

Entropy Model

Fig. 1. Overview of the proposed image compression method

II. RELATED WORK

A. Traditional Image Compression

Traditional compression standards, such as JPEG [1]],
JPEG2000 [_2], WebP [3|] and BPG [4] follow a pipeline of
transformation, quantization, and entropy coding. Transfor-
mation often uses handcrafted modules that incorporate prior
knowledge, like Fast Fourier Transform (FFT) and Discrete
Cosine Transformation (DCT). Entropy coders include Arith-
metic coders, Huffman coder and other coding methods. Some
methods like VVC [11] introduce intra prediction to improve
rate performance. Despite these advances, traditional methods
still have limitations due to block compression resulting in
blocking artifacts in reconstructed images.

B. Learned Image Compression

In recent years, many learning-based image compression
methods have been proposed and achieved impressive perfor-
mance. Several Recurrent Neural Network (RNN) based meth-
ods [5], [12]-[15] iteratively control image restoration effect,
thereby improving rate performance. However, RNN-based
methods can demand significant memory and computational
resources, making them less suitable for resource-constrained
devices or real-time applications. Another field of learning-
based image compression methods relies on variational au-
toencoders (VAEs). Several preliminary works [16] tackled
challenges of bitrate estimation and non-differential quanti-
zation, establishing foundations for end-to-end optimization
strategies minimizing image distortion and estimated bitrates
Simultaneously. Subsequently, numerous VAE-based image
compression methods [6], [7], [16]-[24] were proposed and
achieved impressive performance, but still need improvement
under ultra low bitrates. In this article, we introduce traditional
transformation theory into learning-based image compression
method to achieve better performance under ultra low bitrates.

III. METHODS
A. Overview

Building on insights from [9]], we utilize traditional discrete
Haar transformation and BDCT to enhance rate performance
of our model while maintaining image reconstruction qual-
ity, computational complexity, and parameter efficiency. An
overview of our proposed ultra low bitrates enhanced invertible
encoding network is illustrated in Fig. [I] The feature enhance-
ment module bolsters the network’s nonlinear representation
capacity. The INN architecture mitigates information loss
during image compression, improving restoration quality. The
attentive channel squeeze layer and the BDCT layer help to
remove channel and spatial redundancy, respectively. Finally,
the entropy model encodes and decodes features.

The remaining parts are organized as follows: In Section
3.2, we introduce the INN architecture. Then we introduce the
BDCT layer to improve the rate performance of the proposed
model in Section 3.3. In Section 3.4, we describe the entropy
model and its implementation.

B. INN Architecture

Inspired by Real-NVP [25], we develop an INN architecture
using multiple invertible blocks to obtain compact features.
Each block comprises a downscaling layer and three cou-
pling layers. The downscaling layer involves a discrete Haar
transformation layer and an invertible 1x1 convolution [26],
reducing input resolution by 2 and quadrupling the channel
dimension. We employ the affine coupling layer design from
Real-NVP [25] for the coupling layer, ensuring strict invert-
ibility of information flow during bidirectional transmission.
Following existing methods [6]], [7], [27], we use 4 invertible
blocks in our INN architecture.

1) Haar Transformation: In each downscaling layer, a Haar
transformation layer is applied to split input images into an
approximate low-pass representation and three high-frequency
residuals [28]-[30]]. Specifically, given an input raw image or
feature map with height H, width W, and channel C, the
Haar transformation layer transforms it into a tensor of shape



(% X % x 4C). The first C slices represent the low-pass
representation equivalent to Bilinear interpolation downscal-
ing. The other three groups of C' slices correspond to high-
frequency residuals in the vertical, horizontal and diagonal
directions respectively. By separating low- and high-frequency
information, the model can preserve sufficient high-frequency
components for reconstruction while scaling the image.

2) Coupling Layer: For the coupling layer in the INN
architecture, given the input u(¢) with a dimensional size
of C, it splits the input at position ¢(0 < ¢ < C) into two
parts: uy (uX9)) and wuy(u(&)). It performs feature transfor-
mations on both two parts, then combines them to yield a C
dimensional output v(3¢);

{ v1 = u1 © exp (s2 (u2)) + t2 (u2), (1)
vy = uz ®exp (s1 (v1)) +t1 (v1),
2 2

where © denotes the Hadamard product, exp denotes the
exponential function, and s1, ss, t1, to are arbitrary functions.
Symmetrically, taking v(:) as input with splitting position c,
the inverse transformation is easily computed:

ug = (v2 — 11 (v1)) ©® exp (=51 (v1)),
{ uy = (v1 — ta (u2)) © exp (=53 (u2)) , @

Eq. (I) and (2) show the invertibility is inherently guaranteed
by the ingenious mathematical design. Note that the functions
S1, 82, t1, and to can be arbitrary functions, and need not be
invertible. In our implementation, we use the same bottleneck
structure as in [9].

C. Block Discrete Cosine Transformation

To improve rate performance, we introduce a BDCT layer
to model the sparsity of the feature space. As shown in Fig.
given an input tensor of shape (C, H, W), the BDCT layer first
divides it into small blocks of size (C,4,4). Then it performs
discrete cosine transformation operation on these small blocks
and the top-left 2 x 2 portion is utilized for following encoding
and decoding operation, i.e. only DC information and low-
frequency signals are retained. For the inverse process, the
BDCT layer fills the empty positions in small blocks with
zeros, and then performs inverse discrete cosine transformation
on the filled blocks. Finally, the BDCT layer splices all the
blocks into a (C,H,W) tensor. Due to the ignored high-
frequency signals contains less information, our method can
easily utilize the nonlinear network to compensate for lost
information.

D. Entropy Model

We adopt the hyperprior proposed in [6]], which uses a
mean and scale Gaussian distribution to parameterize the
quantized latent features g, with analysis h, and synthesis hg
transformations. Since [[6] only provides training ideas without
inference paradigms, we refer to the inference process of the
hyperprior model in [27] and use the asymmetric numeral
systems [31] to encode data losslessly.
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Fig. 2. Illustration for Block Discrete Cosine Transformation and its inverse
process. (a) is the process of BDCT, and (b) is the inverse process of BDCT

IV. EXPERIMENTS
A. Experimental Setup

1) Datasets: We evaluate our proposed method on our self-
built dataset and the Kodak dataset. To create the self-built
dataset, we use an AR0230CS HD camera to collect 10,974
high-quality natural images with a resolution of 1920 x 1080.
Several example images are shown in Fig. [3] We randomly
select 109 images as the testing set, while the remaining
images are used for model training.

2) Training details: To achieve a better RD trade-off, we
regularize the training of the proposed method as:

L=MXD+ R=M\d(x,2)+ Ry + Rs, 3)

where d(z, %) represents the distortion between the input
image and the reconstructed image, with d(-) referring to
mean square error (MSE) or 1-MS-SSIM [32]. A is a hyper-
parameter controlling the rate-distortion trade-off. Ry and R
refer to the entropy of the latent features ¢ and the hyperprior
parameters Z, respectively. Similar to [9], we use the channel
number N in the attentive channel squeeze layer and the
weight factor A\ as quality parameters. We train four models
optimized with the MSE quality metric, selecting N from the
set {16,32,128,128} and A from the set {24,24,16,32} x
10~%. The value of \ refers to CompressAl [33].

During training, we utilize the CompressAl-PyTorch library
[33] to train our network. The training epoch is set to 400 with
a batch size of 8 and a patch size of 256. We adopt the ADAM
optimizer [34] with an initial learning rate of 1 X 10~%, which
decreases to 4 x 1075 at epoch 200 and then to 1.6 x 1075 at
epoch 300.

3) Test setting: Following most existing image compression
methods, we adopt the widely-used pixel-wise metrics, PSNR
and MS-SSIM, to quantify image distortion, and use bits per
pixel (bpp) to evaluate the rate performance. We draw rate-
distortion (RD) curves to compare the coding efficiency of
different methods based on their rate-distortion performance.

B. Comparisons with State-of-the-art Methods

1) Rate-distortion Performance: We compare our model
with state-of-the-art learned image compression models, in-
cluding those proposed by Ballé et al. [27]], Minnen et al. [6]]
and Cheng et al. [[7]. We also compare our model with tradi-
tional image compression codecs such as JPEG [1]], JPEG2000



Fig. 3. Example images in our self-built dataset
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Fig. 4. Performance evaluation on the self-built dataset
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Fig. 5. Performance evaluation on the Kodak dataset

(2], WebP [3]] and BPG [4]. All methods use official technical
documents for reasoning tests. We evaluate performance using
the CompressAl evaluation platform.

Fig. 4 and Fig. [5] show the RD curves comparison on the
self-built dataset and Kodak dataset, respectively. Following
[7], we convert MS-SSIM to —10log(1— MS-SSIM ) for
clearer comparison. It is observed that when bpp is below 0.2,
i.e. in low bitrates scenarios, our method demonstrates much
better performance than comparison approaches. As bpp de-
creases, advantages of our method become more pronounced.
Especially when the bpp is close to 0.05, our method achieves
25.7 dB and 24.3 dB PSNR on the self-built dataset and Kodak
dataset, respectively, outperforming other methods.

2) Qualitative Results: Using the model with N = 128
and A = 0.0016 as a research subject, we show qualitative
comparisons of reconstructed images on the Kodak dataset in
Fig. |6 We use Cheng et al. as a representative learning-

based image compression method and compare our method to
traditional methods. As shown in Fig. [] our proposed method
generates superior results compared to competing approaches.
For example, our method is the only one able to effectively
restore texture details on the wall, in contrast to other methods
that fail to generate plausible details (see first sample). We can
also observe our proposed method generates the clearest edge
structure in the second sample.

C. Ablation Study

1) BDCT Layer: We introduce a BDCT layer to model
feature space sparsity. To verify its effectiveness, we conduct
an ablation study, removing the BDCT layer and retraining
the model with identical settings for fair comparison. Fig.
[7] shows rate-distortion points for two models evaluated on
Kodak dataset. The BDCT layer significantly reduces re-
quired bitrates for storing image content information, with
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Fig. 7. Ablation study on BDCT layer.

bpp roughly halved. Although image reconstruction quality
decreases slightly after adding the BDCT layer, overall com-
pression performance remains superior to model lacking it,
i.e. the rate-distortion curve for model with the BDCT layer
encloses the rate-distortion point for the model without it.

2) Haar Transformation Layer: To verify the contribution
of the Haar transformation layer, we replace it with a pixel
shuffling layer and retrain the model with weight factor
A = 0.0024 and channel number N = 32. Fig. [§] shows the
rate-distortion points of both models evaluated on the Kodak
dataset. We observe that the Haar transformation layer im-
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Fig. 8. Ablation study on Haar transformation layer.

proves image reconstruction quality without increasing bitrate,
which shows that Haar transformation effectively promotes the
efficient conversion of images from the spatial domain to the
feature domain, realizes the more effective data encoding of
the image content information, and alleviates the performance
degradation caused by the BDCT layer.

3) Parameters and Computational complexity: We further
compared the model parameters and computational complexity
with respect to the input image size 256 x 256, the results are
shown in Table [l It can be seen that adding BDCT layers
and Haar transformation layers improve model performance



TABLE I

PARAMETERS AND COMPUTATIONAL COMPLEXITY WITH DIFFERENT N

N Model Param(M) MACs(G)
16 Baseline® 4.76 43.02
Ours 4.76 43.01
1 Baseline 4.97 43.04
Ours 4.97 43.02
128 Baseline 9.28 43.61
Ours 9.28 43.29

20ur method without BDCT and Haar transformation layer.

without increasing the model parameters or computational
complexity.

V. CONCLUSION

In this paper, we propose a low bitrates enhanced invertible
encoding network guided by traditional transformation theory,
which employs the BDCT layer and the Haar transformation
layer. The BDCT layer can model the sparsity of features,
which is helpful in removing spatial redundancy and im-
proving the rate performance. To improve the reconstruction
performance of the proposed method, we apply the Haar
transformation layer to equip the model with a certain in-
ductive bias for splitting low- and high-frequency contents.
Extensive experiments show our method outperforms state-of-
the-art methods in rate-distortion.
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