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With the rapid growth of medical image data, it has become a current research hotspot that how to realize the large amounts of the real-
time upload and storage of medical images with limited network bandwidth and storage space. However, currently, medical image
compression technology cannot perform joint optimization of rate (the degree of compression) and distortion (reconstruction efect).
Terefore, this study proposed amedical image compression algorithmbased on a variational autoencoder.Tis algorithm takes rate and
distortion as the common optimization goal and uses the residual networkmodule to directly transmit information, which alleviates the
contradiction between improving the degree of compression and optimizing the reconstruction efect. At the same time, the algorithm
also reduces image loss in the medical image compression process by adding the residual network. Te experimental results show that,
comparedwith the traditionalmedical image compression algorithm and the deep learning compression algorithm, the algorithm in this
study has smaller distortion, better reconstruction efect, and can obtain higher quality medical images at the same compression rate.

1. Introduction

With the advent of the medical and health big data era,
medical image data show an “explosive” growth [1]. As a
result, the storage and transmission of a large number of
medical images become more difcult. So, image data
compression becomes one of the important means to solve
this problem [2]. At present, medical image compression
technology is mainly divided into lossless compression
technology and lossy compression technology [3]. In terms
of lossless compression of medical images, Fischer et al. [4]
used segmented data compression to provide efcient
storage and transmission of visualization data. Aldemir et al.
[5, 6] employed the interslice correlation between the voxels
and used the modern adaptive and context-based reversible
methods to compress binary volumetric data, which ob-
tained good compression and storage. Although the images
reconstructed by lossless compression technology have no
distortion and have a good reconstruction efect, the
compression rate is relatively low and lossless compression

technology cannot meet the requirements of the compres-
sion of the huge amount of medical images currently [7].Te
process of lossy compression technology is that the medical
image data are compressed by mapping, quantization,
coding, and entropy coding [1, 8, 9]. Quantization error
caused by quantization coding is the main reason for rate
distortion in the restoration process. Terefore, designing a
lossy compression algorithm that not only satisfes the lower
limit of distortion but also greatly improves the degree of
compression has become one of the research hotspots in the
feld of medical imaging in recent years [10, 11]. At this
moment, lossy compression is mainly divided into two
categories in the feld of medical image compression: image
compression technology based on traditional algorithms
(nondeep learning algorithms) and image compression
technology based on deep learning. Among them, the image
compression technology based on traditional algorithms is
mainly realized by combining diferent wavelet transforms
and diferent entropy coding methods [12–19], such as the
DCT-based JPEG compression algorithm [12–14], the
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DWT-based SPIHT algorithm [15, 16], the Harr Wavelet-
based EZW [18], and so on. Tese methods are relatively
mature and have lower complexity, but they rely heavily on
manual design. And they need to optimize the three parts of
transformation, quantization, and encoding, respectively.
According to the rate-distortion theory of Shannon’s third
theorem, the joint optimization of rate and distortion is
difcult. Without further constraints, the optimal quanti-
zation problem of high-dimensional space is difcult to solve
[20]. Relevant literature shows that the better the com-
pression efect, the more the distortion of the image [21]. At
the same time, in the case of a higher compression rate, the
image will not only produce serious blocking efects but will
also have an efect on the quality of image restoration due to
the loss of high-frequency information. Being severely re-
duced, the reconstructed image will produce a ringing efect
on the location of the image with strong edge information
[22].

In order to jointly optimize the rate and distortion,
scholars put forward further constraints in the training
process of the neural network. Much literature has alleviated
the contradiction that compression efciency and recon-
struction quality cannot be combined to optimize [23–32].
Balle et al. proposed a variable rate compression algorithm
based on LSTM experimental results which show that the
proposed algorithm can reconstruct arbitrary input images
well under the conditions of given input image quality [23].
However, the input image of the network is limited to a size
of 32× 32, which indicates that this method is still insuf-
cient in terms of the spatial dependency of the captured
image. To solve this problem, Kar et al. [24] proposed a new
fully convolutional autoencoder for mammography image
compression. Compared with traditional autoencoders, its
ability to extract image edge information is stronger and the
convergence speed is faster. Te reconstructed image quality
of this method exceeds that of JPEG. Sushmit et al. [25]
proposed an X-ray image compression method based on
convolutional recurrent neural network RNN-Conv. Te
proposed architecture can provide variable compression
ratios during deployment, while it requires each network to
be trained only once for X-ray images of a specifc di-
mension. Tis model uses a multistage pooling scheme to
learn contextualized features for efcient compression. Tis
is the frst evaluation of medical image compression using a
deep convolutional RNN. Pareek et al. [26] introduced the
IntOPMICM technique, a new image compression scheme
that combines GenPSO and VQ, which achieved higher
image quality at a given compression ratio. Toderici et al.
frst proposed an end-to-end nonlinear image compression
framework based on deep learning, which extended the
concept of transform coding from linear transformation to
nonlinear transformation, and it fundamentally improved
the qualitative nature of compression artefacts [27]. Com-
pared with linear transformation, nonlinear transformation
with higher computing power is more suitable for image
statistics and it can simulate the characteristics of data
distribution. However, in the case of a lower bit rate, the
efect of image reconstruction is bad. In response to this
problem, Ballé et al. combined a nonlinear model with a

hyperprior model that efectively captures the spatial de-
pendence of the latent representation and tends to produce
reconstructed images with more details and a lower bit rate
[28]. Compared with the nonlinear network model, it al-
ready achieved a better reconstruction efect in the feld of
natural image compression. Te abovementioned analysis
proves that this process can not only jointly optimize the
network parameters but also can efectively solve the serious
distortion problem caused by the traditional compression
algorithm while avoiding the complicated algorithm
structure design. However, in the feld of medical image
compression, the compressed details generally cover the
information on human lesions, which are of great signif-
cance for the detection and diagnosis of diseases; hence, the
information loss must be minimized [33]. In response to the
above problems, this study proposes a medical image
compression algorithm based on a variational autoencoder.
By adding the residual network structure, the information
before arithmetic coding is directly fused with the infor-
mation after arithmetic decoding, which reduces informa-
tion loss. As well as, the problem of gradient dispersion and
explosion in the network training process is eased and it can
efectively inhibit the degradation of deep neural networks.
Tus, the efciency of network training has been improved.
Compared with the introduction of a hyperprior end-to-end
compression network, the algorithm in this study showed
better rate-distortion performance.

2. Related Theory

Te algorithm in this study is a neural network structure
combining a variational autoencoder and residual network.
In order to obtain the reconstructed image closer to the
original image, this study approximates the input samples
through a variational autoencoder. Since medical images
have more human lesion information than natural images,
in this study, a residual network module is introduced to
transfer information, thereby directly reducing the loss of
information.

2.1. Variational Autoencoder. In image compression tech-
nology, model generation is a very ingenious method. It can
generate image data similar to the input sample only by
inputting a small amount of information. Variational
autoencoder is one of the generative models [34].

Variational autoencoder (VAE) [35] is a type of gen-
erative model proposed by Huang and Wang. VAE learns
the distribution of samples and uses estimated distributions
to approximate the true distribution of samples. Ten, it
estimates the distribution to generate a similar sample to the
original sample.

Figure 1 is the VAE neural network frame diagram. Te
training process of VAE is divided into encoding, sampling,
and decoding processes. In the encoding process, a real
distribution sample Xk is frstly input, then the unknown
posterior distribution through the identifcation model
q(Z|X) that obeys the normal distribution is estimated, and
then we can obtain the mean μk and standard deviation σk of
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the hidden variable Z distribution. In the sampling process,
VAE generates a random sampling sample corresponding to
Zk through μk and σk.

In the decoding process, for the latent variable sampling
sample Zk, VAE generates a newly generated sample X

∧
k for

the hidden variable sampling sample Zk through the gen-
eration model p(X

∧
|Z).

Te training goal of the VAE network is to reconstruct
the image X

∧
k infnitely close to the original image Xk.

Relative entropy is usually used to measure the distance
between two probability distributions.Te closer the relative
entropy is to zero, the closer the two distributions are, and
their target function is

DKL(p(X)‖p(X̂)) �  p(X)
p(X)

p( X)
dX. (1)

In order to obtain the unknown true posterior distri-
bution p(Z|X) as much as possible, VAE approximates it by
introducing a recognition model q(Z|X) and optimizes the
objective function through the maximum likelihood
method, and then we can obtain the log-likelihood [36]
function as follows:

log p(X) � DKL(q(Z| X)‖p(Z| X)) + L(X). (2)

Te relative entropy [37] of the two distributions is as
follows:

DKL(q(Z| X)‖p(Z| X)) � q(Z| X)log
q(Z| X)

p(Z| X)
dZ

�  q(Z| X) log q(Z| X) − log
p(Z, X)

p(X)
 dZ

�  q(Z| X)(log q(Z| X) − log p(Z, X) + log p(X))dZ

�  q(Z| X)(log q(Z| X) − log p(Z, X))dZ + log p(X)

� EZ∼q(Z| X)log
q(Z, X)

p(Z, X)
+ log p(X).

(3)
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Figure 1: VAE neural network frame diagram.
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Tat is, the variational lower bound L(X) of the likeli-
hood function obtained by equations (2) and (3) is

L(X) � EZ∼q(Z| X)log
p(Z, X)

q(Z| X)

� EZ∼q(Z| X)log
p(X| Z)p(Z)

q(Z| X)

�  q(Z| X)(log p(Z) − log q(Z| X) + log p(X| Z))dZ

� −  q(Z| X) log
q(Z| X)

p(Z)
 dZ + q(Z| X)log p(X| Z)dZ

� −DKL(q(Z| X)‖p(Z)) + EZ∼q(Z| X)(log p(X| Z)).

(4)

Since the relative entropy is nonnegative, then we can
obtain L(X)≤ log p(X). Te loss function is the maximum
and the variational lower bound is L(X). Te closer L(X)

and log p(X) are, the smaller the relative entropy gets.
Terefore, the loss function can be calculated as

Loss � DKL(q(Z| X)‖p(Z)) − EZ∼q(Z| X)(log p(X| Z)). (5)

From what has been discussed, the smaller the objective
function is, the closer the resulting generated sample is to the
input sample.

2.2. Residual Network. Te training process of a deep neural
network is a process to optimize a feedforward neural
network composed of several layers of neurons layer by layer
in order to fnally obtain an optimal solution. In the training
process, the feedforward neural network transmits infor-
mation forward while transmitting the error term used to
update the gradient backwards and then updates the pa-
rameters required by neurons at each layer through the
updation of the gradient. In other words, the optimization
process of the neural network is the process of optimizing
the network by optimizing the gradient of the neuron.

Compared with the shallow network, more sample features
during the training process can be learned. As the number of
network layers increases, the performance of the neural net-
work can be efectively improved. Terefore, most image
compression algorithms based on deep learning will have too
large network models and deep neural network layers.

However, in the process of backpropagation, the gradient
of the current layer is jointly afected by the error term of the
current layer and the error term of the next layer. On the one
hand, during the backpropagation process, when the error term
coefcient of the latter layer is smaller than that of the current
layer, it means that the following error term will become
smaller and smaller so that the gradient will become smaller
and smaller until it disappears. And then the phenomenon that
the gradient disappearance caused by failure of updating of
parameters required by the network will take place. Never-
theless, when the error coefcient of the latter layer is larger
than that of the current one, the gradient will increase expo-
nentially, resulting in gradient explosion. Te training coef-
cient of a deep network cannot guarantee the problem that the

gradient cannot be updated easily, which leads to the difculty
of network convergence and poor training efect.

On the other hand, the deep network also has the problem
of network degradation in the process of forwarding propa-
gation. In the process of neural network training, the network
loss function in the early stage increases to saturation due to the
gradual increase in the number of network layers and then
rapidly converges, which results in network degradation and a
higher error rate than a shallow network with the same rounds.

In order to solve the abovementioned problems, a re-
sidual network (ResNet) [38] was proposed by Shao et al.,
and its network structure is shown in Figure 2.

Its equation is expressed as

H(x) � F(x) + x. (6)
When the error term of the gradient is updated in the

backward propagation through the residual network module,
the error parameter can be directly propagated to the back
layer, and the too-small or too-large error coefcient will not
afect the updation of the gradient, thereby alleviating the
gradient dispersion or explosion phenomenon; and in the
forward propagation of information, the input information can
be directly transmitted from the low-level to the high-level via
the created identity mapping, which can efectively solve the
problem of network degradation. Terefore, the connection of
the residual network makes the propagation of parameters in
the training process smoother and the training efect is better.

2.3. System Network Architecture. In this study, an image
compression algorithm based on a variational autoencoder is
proposed for the frst time in the research process of medical
image compression.Te system network fow chart is shown
in Figure 3.

Te whole fow chart is divided into two parts. Te
overall structure of the variational autoencoder in the two
parts is consistent, one part is the backbone part, and the
other part is the scale hyperprior part.

First, in the main part, the main parameter part uses a
Gaussian probability model which is inferred from the
hyperprior coefcient.

In the encoding portion, the nonlinear transform en-
coder transforms the sample x into a potential spatial
representation y. Ten, the discrete values are generated
through quantization, and the discrete values are com-
pressed into a binary bit stream in arithmetic coding.

weight layer

weight layer

x

H(x)

relu

relu
+

x

identity

Figure 2: Residual network structure diagram.
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In the decoding portion, frst, the binary bit stream is
decoded through the relative arithmetic decoder, and then
the obtained data are fused with the data directly transmitted
to the nonlinear transformation decoder through the re-
sidual network before compression. Finally, it will be
transmitted to the nonlinear transformation decoder for
image reconstruction.

Second, in the hyperprior part, the parameters of the
hyperprior are encoded by an independent identically
distributed model. Te parameters obtained from the main
network parameter analysis are used to describe the dis-
tribution characteristics of the parameters of the main
part.

In the encoding portion, the latent space representation
data of the original image obtained by the nonlinear en-
coder are passed into the encoder based on the hyperprior
for encoding. Ten, a set of random variables to capture
spatial dependencies is introduced. Te next steps are
quantization and arithmetic coding as described in the
main part.

Among them, the decoding portion is consistent with the
main part and arithmetic decoding. Te decoded data are
fused with the preencoded data information, and then the
data are decoded through a decoder based on a hyperprior to
obtain the standard deviation of the distribution of spatially
dependent information. Tis standard deviation is passed to

the backbone for estimation to arrive at the correct spatial
representation y.

Tere is a strong spatial correlation between parameters,
and the coding performance can be greatly improved by
extracting relevant information through additional edge
information. Te added residual network can also directly
transmit information on parameters before data compres-
sion, which can efectively preserve the detailed information
of medical images.

Te neural network structure diagram of this study is
shown in Figure 4, where the blue line is the encoding
process and the red line is the decoding process. Te stride
of the encoding part is the step size of down-sampling and
the stride of the decoding part is the step size of up-
sampling. GDN is generalized normalization, and IGDN is
inverse normalization. Q is quantization, and AE and AD
are arithmetic encoder and arithmetic decoder,
respectively.

In this study, the neural network structure is the pos-
terior superposition of two variational autoencoders. A
residual network structure is added to the main part and the
hyperprior part, respectively, and the rate-distortion per-
formance is optimized by adjusting the distribution of the
latent variables y and z of the bottleneck layer.

From the theoretical knowledge of the variational
autoencoder mentioned in Section 2, we can obtain the log-
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Figure 3: System network fow chart.
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likelihood function of the recognition model which can be
represented as

log p(X) � DKL q‖p
y,z|x

  + L(X). (7)

Te relative entropy of the distribution is

DKL q‖p
y,z| x

  � Ex∼px
Ey,z∼q log q − log px|y(x| y) − log py|z(y| z) − log pz(z) . (8)

Ten, the loss function can be calculated as

Loss � R + λD, (9)

where R and D can be expressed as

R � Ex∼px
Ey,z∼q −log py|z(y|z) − log pz(z) ,

D � Ex∼px
−log px|y(x|y) .

(10)

3. Results

3.1. Experimental Conditions and Main Simulation
Parameters

3.1.1. Data Set. In this study, we used 90% medical images
(TCGA-LUAD lung cancer CT image dataset in the Tumor
Genome Atlas (TCGA) database in the United States)
[39, 40] and cropped them to 256× 256 images for training.
For performance evaluation, we averaged the image com-
pression performance of the remaining 10% of the test set to
obtain rate-distortion performance.

3.1.2. Lab Environment. All experiments in this study were
implemented on the server based on an Nvidia GeForce
2080Ti graphics card, and the network architecture based on
TensorFlow 1.15 and the python 3.6 platform is used, and the
experiments were carried out on the Linux system.

3.1.3. Main Simulation Parameters. Tis experiment aims to
optimize the two indicators of PSNR and MSE for training,
respectively. Te main simulation parameters of the ex-
periment are shown in Table 1.

3.2. Evaluation Indicators. In the feld of medical image
compression, image evaluation criteria can be divided into
objective evaluation criteria and subjective evaluation cri-
teria. Tere are two objective evaluation criteria, the degree
of compression evaluation and reconstructed image quality
evaluation. Image compression efciency is evaluated by
pixel depth (BPP). Te quality of the reconstructed images is
evaluated by means of PSNR (peak signal-to-noise ratio) and
MS-SSIM (multiscale structural similarity). In this study, the
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Figure 4: System neural network structure diagram.
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R-D curve is used to evaluate the reconstruction quality of
the image under the same degree of compression.

3.2.1. BPP (Bits per Pixel). BPP is the average number of bits
occupied by each pixel. Te smaller the BPP, the smaller the
amount of information contained in each pixel, that is, a
greater amount of compression degree [39]. Its equation can
be expressed as

BPP �
len
pixs

, (11)

where len represents the length of the compressed binary
data stream and pixs represents the total number of pixels.

3.2.2. PSNR (Peak Signal-to-Noise Ratio). MSE (mean
square error) represents a measure of the distance between
the estimated image and the original image. Te smaller the
MSE is, the closer the estimated image is to the original
image [41]. It is expressed as

MSE �
1

MN


M−1

i�0


N−1

j�0
[X(i, j) − X

∧
(i, j)]

2
. (12)

Among them, X and X
∧
are, respectively, M×N original

images and reconstructed images.
In the process of lossy compression, compared with the

original image, the reconstructed image will have certain
information distortion, so scholars often use the image f-
delity criterion to measure the quality of the image recon-
struction [42]. Te peak signal-to-noise ratio can be defned
as

PSNR � 10log10
X

2
max

MSE
  � 20log10

Xmax�����
MSE

√ , (13)

where Xmax is the maximum pixel value of the image. It can
be seen from equation (13) that the smaller the distortion
after the lossy image reconstruction is, the closer the image
quality is to the original image.

3.2.3. MS-SSIM (Multiscale Structural Similarity).
Multiscale SSIM is a multiscale and a diferent resolution
image quality assessment SSIM method. Te overall SSIM
evaluation can be obtained by combining the measurement
at diferent scales using

SSIM(x, y) � lM(x, y) 
aM

· 
M

j�1
cj(x, y) 

βj
sj(x, y) 

cj
,

(14)

where cj(x, y) and sj(x, y) represent the contrast com-
parison c(x, y) � 2σxσy + C2/σ2x + σ2y + C2 and structure
comparison s(x, y) � σxy + C3/σxσy + C3 at the j-th scale,
respectively. lM(x, y) is the luminance comparison l(x, y) �

2μxμy + C1/μ2x + μ2y + C1 only at scale M. C1 � (K1 L)2,

C2 � (K2L)2, and C3 � C2/2 are small constants.

3.3. Acceptable Compression Ratios for Medical Image
Compression. TeEuropean Society of Radiology (ESR) [43]
published recommendations on acceptable compression
ratios for lossy medical image compression, and the ac-
ceptable compression ratios for diferent investigations,
body parts, and diseases of medical images based on JPEG
compression algorithms are listed. At this compression ratio,
the error of medical images based on the JPEG compression
algorithm is the maximum error of lossy medical image
compression. Te error of the compression algorithm
proposed in this study should not exceed the maximum
error of lossy medical image compression, and the com-
pression ratio is the maximum acceptable compression ratio
of the proposed compression algorithm.

3.4. Analysis of Simulation Conclusions

3.4.1. Objective Analysis. Te analysis is performed in order
to confrm the efectiveness of the residual module in the
network training process. Under the same experimental
conditions, the relationship between the loss value and the
training rounds during the training process is shown in
Figure 5.

It can be seen from Figure 5 that the overall trend of the
neural network loss value (ordinate) in the training process
is smaller than that of the Balle 2018 neural network
structure. And compared with Balle 2018, the neural net-
work in this study converges faster, and the downward trend
is obvious. After rapidly converging before 400 k, it gradually
stabilizes and it has a smaller oscillation range, which al-
leviates the problem of gradient explosion to a certain extent.
Under the same experimental conditions, the training time
of the network in this study is shorter than that of Balle 2018.
Performance for that the training time of the Balle 2018
network is 31 hours, while the training time of the network
in this study is 29 hours.

In order to study the infuence of diferent components
of the network on the network performance, we conducted
verifcation experiments on the side information network
module and the residual module. In order to verify the
efectiveness of the side information network module, we
conducted a comparison experiment between BLSour
(without the side information network module) and ours; in
order to illustrate the efectiveness of the residual module,

Table 1: Te main simulation parameters of the experiment.

Parameter type and
meaning Value

Loss function Loss � BPP + λ∗MSE

Te value of λ 0.005 0.0075 0.01 0.015 0.02 0.04 0.1
Iterations (times) 1M
Batch size 8
Patch size (px∗ px) 256∗ 256

Learning rate 0.001 (initial) 0.0001 (after
stabilizing)
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we conducted a comparison between Balle 2018 (without the
residual module) and our experiment.

To illustrate the efectiveness of the proposed network,
we use diferent network structures such as BLS2017, Balle
2018, and BLSour to conduct comparative experiments on
medical image data compression. And the diference be-
tween BLSour and the algorithm in this study is that it does
not include the side information network module. Residual
modules are added to the BLSour network and the algorithm
in this study, but the BLS2017 and Balle 2018 networks do
not add residual modules. To improve the readability of the
MS-SSIM, the MS-SSIM was converted to decibels
(−10 log10(1 − MS − SSIM)). It can be seen from Figure 6
that the PSNR and MS-SSIM values increase with the in-
crease of bpp, which is due to the fact that the larger the
compression of the bit depth is, the smaller the compression
degree and distortion are. By comparing the results of the
BLSour network and BLS2017 network, the results of ours
and the Balle2018 network respectively, it can be noticed that
the side information network module is a very important
part of the network structure, which can efectively extract
the detailed information in medical images and achieve
better image quality. It can be seen from Figure 6 that the
PSNR and MS-SSIM values of BLSour are better than those

of the BLS2017 network, and the PSNR and MS-SSIM values
of our network are better than those of the Balle 2018
network, which proves that under the same degree of
compression, the residual network module added in this
study reduces the information loss in the compression
process and improves the reconstruction efect.

Te comparison results of the compression performance
between the method in this study and the traditional al-
gorithm are, respectively, shown in Figure 7. Te traditional
compression algorithms mainly include SPIHT (set parti-
tioning in hierarchical trees), coifet (global thresholding of
coefcients and Hufman encoding), and JPEG algorithms.
Figure 7 shows that under the same degree of compression,
the reconstruction efect of the proposed algorithm is sig-
nifcantly better than that of other traditional algorithms for
medical image compression. When the compression degree
of the JPEG algorithm is small, the reconstruction efect is
slightly lower than that of the algorithm in this study, but
when the compression degree increases, the distortion of the
JPEG gradually increases, and the reconstruction efect is
much lower than that of the method proposed in this study.
Te experimental results show that the method proposed in
this study has obvious advantages over traditional methods,
and it can learn the detailed information in medical images
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Figure 5: Te relationship between the loss function value and the training round during the training process. (a) Ballé 2018 and (b) the
proposed model.
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Figure 6: Te PSNR-BPP and MS-SSIM-BPP results based on deep-learning compression algorithms.
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through training and can obtain high-quality medical im-
ages under a high compression ratio.

To confrm the generalizability of the method proposed
in this study, the Chaos-MR dataset (dataset of Combined
(CT-MR) Healthy Abdominal Organ Segmentation) [44]
was used to train and test. It was acquired by 1.5T Philips
MRI, producing 12-bit DICOM images with a resolution of
256 × 256 pixels and includes 120 DICOMdatasets from two
diferent MRI sequences that scan the abdomen using dif-
ferent combinations of radio frequency pulses and gradients.
Te ISD varies from 5.5–9mm (average 7.84mm), the xy

spacing is 1.36–1.89mm (average 1.61mm), and the number

of slices ranges from 26 to 50 (average 36). 1594 slices (532
slices per sequence) were used as the training set and 1537
slices were used as the test set. Te main simulation pa-
rameters of the experiment are shown in Table 2.

Figure 8 shows the PSNR-BPP and MS-SSIM-BPP re-
sults of the proposed method and the Balle 2018 network,
respectively. It can be seen from Figure 8 that the PSNR and
MS-SSIM values of the method proposed in this study are
higher than those of Balle 2018. As the BPP gradually in-
creases, the compression performance of the method pro-
posed in this study is also gradually enhanced compared
with the Balle 2018 network. Te results verify that the

Table 2: Te main simulation parameters of the experiment.

Parameter type and meaning Value
Loss function Loss � BPP + λ∗MSE

Te value of λ 0.005 0.0075 0.1 0.2 0.5 1 8
Iterations (times) 1M
Batch size 8
Patch size (px∗ px) 256× 256
Learning rate 0.001 (initial) 0.0001 (after stabilizing)
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Figure 7: Te PSNR-BPP and MS-SSIM-BPP results based on traditional compression algorithms.
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proposed method can also obtain compression performance
similar to that of the TCGA-LUAD dataset in the Chaos-MR
dataset, and it has a good generalization efect.

3.4.2. Subjective Analysis. Figure 9 shows the results of the
subjective comparison experiment in the case of bpp ≈ 1,
in which Figures 9(a)–9(g) are reconstructed images using
compression algorithms such as coifet, JPEG, SPIHT,

BLS2017, BLSours, Balle 2018, and the proposed algo-
rithm, respectively. And Figure 9(h) is the original image
before compression. Figure 9 shows the partial enlarge-
ment corresponding to Figures 9(a)–9, respectively. It can
be seen from Figures 9(a)–9(g) that under the same
compression ratio, the PSNR and MS-SSIM values of the
reconstructed image by the deep learning algorithm are
higher and closer to the original image. At the same
compression ratio, the reconstructed images by the deep

(a) conflt 

PSNR: 26.12 dB MS-SSSIM: 0.9556

(b) JPEG

PSNR: 33.23 dB MS-SSSIM: 0.9969

(c) spiht

PSNR: 28.44 dB MS-SSSIM: 0.9757

(d) bls2017

PSNR: 29.48 dB MS-SSSIM: 0.986

(e) bls_ours

PSNR: 29.47 dB MS-SSSIM: 0.9869

(f) balle2018

PSNR: 35.43 dB MS-SSSIM: 0.9974

(g) ours

PSNR: 35.91 dB MS-SSSIM: 0.9986

(h) original image

(a1) local magnifcation of conflt (b1) local magnifcation of JPEG (c1) local magnifcation of spiht (d1) local magnifcation of bls2017

(e1) local magnifcation of bls_ours (f1) local magnifcation of balle2018 (g1) local magnifcation of ours (h1) local magnifcation of original image 

Figure 9: Subjective comparison experiment results. Experimental conditions: bpp ≈ 1.
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learning algorithms have more detailed information than
that of the traditional methods in Figure 9. Subjective
comparative experiments demonstrate the efectiveness of
the proposed method. Te proposed method has higher
reconstructed image quality at the same compression
ratio.

4. Discussion

Tere is a problem with increasing data volume in modern
medical images. Under the limitation of limited bandwidth
and storage space, storing and transmitting more medical
image data is a major problem at present. In this study, an
end-to-end compression model based on variational
autoencoders was introduced into the feld of medical
image compression. And the structure was similar to the
compression algorithm proposed by Balle 2018. Te direct
transfer of information is carried out by introducing the
residual network structure while alleviating the deep net-
work problems during training. Compared with traditional
medical image compression algorithms, the algorithm in
this study can directly optimize the problem of rate
distortion.

However, the method in this study efectively alleviated
these problems, but there are still some shortcomings. Te
network model trained in this study was large, so it had
certain requirements for the medical storage hardware
equipment. However, the size of the trained neural network
model is still very small compared to the size of the medical
image data that grows in series. By directly compressing or
decompressing the medical image with the trained model, it
brings great convenience to the storage and transmission of
medical images. In the future, the trained networkmodel can
still be compressed to save more storage space.

5. Conclusions

With the sharp increase in the amount of medical image
data, under the circumstance of transmission bandwidth,
how to efectively compress the image to ensure the ef-
fective transmission and storage of the data has become an
increasingly challenging task. In this study, a medical
image data compression method based on a variational
autoencoder is studied. First, the basic theoretical
knowledge of variational autoencoder and residual net-
work are introduced and derived. Second, combined with
the characteristics of more details of medical images, a
network framework with residual network structure is
proposed. It proposed to integrate the original data with
arithmetic decoded data through the residual network to
avoid the loss of a large amount of information. Finally,
the experimental results showed that under the same
experimental environment and experimental conditions,
compared with the compression algorithm introduced by
Ballé, the rate-distortion efect of the algorithm in this
study is improved by nearly 10% on an average. It can also
be seen that the algorithm after adding the residual net-
work structure learning can better reconstruct the original
medical image.

Data Availability

In this study, themedical images (TCGA-LUAD lung cancer CT
image dataset in the Tumor Genome Atlas database in the
United States) can be downloaded from (https://wiki.
cancerimagingarchive.net/display/Public/TCGA-LUAD).
CHAOS is a challenge that aims the segmentation of abdominal
organs (liver, kidneys, and spleen) fromCTandMRI data. It can
be downloaded from https://chaos.grand-challenge.org/.
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