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Lossless Compression of Medical Images based
on the Differential Probability of Images
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Abstract—Lossless compression is crucial in the remote
transmission of large-scale medical image and the retainment of
complete medical diagnostic information. The lossless compression
method of medical image based on differential probability of image is
proposed in this study. The medical image with DICOM format was
decorrelated by the differential method, and the difference matrix was
optimally coded by the Huffman coding method to obtain the optimal
compression effect. Experimental results obtained using the new
method were compared with those using Lempel-Ziv—Welch,
modified run—length encoding, and block-bit allocation methods to
verify its effectiveness. For 2-D medical images, the lossless
compression effect of the proposed method is the best when the object
region is more than 20% of the image. For 3-D medical images, the
proposed method has the highest compression ratio among the control
methods. The proposed method can be directly used for lossless
compression of DICOM images.

Keywords—Medical image, Lossless compression, Huffman
coding, DICOM.

I. INTRODUCTION

omputer tomography (CT), magnetic resonance
imaging (MRI), ultrasound imaging, and other medical
imaging technologies are crucial medical diagnostic
technologies and means. A considerable amount of medical data
is generated in a hospital. Dozens of TB medical data
increments are generated in a hospital yearly, and
approximately 20 TB of data account for medical images, thus
giving significant importance to data storage for hospitals.
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Meanwhile, with the rapid development of big data, artificial
intelligence, internet and cloud technologies, telemedicine and
remote transmission of medical data are crucial. The remote
transmission of considerable medical image data will lead to
increased requirements for network transmission performance.
Hence, compressing medical image data effectively is
necessary.

The main methods for image compression are lossy and
lossless compressions. The lossless compression has the
advantage of no image loss after decoding. Although the
compression ratio of lossy compression is much higher than that
of lossless compression, the original image cannot be restored
error-free due to the distortion between the restored image from
lossy compression and the original image [1-2]. The medical
image is the original evidence of medical diagnosis, and image
distortion may affect the doctor’s diagnosis of disease. For
medical images, the lossless compression is a basic requirement
[3-4].

The principle of lossless compression is to reduce the
statistical redundancy of the image data that can completely
recover the original image without causing distortions.
Encoding and transform are the commonly used methods for
lossless compression [5]. Encoding method includes Huffman
encoding, Lempel-Ziv—-Welch (LZW), and run-length
encoding (RLE) methods. The Huffman encoding is
implemented on the basis of constructing the optimal binary
tree, which can obtain the minimum average code length to
obtain lossless compression [6]. The LZW method is also
known as the string table compression algorithm, which is
similar to the principle of colour palette. A compiled table is
created based on the different grey values in the original image,
and the grayscale index in the compilation table is used instead
of that in the original image to reduce the size of each image
pixel [7-9]. The RLE process is a series of consecutive and
repeated image pixel grey values that are replaced with a grey
and count values. RLE can be applied to medical images with
large-area continuous shadows [10-12]. The improved RLE
method (modified RLE, MRLE) [13] groups the image data
several times and performs RLE to improve the compression
effect. Block-bit allocation (BBA) [14] is another method for
lossless compression that can obtain better performance than
Huffman encoding and LZW method. A Hilbert space-filling
curve was used to divide the image into several blocks. In each
block, a bit number was reassigned according to its grey value.

The existing image lossless compression methods are
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conducted on 8-bit grayscale images or true colour images.
However, for medical images, the storage format varies with
different imaging modes. For example, microscopic and colour
ultrasonic images are stored in true colour format, whereas MRI
and CT images are generally stored in the form of grayscale
images, and the grayscale length of each pixel (voxel) is not 8
bits, but 12- bits or higher [15-16]. In this study, a difference
method is proposed to remove the correlation of the image, and
then the optimal encoding of the difference matrix is obtained
by using Huffman encoding based on the probability of the
difference image to obtain the lossless compression of the 12-bit
CT or MRI images. To verify the performance of the algorithm
in this study, we selected the LZW, MRLE, and BBA methods
for the control experiments.

II.RELATED WORKS

Medical imaging application demands lossless or
high-fidelity image compression because the lossy compression
might affect the diagnostic value of the image and possibly
contribute to diagnostic errors [17]. The method based on the
principle of minimum rate predictors was proposed for lossless
compression of volumetric sets of medical images, such as CTs
or MRIs and obtained gains above 20% and 12% for 8- and
16-bit-depth contents compared with the traditional method,
respectively [18]. The near-lossless compression algorithm
based on adaptive spatial prediction was proposed for medical
sequence images for possible diagnostic use [19] and used
adaptive block size-based spatial prediction to predict blocks
directly in the spatial domain as lossless Hadamard transform
was used before quantization to improve the quality of the
reconstructed images.

The lossless image compression method for region of interest
(ROI) in medical images has attracted considerable attention
from researchers recently because the diagnostically useful
information called ROI is localized in a small area in the
medical images. ROl was processed using the lossless
compression algorithm and lossy compression elsewhere in the
image [20-22]. Song et al. [23] proposed an algorithm for the
lossless compression of medical images based on irregular
segmentation and region-based prediction that exploited not
only spatial correlation between pixels but also utilized local
structure similarity, thereby resulting in efficient compression
performance. Kumarganesh et al. [24] detected and segmented
brain tissues with and without tumour using mathematical
morphological operations. Furthermore, the brain tissues with
and without tumour were compressed using lossless and lossy
compression techniques, respectively. Aneja et al. [25]
segmented the image into three regions, such as ROI, non-ROl,
and background, using histogram-based thresholding.
Moreover, the ROI and non-ROI regions were compressed by
Huffman and SPIHT coding methods, respectively. The
nonrelevant regions were directly converted to zero. Automatic
segmentation is the key technology for lossless image
compression based on ROI. Kumar et al. [26] separated the ROI
(foreground) and background using the region-growing
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algorithm. The ROI was encoded with low compression ratio
and high bit rate, whereas the background region was encoded
with high compression ratio and low bit rate.

The medical image lossy compression method can obtain
high compression ratio. The lossy compressed medical images
with high fidelity do not affect the diagnostic accuracy in a
statistically significant way. Juliet et al. [27] used the wavelet
transform to represent singularities along arbitrarily shaped
curves and set partitioning in hierarchical tree encoder to
encode the significant coefficients. Selvi et al. [28] presented a
rapid 2-D lossy compression technique for CT and MRI images
based on wavelet-based contourlet transform and binary array
techniques. The diagnostic features of CT and MRI images
could be precisely reproduced, as evaluated by radiologists.
Parikh et al. [29] studied the method of diagnostically
acceptable lossy compression and the complexity of high
bit—-depth medical image compression. Sophia et al. [30]
presented an enhanced method for the compression of medical
images using wavelet transformation, normalization, and
prediction that could be adjusted to reproduce good quality
images close to the original for the selected contextual area. An
algorithm of multilevel compressive sensing was presented for
MRI image lossy compression [31-32].

I1l. PROPOSED METHOD

Fig. 1 shows the flowchart for the medical image lossless
compression method. The three steps of the compression
process are as follows. First, differential calculation is
performed on the original image to obtain decorrelation and the
difference matrix. Second, the Huffman coding method is
implemented on the difference matrix to obtain the optimal
coding. Third, the lossless compressed data of the medical
image can be obtained based on its Huffman code and grey
value.

Original medical image

Difference

Difference matrix

Coding

Huffman code

Compression

Compressed data

Fig. 1. Flowchart for the lossless compression



INTERNATIONAL JOURNAL OF COMPUTERS
DOI: 10.46300/9108.2020.14.1 Volume 14, 2020

A. Differential Calculation calculation can reduce the coding redundancy and improve the

Fig. 2 shows that the differential calculation process is ~ compression ratio. Let the original image matrix be matrix I.
performed to remove the correlation of the image. Differential
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Fig. 2. Diagram for the difference calculation
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Each element | (m, n) represents the grey value of the m row and
the n column elements in 1. First, a new column is added at the
leftmost of matrix | and set to zero. The difference matrix T is
obtained by the difference calculation. The elements of T is
calculated by T (m, n) =1 (m, n + 1) — I (m, n). The difference
matrix T is divided into value matrix V and sign matrix S. The
value matrix V is the absolute value of the difference matrix T,
which is encoded by Huffman coding to obtain the lossless
compression. The matrix S is the sign of matrix T, which is used
in the image reconstruction via image compression coding. For
3-D medical images, the same differential calculation is
performed for each layer of the images.

B. Huffman Encoding

Huffman encoding is a lossless compression method that is
mainly achieved by constructing the optimal binary tree and
obtaining the optimal coding. The four main steps for
constructing the Huffman optimal binary tree are as follows.

Step 1: The probability of all values in the difference value
matrix V is calculated and organized in descending order, and
then a binary tree set BT is constructed, in which a value can be
considered an independent binary tree with only one node.

Step 2: Two binary trees (n0, n1) with minimum probabilities
are selected and a new binary tree whose leaf nodes are the
selected binary trees (n0, nl) is constructed. The leaf nodes with
high and low probabilities are considered the left and right
children of the new binary tree, respectively.

Step 3: The probability of the new binary tree is the sum of
the probabilities of the two selected binary subtrees, which are
deleted in the set BT. The new binary tree will be added into the
set BT.

Step 4: Repeat steps 2 and 3 until only one binary tree
remains in the set BT that can be considered the Huffman
optimal binary tree.

In the Huffman optimal binary tree, each leaf node represents
a value in the difference value matrix. A path from the root node
to each leaf node is the coding of the corresponding value of the
leaf. The encoding is 0 or 1 when the path passes through the left
or right subtree, respectively. Each value in the difference value
matrix V corresponds to a leaf of the Huffman optimal binary
tree with a unique Huffman code. The compressed data for a
given medical image can be obtained based on the Huffman
coding table and the difference value matrix V.

C. Decompression
The decompression process is an inverse process of lossless
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compression that includes two steps. The first step is Huffman
decoding, whereby the difference value matrix V is
reconstructed using the Huffman coding table and the
compressed data. The second step is the inverse differential
calculation, whereby the difference value and difference sign
matrices are combined into the difference matrix, and then the
original medical image can be reconstructed using the
difference matrix by inverse difference calculation.

IV. EXPERIMENTAL RESULTS

A. Experimental Data

The experimental data in this study are provided by the
Cancer Center of Sun Yat-sen University. To verify the
effectiveness of the algorithm, we selected seven different types
of 3-D medical images for the experiments, and Table 1
summarizes the detailed information. To evaluate the
performance of the new compression algorithm, we compared
the results from the proposed method with those from MRLE,
BBA, and LZW under the same experimental conditions.

B. Performance Evaluation

The lossless compression method is proposed in this study.
The original medical image can be restored error-free.
Therefore, the image compression ratio (CR) is used to measure
the performance of the algorithm. The CR refers to the ratio of
the space size of the original image and that of the compressed
image. CR = S1/S2, where S1 and S2 represent the sizes of the
original image and the compressed data, respectively. In this
study, compressed data includes the difference sign matrix,
Huffman coding table, and compressed value. CR can be used as
an evaluation method to objectively evaluate the performance of
the proposed method in this study. The enlarged CR enhances
the lossless compression effect.

C.Experimental Results

The experiments have been conducted on the 2-D CT and
MRI images. Fig. 3 (a) shows the results of 12 representative
2-D CT images that were randomly selected from the chest CT
(CTO01). Fig. 3(b) shows the results of 12 representative 2-D
MRI head images that were randomly selected from the head
MRI (MRO04). The CR of the new method is the highest for chest
CT images, followed by that of MRLE, BBA, and LZW.
However, for 2-D head MRI images, the results of BBA and
LZW are relatively poor. The CR of the new method is higher
and sometimes lower than that of the MRLE method.

Table 1. Image information for lossless compression of medical images

Imaging Method Body Part Image Size (Voxel) Bits of Voxel
CTo1 CT Chest 512 x 512 x 371 12
CT02 CT Abdomen 512 x 512 x 201 12
MRO1 MRI (BOLD) Head 68 x 68 x 40 12
MRO02 MRI (DTI) Head 256 x 256 x 30 12
MRO3 MRI (DWI) Head 256 x 256 x 18 12
MRO04 MRI (T1) Head 256 x 256 x 176 12
MRO05 MRI (T2) Head and neck 512 x 512 x 36 12

ISSN: 1998-4308



INTERNATIONAL JOURNAL OF COMPUTERS

DOI: 10.46300/9108.2020.14.1 Volume 14, 2020
2.5
—-—-\,———u-—-—/h———@-—!\\ " //:/ ¢+ —®-New Method
v *—eé
15 = e s —¢<MRLE
a -9-BBA
1.0
--LZW
0.5
0.0

N & o} o A D 9 Q NN
S &S %@"' PO g
& F F S F S S
S S

(a)

2.5
2.0
—8-New Method
1.5 —=<MRLE
®
=~ -0-BBA
1.0 LW
0.5
0.0

NN R\ e BN SN\ CHR\ NS b\\ N

> O D & >
Q@?’ Q@'ﬁb Q@q" Q&@ Q@f} Q@? Q&q’ 4‘}@'& ‘\2\—@. “‘2&% Q@q" ,Q,pfb’
FEFFFFEFHEeses
(b)

Fig. 3. Comparison of the lossless compression ratios of 2-D medical images. (a) the results for 2-D chest CT images; (b) the results for 2-D head
MR images
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Table 2. Comparison of the results of lossless compression of 3-D medical images

MRLE LZW BBA Proposed method
CT01 1.711 1.172 1.554 1.800
CT02 1.711 1.435 1.579 1.940
MRO1 1.276 1.120 1.229 1.448
MRO02 1.667 1.464 1.757 1.863
MRO3 2.457 2.191 2.455 2.422
MRO4 1.648 1.385 1.516 1.800
MRO5 1.297 1.177 1.418 1.579

Table 2 shows the results of the CRs for the 3-D medical
images. The CR of the new method is significantly better than
that of the three other methods which means that the new
method is effective for lossless compression of 3-D images.

V. DISCUSSION

The increased number of values in the difference value
matrix V deepens the constructed binary tree and lengthens the
process of Huffman coding. The difference calculation is
helpful to reduce the value used in the Huffman coding. The
values that do not appear in the matrix do not participate in
Huffman coding. For example, 2,223 grey values exist in the
original CT image with DICOM format, thus indicating that
2,223 values would be inputted by Huffman encoding. However,
only 805 values exist in the difference value matrix V, thus
significantly reducing the amount of values used for encoding,
shortening the length of the Huffman code, and subsequently
improving the compression ratio.

For 3-D medical images, the compression ratio produced by
the proposed method is significantly higher than that obtained
by MRLE, BBA, and LZW coding techniques. However, for

CRMrLE=2.621
CRNew Methad=2.479

CRmrLE=1.935
CRNew Method=1.940

2-D head MRI images, although the compression effect of this
method is better than that of BBA and LZW, sometimes the
results of the MRLE method are better than that of the proposed
method. The MRLE method is extremely effective for lossless
compression of the images with the same grey value for large
areas because the grey and numerical values replace the
continuous repetition of the image grey value. However, for the
image with rich details, MRLE method is not so effective. Fig.
4a shows that the CR of MRLE is higher than that of the new
method for the head MRI image because of its few details and
large blank areas. Fig. 4b shows that the CR of the proposed
method is similar to that of the MRLE method because the
object region accounts for approximately 20% of the image.
However, Fig. 4c shows that the compression ratio of the
proposed method is higher than that of the MRLE method when
the object region accounts for more than 20% of the image. In
this study, the CR of MRLE is higher than that of the new
method in 48 2-D images, which is only 5.5% of the 872 2-D
images used in the experiment. Hence, the object region is often
large for medical images, and the lossless compression effect of
the new method is better than of the MRLE method.

CRmrLE=1.639
CRNcw Mcthod=1 724

Fig. 4. Comparison of the lossless compression effects between the MRLE and proposed methods. (a), (b), and (c) are the adjusted DICOM
images for the head MRI images (MR04)
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VI. CONCLUSIONS

In this study, a lossless compression method for medical
images based on the differential probability of the images is
proposed. Decorrelation by differential method can reduce the
number of values used for the Huffman encoding, thereby
shortening the code length of the compression encoding and
obtaining the optimal compression effect. The experimental
results of the lossless compression were obtained directly in the
CT and MRI images with DICOM format. The experimental
results show that the proposed method can obtain better results
than the LZW, MRLE, and BBA techniques. The proposed
method can be applied to the compression of actual medical
images to improve the transmission speed of medical images in
the network and reduce the storage pressure of hospitals for
enlarged medical image data.

The main works in the future include two aspects. First, we
will expand the data set, especially the multi-center medical
image data to verify the generalization ability of the algorithm.
Second, we will study the medical image lossless compression
method based on convolutional neural network to obtain better
compression performance.
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