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ABSTRACT
This paper explores a technique for visually/diagnostically lossless coding in the wavelet domain to
effectively compress the three-dimensional medical image data. The quantisationmodule based on
Just Noticeable Distortion (JND) for wavelets guarantees the visual quality in the reconstructed data.
Thismethod has been further extended to present the Volumeof Interest (VOI) based technique that
enables to preserve the quality of the diagnostically significant VOI region. The proposed method
tested on several datasets outperforms the state-of-the-art methods. Apart from the conventional
quality metric, Human Visual System (HVS) based quality metrics are also used to evaluate the visual
quality of the reconstructed image. A subjective and objective evaluation carried out for VOI based
coder shows that the quality-compression needs of the medical community are well addressed.
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1. INTRODUCTION

Modern medical imaging modalities such as Com-
puted Tomography (CT), Positron Emission Tomogra-
phy (PET), Ultrasound, Magnetic Resonance Imaging
(MRI), etc., have revolutionised the health care systems.
Improved inter-slice distance, increased image resolu-
tion, and medical image data volume plays a significant
role in early intervention and detailed diagnosis of health
condition resulting in substantial image data. Hence, the
paramount problem is to manage this enormous amount
of data for storage and transmission. Medical diagnostic
techniques for detection of abnormalities demand high
visual quality in the image, which is possible with loss-
less compression. But these lossless compression tech-
niques offer poor compression that can’t meet the current
compression requirements.

On the other hand, lossy techniques offer good com-
pression but with a quality unacceptable to the medical
community. Hence, the need of the hour is to achieve
better compression than lossless methods with quality
much better than that of lossy techniques acceptable to
the medical community. Compression technique based
on HVS is an ideal way to achieve this. These methods
eliminate visually redundant data without altering any
data of diagnostic significance.

In this context, a brief literature survey on various com-
pression techniques available for medical image data

is presented. Compression algorithms used to com-
press medical images in the early 1990s assumed that
there is no correlation among adjacent image slices
and hence compressed each image slice independently
without exploiting inter-slice correlation. Compression
algorithms used for still images were modified, or
new algorithms were developed to exploit inter-slice
correlation [1–3] to improve the compression ratio.
Telemedicine applications demand scalability in the com-
pression algorithm, to support lossy-to-lossless compres-
sion framework. This frameworkwould enable the physi-
cians to examine the lower bit rate version in the first
stage. However, if any abnormality is detected, more bits
can be requested to enhance the quality. This flexibility
can be well addressed by wavelet transform because of its
inherent scalability.

Wavelet based compression in [4–9] independently
decodes 2D medical images of diagnostic importance,
without reconstructing the entire image volume. Inte-
ger wavelet transform based algorithm presented by [4]
for 3D medical image compression use Embedded Zero
Wavelet (EZW) scheme with context based arithmetic
coding. Menegaz et al. [5] developed a fully 3D object
based coding technique to independently decode differ-
ent objects based on diagnostic relevance in volumetric
data. They decorrelated the input data with 3D Dis-
crete Wavelet Transform (DWT), providing a provision
for lossless coding. Also, Menegaz et al. [6] developed a
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3D wavelet based coding method to enable 3D encod-
ing and 2D decoding functionality. Zixiang Xiong et al.
applied a technique that provides an option of lossy or
lossless decoding on 3D medical data [7]. Few of the
region/volume based medical image compression tech-
niques are [10–13]. The 3D medical image compression
method proposed by Sanchez et al. [14] has the scalabil-
ity feature and also considers Volume of Interest (VOI)
based coding for interactive telemedicine applications.
This particular compression technique provides random
access of VOI with a provision for quality and resolu-
tion scalability, hence providing the ability to decode any
section of the compressed image without decoding the
entire data set. These featureswere achievedwith Embed-
ded Block Coding with Optimized Truncation (EBCOT)
embedded in 3D integer wavelet transform to generate
a scalable layered bit stream. Resolution scalability is a
desired feature in the compression of medical images. 3D
Discrete Cosine Transform (DCT) fails to offer a qual-
ity of lossless coding and resolution scalability. Jonathan
Taquet et al. [15] proposed a lossless and near-lossless
compression technique based on a modified hierarchi-
cal approach. The resolution scalability is achieved by
combining Differential Pulse Code Modulation (DPCM)
schemes with modified hierarchical based predictors.
Sanchez et al. [16] proposed High Efficiency Video Cod-
ing (HEVC) based intra coding for reversible compres-
sion of 3Dmedical images. Bruylants et al. [17] presented
a wavelet based volumetric medical image compres-
sion algorithm, which supports the volumetric exten-
sion of Joint Photographic Experts Group (JPEG) 2000
standard.

An alternative to lossless and lossy compression schemes
is visually lossless image coding. Compression perfor-
mance in visually lossless algorithms is better than
reversible coding schemes while maintaining the recon-
structed image quality within the human perception.
That is, it permits greater compression gain through
the removal of visually redundant information without
inducing any perceptible distortions. David Wu et al.
[18] proposed a simple perceptual based compression
algorithm to compress 2D MRI, Computed Radiogra-
phy, and CT medical image data sets. The visual prun-
ing scheme developed is based on the JPEG 2000 com-
pression structure. The vision model is merged with an
improved HVS model to identify and estimate visually
redundant information.

This paper proposes a diagnostically/visually lossless
compression approach for MRI and CT sequences.
The significant contributions of this work are as
follows:

(i) Our method embeds a wavelet based vision model
to remove visually redundant information. This
scheme utilises a distortion metric based on human
perception that exploits contrast and luminance
masking properties of the HVS.

(ii) Block matching technique is employed to eliminate
inter-slice redundancy across the slices.

(iii) The proposed wavelet based technique is fur-
ther extended to develop VOI based compression,
which uses symmetry based tumour segmentation
algorithm to identify the diagnostically important
region.

(iv) HVS based quality metrics are applied to estimate
the quality of the compression algorithm and has
been cross verified by the medical experts.

The proposed work has been extensively compared with
the state-of-the-art lossless coders in terms of compres-
sion performance and with lossy coders for rate dis-
tortion performance. The proposed compression tech-
niques are described in detail in Section 2 and Section
3. In Section 4, medical data sequences used to test the
algorithms are introduced. Section 5 reports on exper-
imental results and presents a discussion on the per-
formance of the proposed method. Section 6 derives
conclusions.

2. PROPOSEDWAVELET BASED CODING
METHOD

Wavelet based compression supports resolution scalabil-
ity and lossy-to-lossless coding framework. The block
diagram of the proposed wavelet based Visually Loss-
less Image Compression (VLIC) technique for volumet-
ric medical data is illustrated in Figure 1. Each slice is
first decomposed up to n levels with DWT. A wavelet
based vision model is used to measure the JND followed
by a JND dependent quantizer to remove visually irrel-
evant information. On the resulting image slices, the
block matching algorithm is applied to remove inter-
slice redundancy. The image residue and displacement
vectors generated by the block matching algorithm are
compressed using arithmetic coding. A wavelet based
vision model based on mixed masking effects of HVS is
used in our coding technique to determine Just Notice-
able Distortion (JND) threshold. Wavelet based distor-
tion threshold value changes with the orientation, local
frequency, and spatial features of the visual informa-
tion such as contrast and luminance masking. Obtained
threshold values are used to retain the perceptual qual-
ity of the image by eliminating only visually redundant
information.
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Figure 1: Block diagram of the proposed visually lossless compression technique.

2.1 JND Thresholds for Wavelet Coefficient

The function of JND profile is to measure the percep-
tual redundancy present in an image. The visual model
uses one JND threshold value, vJND(h,φ, [l,m]) for every
DWT coefficient at position [l,m] in subband (h,φ)

where h is the decomposition level, and φ is the orienta-
tion. The important visual characteristics considered in
this work are luminance masking or light adaption, con-
trast sensitivity, and contrast masking to determine the
JND threshold [19]. The JND threshold is thus computed
as:

vJND(h,φ, [l,m])

= JND(h,φ)ala(h,φ, [l,m])ac(h,φ, [l,m]) (1)

where JND(h,φ) is the base detection threshold of a sub-
band (h,φ), ala(h,φ, [l,m]) is the light adaptation cor-
rection and ac(h,φ, [l,m]) is the contrast masking cor-
rection. The base detection threshold JND(h,φ) for each
subband (h,φ) provides the relative change in the visible
light over a background with uniform intensity.

The expression for JND(h,φ) is specified as [19]:

JND(h,φ) = a10
p
{
log

(
gφ f 2

h

r

)}2

A(h,φ)

(2)

where a, p, f , r, and gφ are constants. A(h,φ) is the mag-
nitude of the DWT 9/7 kernel basis function [19]. Its
value depends on visual resolution of the display in pix-
els/degree r, decomposition level h, and orientation φ.

The variation in the background intensity alters the base
detection threshold value. Hence, there is a need for con-
sidering the mean luminance of the local image region
when calculating detection threshold. So, another com-
pensating factor luminance masking is added to the con-
trast sensitivity basis function. The luminance masking
adaptation factor is estimated as:

ala(h,φ, [l,m]) =
(
c(hmax,LL, [l′,m′])

cmean

)aT
(3)

where c(hmax,LL, [l′,m′) is the value of the DWT coef-
ficient in the LL subband that spatially corresponds to
the position (h,φ, [l,m]). In this case, l′ and m′ can be
calculated as l′ =

⌊
l

2(hmax−h)

⌋
and m′ =

⌊
m

2(hmax−h)

⌋
. The

parameter aT controls luminance masking and a value of
0.649 was used [19]. The presence of an image compo-
nent can alter the visibility of the other image component
[19]. To address this, contrast masking is used, and hence
the variation in the detection threshold of a target signal
is varied as a function of contrast masking. The contrast
masking effect has two components and is evaluated as:

ac(h,φ, [l,m]) = ac_self(h,φ, [l,m])ac_neigh(h,φ, [l,m])

(4)

where ac_self(h,φ, [l,m]) is the self-contrast masking cor-
rection factor and ac_neigh(h,φ, [l,m]) is the neighbour-
hood contrast masking correction factor.

A sufficiently large DWT coefficient at the location
(h,φ, [l,m]) raises the detection threshold. So, in this
work, the effect of variation in detection threshold is
taken into account through a self-contrast masking cor-
rection factor ac_self(h,φ, [l,m]). For the DWT coeffi-
cients, it is expressed as:

ac_self(h,φ, [l,m])

= max
{
1,

( |c(h,φ, [l,m])|
JND(h,φ)ala(h,φ, [l,m])

)ε}
(5)

where c(h,φ, [l,m]) is the DWT coefficient value at loca-
tion (h,φ, [l,m]). For the lowest subband, contrast mask-
ing is not applied (ε = 0). For other subbands, ε is
0.6 [19].

In the case of wavelet based reconstructed images, the
pixel value framed by wavelet coefficient c(h,φ, [l,m])
is overlapped on other pixel values framed by the spa-
tially neighbouring wavelet coefficients. So there is a kind
of masking effect contributed from spatially neighbour-
ing signals in wavelet domain [19]. To account for this
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phenomena neighbourhood contrast correction factor
ac_neigh(h,φ, [l,m]) is incorporated.

It is expressed as:

ac_neigh(h,φ, [l,m]) = max

⎧⎨
⎩1,

∑
k∈neighbours of (h,φ,[l,m])

×

∣∣∣ ck
JND(h,φ)ala(h,φ,[l,m])

∣∣∣ξ
N[l,m]

⎫⎪⎬
⎪⎭ (6)

where the spatial neighbourhood considered contains the
DWT coefficients belonging to the same subband that lie
within a window centred at the position [l,m].N[l,m] rep-
resents the number of coefficients in that neighbourhood.
ck is the neighbouring wavelet transform coefficient. ξ =
0.5 is a constant that regulates the impact of the value of
each neighbouring coefficient.

2.2 JND Dependent Quantizer

The simplest approach for eliminating the visually redun-
dant information from DWT coefficients is to quantise
the DWT coefficients in such a manner that the absolute
value of quantisation error is below the JND value. After
determining JND value for each wavelet coefficients, the
reference or original DWT coefficient c(h,φ, [l,m]) is
quantised to get cdk(h,φ, [l,m]) through truncation of
c(h,φ, [l,m]). So

cdk(h,φ, [l,m]) =
⌊
c(h,φ, [l,m])

k

⌋
× k (7)

where � � is the truncation function and k is an
integer. Eventually, if the quantised DWT coefficient
cdk(h,φ, [l,m]) is below the JND threshold vJND(h,φ,
[l,m]), the DWT coefficient c(h,φ, [l,m]) at location
[l,m] is replaced by the corresponding quantised DWT
coefficient cdk(h,φ, [l,m]).

2.3 Inter-Slice BlockMatching

Each slice is transection of the human body. The inter-
slice distance typically in the range of 0.5mm to 5mm.
So, there exists a lot of structural similarity between the
successive slices.

In this stage, compression can be further improved by
removing the redundancy across these slices. Inter-slice
block match algorithm is used to determine the residual
of the current slice with previous image slice as a refer-
ence. The residual image so obtained is further encoded
using adaptive arithmetic coding.

2.4 Arithmetic Coding

Arithmetic coding is one of the entropy coding meth-
ods used to remove statistical redundancies in the image.
Residual image and displacement vectors obtained from
block matching routine are encoded with context adap-
tive binary arithmetic coder.

3. EXTENSION OFWAVELET BASED TECHNIQUE
TO VOI METHOD

In most of the cases, all the image slices acquired, or
the entire region of medical images may not be required
for further investigation. So once the abnormality is
detected in a particular region across all slices, apply
a technique that preserves the quality of diagnostically
significant VOI. In this context, the VOI based com-
pression technique for MRI brain images is proposed, as
shown in Figure 2. This algorithm identifies the ROI/VOI
and applies a visually lossless compression technique to
this region, while the other part is compressed with a
lossy technique. Symmetry based tumour segmentation
algorithm is used to detect the diagnostically relevant
region in each image slice, and hence, VOI is determined
across all image slices. Wavelet based VLIC is applied on
the segmented VOI, and DCT based lossy compression
technique is applied to the residual image.

3.1 Symmetry Based Bounding Box Segmentation
for Tumour Detection

An automatic segmentation method based on symmetry
is used to identify the ROI. Initially, the line of symmetry
is obtained by computing a gradient vector flow snake
to find the skull boundary [20]. The vertical line pass-
ing through the centroid of the snake is considered as
the axis of symmetry. Each MRI brain image slice is split
along the line of symmetry into two halves. One half of
the image is viewed as the reference image R and the
other half as the test imageT. Thus, the assumptionmade
is that abnormality is located either in the reference or
in the test image. Next, the image T is compared with
image R to locate the deceased area. Point wise subtrac-
tion is the straight forward method used to compare two
images. Butmany times, point wise subtraction of images
T − R fails to recognise the region of an abnormality
since the symmetry across two halves of a brain is not
perfect. So region based segmentation method is used.
In this segmentation technique, a score function inter-
preted by the Bhattacharya coefficient is used [21]. Image
intensity histograms of T and R are used to detect the
abnormality.
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Figure 2: VOI based coder.

3.2 Wavelet Based Visually Lossless Compression

The diagnostically important region in each image slice
is obtained with symmetry based bounding box segmen-
tation algorithm. The ROI in each of the slices grouped
to form VOI. Wavelet based VLIC explained in Section 2
is used to compress image within VOI.

3.3 DCT Based Lossy Compression

The region outside the VOI is compressed using DCT
based lossy compression technique. Image outside the
ROI is divided into non-overlapping spatial blocks of
size 8 × 8. Every block is transformed from the pixel
domain to the frequency domain using 2-D DCT. In the
DCT domain information is concentrated among few
coefficients and hence can be easily compressed.

3.4 Quantisation

TheDCTcoefficients are quantised using scalar quantisa-
tion. Each of the DCT coefficients is divided by its corre-
sponding quantizer, followed by rounding to its nearest
integer [22]. This is given by

Iq(x, y) = Integer Round
[
I(x, y)
Q(x, y)

]
(8)

where I(x, y) represents the transformed coefficient,
Iq(x, y) represents the quantised coefficient, Q(x, y) rep-
resents the quantizer value. In principle, these values
can be specified and fine-tuned by the user for maxi-
mum compression or quality. In this work, the quantizer

value chosen is from a JPEG standard [22]. After apply-
ing wavelet based VLIC for images within VOI and DCT
based lossy technique to images outside VOI, a simple
prediction method is applied to exploit slice redundancy.
The predicted quantised transform domain coefficients
are obtained by the following equation.

Iqkr = Iqk − Iq(k−1) (9)

where Iqkr is the predicted kth slice, Iqk is the quantised
transform domain coefficient in kth slice and Iq(k−1) is the
quantised transform domain coefficient in (k − 1)th slice.
Finally, predicted coefficients are encoded using context
adaptive binary arithmetic coder.

4. DATA SET USED FOR TESTING THE
COMPRESSION SCHEMES

The database used is 8 bit and 12 bit MRI, CT, and Angio
sequences. Simulations were performed on more than
5000 slices of CT, 2000 slices of MRI, and around 600
slices of X-ray Angio images. Results obtained with 3157
slices of CT images, 886 slices of MR images, 608 slices
of X-ray Angio slice, and 587 slices of MRI brain images
with tumour are documented. Data set-1 consists of 8 bit
images from Image Processing Lab, Mallinckrodt Insti-
tute of Radiology [4]. The second data set includes of
608 slices of 12 bit X-ray Angio images, 1315 slices of
12 bit CT images, and 8 bit 160 slices of MRI [16]. Vol-
umes 1–3 are X-ray images of a vascular study of a human
heart. Volumes 4–6 are axial view CT scan images of the
human thorax. Volume 7 is axial view MRI scan of the
human brain and volumes 8–9 are the sagittal view of
MRI scan of the human spinal cord and knee. The third
medical image data set consists of 12 bit images generated
with CT and MRI scanners [17]. This data set has 1334
CT image slices and 550 MRI slices. Fourth test data set
consists of volumes of 12 bit T1 and T2 weighted volu-
metric MRI brain images with tumour obtained from 1.5
Tesla MRI scanner from Hubli Scanning Center, Hubli,
India. Details of all the three data sets mentioned are
summarised in Table 1.

5. RESULTS ANDDISCUSSIONS

The proposed methods have been simulated using
Matlab® on an Intel® i7 Core processor. We tested wavelet
based VLIC on 8 bit and 12 bit volumetric data sets used
in [4,16,17] for comparison. However, the VOI based
technique is tested on MRI brain sequences with tumour
obtained from the diagnostic centre.



B. K. CHANDRIKA ET AL.: AN APPROACH FOR DIAGNOSTICALLY LOSSLESS CODING OF VOLUMETRIC MEDICAL DATA BASED ONWAVELET 901

Table 1: Details of Medical Image Data sets.
Data set – 1 [4]

Bit per Number
Label pixel of slices Resolution

CT Skull 8 192 256× 256
CT Wrist 8 176 256× 256
CT Carotid 8 64 256× 256
CT Aperts 8 96 256× 256
MRI Liver T1 8 48 256× 256
MRI Liver T2 8 48 256× 256
MRI Sag head 8 16 256× 256
MRI Ped chest 8 64 256× 256

Data set – 2 [16]

X-ray Angio-1 12 151 512× 512
X-ray Angio-2 12 271 512× 512
X-ray Angio-3 12 186 512× 512
CT-1 Human Thorax 12 596 512× 512
CT-2 Human Thorax 12 637 512× 512
CT-3 Human Thorax 12 82 512× 512
MRI Brain 8 100 256× 256
MRI Cord 8 10 512× 512
MRI Knee 8 50 512× 512

Data set – 3 [17]

CT-4 Lung scan 12 201 512× 512
CT-5 Lung scan 12 242 512× 512
CT-6 Spiral Arterial scan 12 75 512× 512
CT-7 Female cadaver 12 100 512× 512
CT-8 Human cadave 12 672 512× 512
CT-9 Chest 12 44 512× 512
MRI-1 Brain 12 250 432× 432
MRI-2 Brain 12 200 256× 256
MRI-3 Brain 12 100 256× 256

Data set – 4 (MRI brain images)

Volume-1 12 100 256× 176
Volume-2 12 18 512× 304
Volume-3 12 18 512× 304
Volume-4 12 30 512× 336
Volume-5 12 18 512× 304

5.1 Metrics for Evaluating Compression
Algorithms

Both objective and subjectivemetrics are used to evaluate
lossy compression algorithms. Peak Signal to Noise Ratio
(PSNR) is the widely used quality metric to assess the
lossy compression algorithms, even though all the time,
it does correspond to subjective quality perceived by
the HVS. Visual Information Fidelity (VIF) [23], Struc-
tural SIMilarity index (SSIM) [24–26] and Visual Sig-
nal to Noise Ratio (VSNR) [27] are some of the widely
used HVS based objective metrics found in the literature.
The proposed compression techniques use these metrics
to estimate the perceptible grade of the reconstructed
image.

VIF index is based on nonstructural distortions between
two images. Components considered in the calculation
of VIF quality metric are correlation distortion, lumi-
nance distortion, and contrast distortion. VIF quality
estimation has two stages. First, information that can be

gathered from the original image is computed. Loss of
the same information in the processed (distorted) image
is measured later. VIF between two images a(x, y) and
b(x, y) is given by

VIF(a, b) = Distorted image information
Reference image information

(10)

The value of VIF between the original image and its
duplicate is 1.

SSIM index is based on the structural dependency among
neighbouring pixels. SSIMmetric estimates the similarity
or difference between two images. SSIM index is based on
brightness, contrast, and structure, which are the signifi-
cant components of the HVSmodel. SSIM value between
two images a and b is expressed as [24]:

SSIM(a, b) = I(a, b)c(a, b)s(a, b) (11)

where I(a, b) is the luminance component, c(a, b) is the
contrast component and s(a, b) is the structural compo-
nent. So

I(a, b) =
(

2σaσb + C1

σa2 + σb2 + C1

)
(12)

c(a, b) =
(

2σaσb
σa2 + σb2 + C2

)
(13)

s(a, b) =
(

σab + 0.5C2

σaσb + 0.5C2

)
(14)

where σa, σb is the average intensity of image a and b,
respectively, σa2 and σb

2 is the variance of image a and b,
respectively, and σab is the covariance.

SSIM is considered to be ameasure of image quality close
to that of subjective quality [28]. When two images a and
b are exactly the same, value of SSIM(a, b) = 1, andhence
SSIM value close to 1 is desirable.

VSNR value calculation involves two stages. Image dis-
tortion is determined in the first stage. In this stage,
the visibility of distortion in the reconstructed image is
checked after computing the contrast detection thresh-
old. If the distortions are below the threshold of detec-
tion, the reconstructed image is of perfect visual quality.
If the distortions are above the threshold, the perceived
contrast of the distortions dac and disruption of global
precedence dba are computed to determine VSNR. VSNR
between two images a and b is defined as:

VSNR(a, b) = 20log10

⎛
⎝ C(a)

αdac + (1 − α)
dba√
2

⎞
⎠ (15)

where C(a) is the contrast of the original image a, dac =
C(E) is the perceived contrast of the distortions, E = a −
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Table 2: Bit rate and quality metrics of the reconstructed image with and without neigh-
bourhoodmasking for data set-1 of Table 1.

Self-masking Self and neighbourhood masking

Label bpp PSNR (dB) VSNR (dB) VIF bpp PSNR (dB) VSNR (dB) VIF

CT Skull 1.541 50.84 45.52 0.944 1.421 50.77 45.68 0.944
CT Wrist 0.808 52.58 52.73 0.942 0.736 52.54 52.76 0.942
CT Carotid 1.161 52.36 49.95 0.96 1.124 52.34 49.95 0.96
CT Aperts 0.716 54.95 56.31 0.958 0.661 54.92 56.34 0.958
MRI Liver T1 1.388 49.67 45.39 0.95 1.291 49.63 45.38 0.938
MRI Liver T2 1.209 51.83 46.35 0.959 1.177 51.82 46.33 0.957
MRI Sag head 1.439 51.15 52.71 0.92 1.285 51.11 52.75 0.927
MRI Ped chest 1.122 50.04 55.61 0.912 0.958 49.95 55.65 0.912

b is the distortion, dba is the global precedence and α ∈
[0, 1] determines the relative contribution of dac and dba.

In the subjective evaluation, radiologist review a series of
compressed images which are diagnostically significant.
For each image, a confidence rating is given based on
the information provided by the compressed image for
their impression on the possibility of the presence of the
disease. Although this procedure is time consuming and
tedious, it is a trusted and accepted method to certify the
image quality.

5.2 Wavelet Based VLIC Technique

DWT is implemented with a 9/7 wavelet filter with five
levels of scaling. The value of parameters a, p, f , r, and
gφ used in the JND model are based on the experiments
carried with various models to express the threshold for
grey scale DWT noise as a function of orientation φ and
spatial frequency [29].

5.2.1 Impact of NeighbourhoodMasking on
Performance

The influence of considering neighbourhood contrast
correction along with self-contrast correction with dif-
ferent bit rates as discussed in Section 2.1 is tested, and
results are tabulated in Table 2. Table 2 compares qual-
ity metrics such as PSNR, VSNR, and VIF against the bit
rate for VLIC, considering only self-masking and VLIC
considering both self and neighbourhood masking. For
almost the same quality, VLIC with both maskings gives
a reduced bit rate. An overall improvement of 7.89 % is
seen in bit rate. So both self and neighbourhood mask-
ing factors are considered in the implementation of the
coder.

5.2.2 Effect of Decomposition Levels in DWT
It is important to check the effect of decomposition levels
in DWT on visually lossless CR. Asmentioned in Section
2.1, basis function amplitude A(h,φ) is not the same for

different frequency levels ofDWTandhence the JNDval-
ues. Hence, it is possible to represent the data in a more
redundant form by increasing the number of levels of
decomposition in DWT. Simulations were carried out for
six levels of frequency decomposition with biorthogonal
9/7 wavelet filter set. As seen from Table 3, decomposing
up to level-5 reduces bit rate for a small reduction in qual-
ity. However, there is only amarginal improvement in CR
from level-5 to level-6. Considering all images in data set-
1, the average reduction in bit rate from level-1 to level-5
is 35.46 %. Table 3 compares the bit rate (bpp) and cor-
responding PSNR(dB), VIF, and VSNR (dB) across the
different levels. Tabulated PSNR, VIF, and VSNR values
for levels 1–6 demonstrate that there is no perceivable
distortion by increasing the decomposition levels since
there is notmuch difference in qualitymetric values from
decomposition level 1–6.

5.3 Rate-Distortion Performance

PSNR and HVS based quality assessment metrics like
VIF, SSIM, and VSNR are computed and tabulated for
VLIC and VOI methods at a particular bit rate, as shown
in Table 4. Figure 3(a) shows an original image slice of CT
Skull from dataset-1, while Figure 3(b) shows the recon-
structed slice using VLICmethod at a bit rate of 1.89 bpp
and PSNR of 51.22 dB. For VOI based schemes region-
A specifies the region of interest and region-B specifies a
non-VOI region. The bit rate specified for VOImethod is
the average bit rate for both the regions. Figure 4(a) shows
a coronal view of original MRI brain image slice from
dataset-4, while Figure 4(b) shows the reconstructed slice
using VOI method at an average bit rate of 2.022 bpp and
PSNR of 75.27 dB for region-A and 60.88 dB for region-
B. Figure 3, Figure 4, Figure 5, and Figure 6 indicate
that there are no visible distortions in the reconstructed
images. The simulation results for VLIC applied on data
set-1, data set-2, data set-3, data set-4 gives an average
reduction in bit rate by 85.92 %, 69.05 %, 71.44 %, 66.38
%, respectively, with SSIMnearly equal to 1. Similarly, the
VOI based method applied to data set-4 gives an average
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Table 3: Comparisonofvisually losslessbit rate (bpp), PSNR (indB),VIF, andVSNR
(in dB) of the reconstructed image for Wavelet decomposition in VLIC for levels
1–6 for data set-1 of Table1.
Label Metric Level-1 Level-2 Level-3 Level-4 Level-5 Level-6

CT Skull bpp 2.156 2.064 1.928 1.747 1.54 1.52
PSNR (dB) 52.07 51.39 51.28 51.11 50.85 50.63
VIF 0.958 0.951 0.949 0.947 0.945 0.943
VSNR (dB) 45.37 45.30 45.33 45.37 45.31 45.29

CT Wrist bpp 1.29 1.231 1.040 0.914 0.807 0.803
PSNR (dB) 54.85 53.23 52.90 52.70 52.59 52.35
VIF 0.967 0.950 0.947 0.970 0.95 0.940
VSNR (dB) 53.29 52.72 52.67 52.68 52.72 52.61

CT Carotid bpp 1.744 1.656 1.427 1.218 1.160 1.158
PSNR (dB) 54.16 52.96 52.60 52.39 52.35 52.24
VIF 0.97 0.958 0.95 0.95 0.95 0.95
VSNR (dB) 50.24 50.06 49.96 49.94 49.94 49.92

CT Aperts bpp 1.173 1.190 1.032 0.833 0.715 0.708
PSNR (dB) 57.43 56.30 55.70 55.13 54.94 54.77
VIF 0.978 0.970 0.966 0.960 0.959 0.957
VSNR (dB) 56.57 56.39 56.13 56.11 56.10 56.05

MRI Liver T1 bpp 2.234 2.293 1.981 0.657 1.389 1.277
PSNR (dB) 51.63 50.57 50.12 49.82 49.66 49.54
VIF 0.96 0.95 0.945 0.94 0.94 0.939
VSNR (dB) 45.90 45.59 45.42 45.37 45.38 45.38

MRI Liver T2 bpp 1.744 1.585 1.400 1.270 1.208 1.199
PSNR (dB) 52.83 52.15 51.95 51.86 51.82 51.66
VIF 0.965 0.96 0.958 0.958 0.958 0.958
VSNR (dB) 46.73 46.58 46.36 56.37 46.34 46.29

MRI Sag head bpp 2.187 2.259 2.092 1.829 1.440 1.435
PSNR (dB) 52.59 52.21 51.85 51.48 51.16 51.02
VIF 0.95 0.944 0.94 0.93 0.93 0.93
VSNR (dB) 52.72 52.59 52.54 52.43 52.41 52.25

MRI Ped chest bpp 1.873 1.887 1.677 1.411 1.123 1.117
PSNR (dB) 52.12 51.13 50.74 50.33 50.33 49.98
VIF 0.949 0.938 0.928 0.919 0.913 0.908
VSNR (dB) 55.65 55.55 55.42 55.34 55.30 55.28

Figure 3: CT skull image from data set-1 of Table 1 (a) Original
Image (b) Image reconstructed with VLIC method.

reduction in bit rate by 79.98 % for both region-A and
region-B.

5.4 Performance Comparison

The method proposed in this work is visually lossless
compression technique that is expected to perform better
in terms of compression when compared with a loss-
less coder and is expected to perform better in terms
of quality when compared with lossy coders. Hence, we

Figure 4: Coronal view of MRI brain image (volume 4) from data
set-4 in Table 1 (a) Original image (b) Image Reconstructed with
VOI coder.

compared our work with some of the state-of-the-art
lossless coders with bit rate as the parameter and also
compared with some of the lossy techniques with PSNR
as the parameter. For both the above comparisons, we
have considered reconstructed images with very high
quality without any perceptional distortion. However,
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visually lossless methods for volumetric medical images
based on JNDmodels were not found in the literature for
comparison.

5.4.1 Comparison of VLIC with Lossless Compression
Techniques

VLIC is compared with state-of-the-art codecs such as
JPEG-LS [30], JPEG2K [31], JPEG3D [32], and MILC

[33] for data set-1. For data set-2, VLIC is compared with
JPEG-LS, JPEG2K, DPCM, and HEVC results obtained
from [16]. For data set -3, VLIC is compared with JPEG-
LS, JPEG2K, JPEG3D, and HEVC results obtained from
[17]. JPEG-LS is a near-lossless/lossless compression
standard. It is developed for natural images and is devel-
oped based on the prediction technique, residual mod-
elling, and context-based coding of the residuals.

Table 4: Bit rate and quality metrics of the reconstructed image with VLIC and VOI based algorithm for data set-4 of Table 1;
Region-A is VOI, Region-B is Non-VOI.

VLIC VOI based algorithm

PSNR (dB) VSNR (dB)
PSNR VSNR for region VIF for region SSIM for region for region

Image bpp (dB) VIF SSIM (dB) bpp A B A B A B A B

Volume-1 4.312 74.57 0.9945 0.9997 59.68 2.974 75.25 52.82 0.9998 0.9438 0.9963 0.7575 61.79 42.87
Volume-2 4.671 73.12 0.9943 0.9998 60.45 2.466 75.26 59.95 0.9997 0.9584 0.9961 0.7729 55.88 41.26
Volume-3 3.837 74.16 0.9969 0.9996 56.41 1.973 75.27 59.96 0.9996 0.9424 0.9957 0.7537 64.56 44.26
Volume-4 3.589 74.33 0.9975 0.9995 62.53 2.022 75.27 60.88 0.9995 0.9519 0.9960 0.7739 65.43 48.81
Volume-5 3.763 74.19 0.9982 0.9995 57.98 2.575 75.26 61.07 0.9995 0.9443 0.9958 0.7501 62.32 45.54

Table 5: Comparison of VLIC bit rates with that of lossless JPEG-2K, JPEG-LS, JPEG-3D, HEVC,
DPCM, andMILC coders.
Data set-1 [4]

Visually lossless compression Lossless compression

VLIC JPEG-LS JPEG2K JPEG-3D MILC

Label PSNR (dB) VIF SSIM bpp bpp bpp bpp bpp

CT Skull 50 0.945 0.997 1.42 2.728 2.955 2.120 2.030
CT Wrist 49.98 0.941 0.993 0.73 1.607 1.897 1.258 1.066
CT Carotid 49.73 0.95 0.987 1.12 1.756 2.366 1.567 1.358
CT Aperts 50.51 0.959 0.997 0.715 1.044 1.245 0.969 0.819
MRI Liver T1 49.66 0.94 0.989 1.29 3.167 3.254 2.379 2.196
MRI Liver T2 51.82 0.958 0.99 1.17 2.388 2.541 1.778 1.759
MRI Sag head 51.16 0.93 0.988 1.44 2.551 3.952 2.188 2.097
MRI Ped chest 51.59 0.913 0.992 1.12 2.901 2.985 2.131 1.655

Data set-2 [16]

Visually lossless compression Lossless compression

VLIC [35] JPEG-LS JPEG2K JPEG-3D MILC

Label PSNR (dB) VIF SSIM bpp bpp bpp bpp bpp

X-ray Angio-1 72.90 0.98 0.99 4.17 4.74 4.78 5.10 5.30
X-ray Angio-2 72.92 0.98 0.99 4.66 4.78 4.81 5.17 5.38
X-ray Angio-3 72.60 0.98 0.99 4.27 5.08 5.12 5.55 5.60
CT-1 Human Thorax 73.05 0.98 0.99 3.96 4.65 4.66 4.95 5.28
CT-2 Human Thorax 73.10 0.98 0.99 3.92 4.52 4.42 4.93 5.38
CT-3 Human Thorax 73.07 0.98 0.99 3.89 4.00 3.98 4.18 4.51
MRI Brain 50.00 0.97 0.99 2.75 3.30 3.46 3.29 3.44
MRI Cord 50.02 0.97 0.99 2.55 2.84 2.78 3.11 3.58
MRI Knee 53.9 0.98 0.99 1.26 1.48 1.59 1.55 1.62

Data set-3 [17]

Visually lossless compression Lossless compression

VLIC JPEG-LS JPEG2K JPEG-3D MILC

Label PSNR (dB) VIF SSIM bpp bpp bpp bpp bpp

CT-4 Lung scan 75.52 0.933 0.999 3.16 5.42 5.52 4.80 5.55
CT-5 Lung scan 76.7 0.943 0.997 5.86 7.83 7.93 7.45 7.93
CT-6 Spiral Arterial scan 77.01 0.984 0.998 4.40 5.89 5.87 5.20 6.14
CT-7 Female cadaver 77.48 0.956 0.997 2.25 4.01 4.09 3.85 4.28
CT-8 Human cadaver 76.04 0.923 0.999 1.70 2.99 3.20 2.84 3.07
CT-9 Chest 73.79 0.920 0.996 3.58 4.91 5.17 5.00 5.12
MRI-1 Brain 72.58 0.941 0.999 2.00 3.73 3.89 3.56 3.71
MRI-2 Brain 72.45 0.950 0.997 3.73 4.58 4.72 4.12 4.68
MRI-3 Brain 73.03 0.961 0.998 4.19 6.53 6.69 6.63 6.50
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Figure 5: MRI Cord image from data set-2 of Table 1 (a) Original
Image (b) Image reconstructed with VLIC method [35].

Figure 6: CT-6 Spiral Arterial scan image from data set-3 of
Table 1 (a) Original Image (b) Image reconstructed with VLIC
method [35].

Table 6: ComparisonofVLICbit rates (bpp)with thatofHEVC
[17] for data set-3 of Table 1. HEVC-All Intra(AI) mode.

VLIC HEVC-AII

Image bpp PSNR (dB) bpp PSNR (dB)

CT-4 2.12 66.99 2.43 63.35
CT-5 2.97 54.70 3.00 53.07
CT-6 1.56 57.31 1.5 58.54
CT-8 1.0 67.77 1.01 66.16
CT-9 2.0 60.73 2.0 59.98
MRI-1 Brain 2.0 72.58 2.03 65.76

Table 7: Comparison of VLIC bit rates (bpp) with bit rates of
JPEG2K-P1, JPEG2K-P2, and JPEG-3D [17] for data set-3 of
Table 1. PSNR value is given in Db.

VLIC JPEG2K-P1 JPEG2K-P2 JPEG2K-3D

Image bpp PSNR bpp PSNR PSNR PSNR

CT-4 2.92 72.95 3.00 67.68 70.78 70.89
CT-5 2.97 54.70 3.00 54.01 55.08 55.22
CT-6 3.01 68.47 3.00 66.10 67.86 68.01
CT-7 2.25 77.48 3.00 75.49 76.73 76.84
CT-8 1.54 75.14 1.50 71.67 73.97 74.09
CT-9 2.95 68.81 3.00 67.59 68.22 68.41
MRI-1 Brain 1.38 67.25 1.50 63.09 66.02 66.13

Digital Imaging and Communications in Medicine
(DICOM) standard employs JPEG2K compression tech-
nique. The 2D integer wavelet transform is used to imple-
ment the JPEG2K compression technique. HEVC is a
new standard for the compression of video, that employs

multi framemotion compensation and estimation.MILC
is a low-complexity compression algorithm developed
for 3D medical images that exploit redundancies present
in 3D space using 3D linear prediction and arithmetic
coding.

Comparison of VLIC and lossless compression algo-
rithms for the test medical image data sets are tabulated
in Table 5. Visually lossless bit rates given in Table 5 for all
data sets are obtained by setting the value of k to 3 (Refer

Figure 7: Comparison of PSNR, VIF, and SSIM as a function of bit
rate (bpp) for VLIC with JPEG 2000 Part 1 (JPEG-2KP1) and JPEG
2000 Part 2 (JPEG-2KP2). CT Skull image from Data set-1.
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Table 8: Objective and subjective evaluation of VLIC and VOI technique;
Score allotted: Excellent-5; Very good-4; Good-3; Average-2; Poor-1.

Average Objective measure Score

Image bpp PSNR (dB) VIF SSIM Radiologist Radiographer

VLIC algorithm

CT Skull 1.42 50 0.945 0.997 5 5
CT Wrist 0.73 49.98 0.941 0.993 5 5
MRI Liver T1 1.29 49.66 0.94 0.989 5 5
X-ray angio-1 4.17 72.90 0.98 0.99 5 5
CT-1 3.96 73.05 0.98 0.991 5 5
MRI Cord 2.55 50.02 0.97 0.99 5 5

VOI algorithm (Region A)

Volume-1 2.974 75.25 0.99 0.99 5 5
Volume-2 2.466 75.26 0.99 0.996 5 5
Volume-3 1.973 75.27 0.99 0.995 5 5
Volume-4 2.022 75.27 0.99 0.996 5 5
Volume-5 2.575 75.26 0.99 0.995 5 5

equation 7). It is observed that for data set-1,VLIC per-
forms better than JPEG-LS, JPEG2K, JPEG3D, andMILC
in terms of compression by 48.17 %, 60.07 %, 36.41 %,
28.76 %, respectively. For data set-2 VLIC performs bet-
ter than JPEG-LS, JPEG2K, DPCM, and HEVC in terms
of compression by 13.28 %, 14.6 %, 20.66 %, 28.24 %,
respectively. Similarly, for data set-3, VLIC performs bet-
ter than JPEG-LS, JPEG2K, JPEG3D, andHEVC in terms
of compression by 35.8 %, 35.93 %, 30.11 %, 35.72 %,
respectively. For all these comparisons, very high quality
of PSNR, VIF, and SSIM have been observed that implies
that the quality of the reconstructed data is almost the
same as the original image.

5.4.2 Comparison with Lossy Techniques
In this, we compare our results with some of the lossy
coders as given in [17] for data set-3. Rate-distortion
performance of VLIC for data set-1 is compared with
JPEG-2K Part 1 and JPEG-2K Part 2 implemented using
Kakadu 7.4 software [34]. In VLIC, bit rates were varied
by increasing the value of k in Equation 7. PSNR obtained
at a specified bit rate is compared with that obtained
with lossy coders as tabulated in Tables 6 and 7 for data
set-3. The plot of quality metrics PSNR, SSIM, and VIF
obtained with VLIC algorithm at various bit rates shown
in Figure 7 indicates that proposed coder achieves better
quality for a reasonable range of bit rates.

5.4.3 Subjective Evaluation
In addition to objective assessment, the subjective evalu-
ation was also conducted to guarantee the visual quality
of the reconstructed data. For subjective evaluation, a
team of six observers from the medical field comprising
of radiologists and radiographers was chosen. The team
was asked to rate the quality of the reconstructed image
in comparison with the original image on a scale of 1–5,
wherein a score of 1 represents poor, and 5 represents
excellent. The objective quality and the subjective score

at the specified average bit rate for the data sets are listed
in Table 8. All the six radiologists have rated the recon-
structed images with a rating of 5 and assessed that the
coder preserved all diagnostically significant information
in the brain MRI images used.

6. CONCLUSION

In this paper, we have proposed wavelet based visually
lossless medical image coder for volumetric data sets.
It incorporates a wavelet based vision model to identify
visually irrelevant information. Important visual features
such as contrast sensitivity, luminancemasking, and con-
trast masking aremodelled to determine the JND thresh-
old. JND dependent quantizer is used to eliminate them.
Inter-slice block matching is applied to remove redun-
dancy between slices. As the proposed work removes
visually redundant information, the quality of the recon-
structed image is measured with PSNR and HVS based
quality metrics such as SSIM, VIF, and VSNR. The per-
formance of the proposed algorithm was compared with
state-of-the-art lossless compression techniques such as
JPEG-LS, JPEG-2000, JPEG-3D, HEVC, DPCM and
MILC with bit rate as the parameter for comparison with
quality assessment of SSIM close to 1. Results demon-
strate that the proposed coder performs better in terms of
compression without any degradation in the visual qual-
ity of the reconstructed image. The performance of the
proposed coderwas also comparedwith lossy coderswith
quality as a parameter of comparison at low bit rates. The
results confirm that the proposed visually lossless coder
show a better rate-distortion performance than most of
the lossy coders while preserving the visual quality of
the images. Another hybrid coder is also implemented
where diagnostically important VOI is coded using the
visually lossless method, and other regions are coded by
DCT based lossy method. HVS based quality metrics like
VSNR, VIF, and SSIM are used to evaluate the quality of
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the reconstructed images. In addition to objective assess-
ment, subjective assessment is carried out with the help
of radiologist.
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