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Abstract

In this paper, Principal Component Analysis (PCA) with Set Partitioning in Hierarchical Trees (SPIHT)
propounds to accomplish an image compression. A lossy technique is introduced through the PCA which
is followed by SPIHT to enhance the compression performance. The Peak Signal to Noise Ratio (PSNR)
value of the reconstructed image acquired from the PCA methods is not found to be sufficient which can
be further improved by another method called SPIHT. In this paper, a hybrid compression model is
constructed to accomplish the benefits of both PCA and SPIHT. In the bio-medical research,
compression becomes necessary due to transfer of patients images from one group of experts to other
experts group. So that, the proposed image compression technique is useful for conserving the storage
space needed for healthcare systems. Finally, it is concluded that the proposed PCA-SPIHT performs
better than other recent state-of-the-art techniques with acceptable loss of image quality.
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Introduction
Image compression plays a decisive role in many fields like
medical, astronomy, communication, satellite and so on [1,2].
In the bio-medical research, compression becomes necessary
due to transfer of patients images from one group of experts to
other experts group with or without encryption. The image
compression technique is useful to reduce the storage space
needed for healthcare systems. Medical image contains large
data and therefore it is essential to store images in more spaces
as well as takes a slow transmission rate. Due to this reason,
compression algorithms are required. A compression [3,4]
scheme minimizes the amount of bits needed to designate an
image. As a result, compressed image requires lesser storage
space and makes a faster transmission from one point to
another point. The smaller amount of bits needed to exemplify
an image by eliminating the redundant bits from an image with
acceptable image quality are the salient features of an image
compression. In bio- medical field, X-Ray, MRI scan, CT scan
images can be very useful for identifying the conditions of
kidney, fractured leg, brain, neck region and so on.
Compression in bio medical field is mandatory due to
limitations of storage capacity for maintaining the patient’s
records and by doing compression on images, image quality
needs to be preserved. The patients information such as x-ray
images, scan results, and so on are transferred from one group
of persons to others in order to discuss patients health
condition with some experts in medical field. This process of
exchanging patient’s information is called telemedicine health

care system. Telemedicine health care system can able to help
the patients through bio medical images. In the field of
biomedical engineering, compression becomes necessary to
reduce space for storing an image. The proposed image
compression techniques useful for conserving the storage space
needed for healthcare systems. Image compression techniques
[4,5] can be typically classified into loss and lossless
technique. Lossless compression is preferred for medical
images but in some cases, lossy compression with adequate
quality will be utilized. Natural images are suitable for lossy
compression techniques.

Lossy techniques cannot be able to recover the original image
from the reconstructed image because some redundant
information will be removed during compression. Lossless
technique can get back the original image exactly from the
reconstructed image [6]. Compression can be performed
through the variety of techniques such as transform based
coding like DCT [7], DWT [8], SVD [9], PCA [5] and wavelet
based compression techniques like EZW [10], SPIHT [11],
WDR [12], JPEG2000 [13] and so on. Gaidhane et al. [14]
implemented a compression using PCA and also with neural
network algorithms on satellite image In PCA method, it is
extremely hard to find covariance matrix, eigen value and
eigen vectors of an input image. Images are compressed using
PCA in which compressed result is not found to be sufficient.
The result can be improved by ANN algorithm which gives
better results. The image compression for color image using
PCA has been developed by Mohammad Mofarreh-Bonab et

ISSN 0970-938X
www.biomedres.info

Biomed Res 2018 Special Issue S481
Special Section:Medical Diagnosis and Study of Biomedical Imaging Systems and Applications

Biomedical Research 2018; Special Issue: S481-S486



al. [15]. A single color image which includes RB components
are compressed by utilizing PCA method.

The image compression performed through wavelet transform
provides best result as compared to DCT for ultrasound and
angio images are analysed by Puniene et al. [16]. DCT method
suffered from blocking artifacts. DCT and SPIHT based
compression techniques are implemented on medical images
was done by Angadi et al. [17]. Medical image is decomposed
using DCT, and then its coefficients are compressed using
SPIHT. A lossy image compression by combining singular
value decomposition (SVD) and wavelet difference reduction
techniques (WDR) are proposed by Rufai et al. [9]. SVD
compression provides good quality of image but at low
compression ratio. So, the output of the SVD was again
compressed through WDR. WDR achieves very good image
quality at high compression ratio. As result shows that SVD
followed by WDR gives better image quality than WDR and
JPEG 2000 Techniques. An ECG signal compression is
performed by Ranjeetkumar et al. [18] through combination of
SVD and Embedded Zero Tree wavelet method. SVD followed
by EZW method has been experimentally analysed and
verified, which achieves better quality of reconstructed signal.
The combination of SVD and EZW based compression
methods conserves a lot of storage space required for health
data centers and transmission rate in telemedicine system. Said
[11] introduced an efficient image compression technique
based on SPIHT. SPIHT gives a better performance when
compared to EZW. SPIHT can achieve higher PSNR value
than EZW.

Figure 1. DWT 2 level of decomposition.

Sheltami et al. [19] performed an image compression using
DCT and DWT techniques in wireless sensor networks.
Discrete wavelet transform provides better PSNR value as well
as faster compression method when compared to discrete
cosine transform. In wireless sensor networks, each node has
very limited resources such as memory, energy and processing
capabilities. In order to overcome those limitations, DCT and
DWT based image compression techniques are utilized to
reduce the memory space and storage consumption. They have
assessed both DCT and DWT techniques by using variety of
performance measures and thus the experimental results
exhibited that discrete wavelet transform performs better than
the discrete cosine transform with respect to PSNR value. Even
though, discrete cosine transform yields better compression
ratio than discrete wavelet transform. Raja et al. [20]
implemented an image compression on gray scale images with
SPIHT, EZW and SOFM techniques. Their performances are
measured via PSNR and MSE values. The image compressed
using SPIHT yields better quality as compared to EZW and

SOFM. From the result analysis, SPIHT gives higher PSNR
and less MSE value when compared with EZW and SOFM
methods.

Methods and Materials

PCA
PCA [4,21] technique is also called as KL Transform
(Karhunen-Loeve). Karhunen and Loeve introduced this
technique for continuous random process. The discrete
formulation of the KL transform has been studied by the
Harold Hotelling, so that the KL transform is also known as the
Hotelling transform [15,22]. The KL transform is based on the
orthogonal eigen vectors of the covariance matrix of a dataset.
It de-correlates the pixels of an input image. After performing
the transformation, maximum energy of the transformed
coefficients is concentrated within the first few components
which resembles an energy compaction property of KL
transform. The KL transform is widely used in image
compression [23] and clustering analysis because it minimizes
the dimensions of an image or a dataset. PCA [24,25] is a
dimensionality reduction technique which minimizes the large
amount of interrelated variables.

The step by step procedure for an image compression using
PCA is summarized as follows:

1. Find the vector from the given image matrix (X).

2. Obtain the Covariance matrix CV(X).

3. Eigen values are determined by solving the characteristics
equation. Similarly, Eigen vectors are calculated through the
characteristic equation for each Eigen values.

4. Each Eigen vector should be normalized.

5. Form the KL Transformation matrix M from the normalized
eigen vectors as their columns

6. Finally, derived the KL transform of the input image through
the formula Z=XMT

7. From the transformed coefficients, input values are
reconstructed. Compression is achieved by minimizing the
dimensionality of the input image matrix.

SPIHT
In SPIHT [11], first input image is decomposed through the
discrete wavelet transform (DWT). DWT [10,26] breaks the
image in to low (LL) and high frequency components (LH, HL,
HH) at different levels of resolution. The maximum energy of
an image is concentrated LL sub component. An LL, LH, HL
and HH denote approximation component, vertical, horizontal,
and diagonal components respectively [8,27]. LL sub
component is again decomposed into low and high frequency
components at second level which is shown in Figure 1.

After performing DWT, transformed pixel values are stored in
each level of component. The SPIHT employs a hierarchical
quad tree data structure for the transformed pixel values. The
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set of root node and its subsequent descendants are called as
spatial orientation trees (SOT). The quad tree implies that each
node should have either no leaves or four child nodes. The
pixels on the top left LL sub components in maximum
decomposition level of an image are the root node which does
not have any descendant. The pixels on other each sub
components such as LH, HL, HH has four child nodes. The set
of co-ordinates are defined to represent the tree structure.

1. O(x, y) holds the entire children of node (x, y)
2. D(x, y) keeps the entire descendants including children of

the node ( x, y)
3. H(x, y) holds the entire SOT nodes
4. L(x, y)=D(x, y)-O(x, y) children nodes subtracted from the

descendants node.

To perform significance test, function can be mathematically
expressed by

T     =     1,       ����, � ∈ �� � �,� ≥ 2�0,                   ��ℎ������
In SPIHT [28] sorting stage, significance test is executed as
well as their position and its sign bits are encoded. It utilizes
three types of lists [29] which includes significant pixel (SP)
list, insignificant pixel (IP) list and Insignificant Set (IS) list
[30]. Whereas, in IS list, each node belongs to either D(x, y) or
L(x, y). IP contains nodes that need to be analysed. SP list
holds assessed significant pixels.

The Pseudo code to perform SPIHT coding is given below:

1. Initialization:

Output b=|log2(max{|C(x,y)|})|

Assign the SP list=Ø, (x,y) ϵ H

Append the pixels (x,y) ϵ H to the IP

Append the pixels (x,y) ϵ H node with descendants to IS

2. Sorting stage

For each node (x,y) in the IP list perform the following:

Output T(x,y),

If T(x,y)=1, then shift (x,y) pixel coordinates to the SP list
Return the sign of C(x,y)

For each node (x,y) in IS list perform the following:

If the node (x,y) of type D(x,y) then

Output T(D(x,y)),

If T(D(x,y))=1, then

For each (x,y) ϵ O(x,y) i.e. four children belongs to D(x,y)
perform the following:

Output T(k,x),

If T(k,x)=1 is true

Shift (k,x) to the SP list

Return the sign of C(k,1)

Else If T(k,1)=0 is true

Shift (k,1) to the end of the IP list

End If

If L(x,y) ≠ 0 then

Shift that (x,y) pixel to the end of IS list which is of type under
L(x,y) and go to step 2.2.2.

Else eliminate entry (x,y) from the IS list,

End If

If the node (x,y) of type L(x,y) then, Output T(L(x,y)),

If T(D(x,y))=1 then, shift each (k,1) ϵ O(x,y) to the end of the
IS list as of type D(x,y)

Eliminate (x,y) from the IS list

End If

3. Refinement stage

In SP list, each and every entry, excluding those added in last
sorting pass, return the bth MSB of the |Cx,y|

4. Quantization

At each pass, b will be decremented by 1 and repeat step 2.2.

Discrete cosine transform (DCT)
The compression is the important applications of DCT. The
basic idea of DCT is to convert a signal/image into basic
frequency components. The primary function of DCT based on
cosine functions. In order to achieve a compression, an image
is separated into a several amount of blocks. Each block of an
image can be expressed as a sum of cosine functions on
different frequencies. DCT [4] converts a spatial representation
of data into a frequency representation. The procedure to
perform [31] an image compression using discrete cosine
transform is as follows:

• The input image is divided into 8X8 blocks of pixels
• DCT is applied to each block
• Each block is compressed through a process called

quantization which eliminates redundant information pixels
of an image.

• After the quantization step, resulting blocks comprises that
the image is highly compressed and occupy less space

• Image can be reconstructed using Inverse Discrete Cosine
Transform

Proposed Technique
In the proposed methodology, lossy compression methods are
introduced which includes the PCA and SPIHT algorithms to
medical images. A proposed method works by two steps as
follows.

Input: Medical image of size 512 × 512

Image compression to the medical images using PCA-SPIHT
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Output: Reconstructed image through the proposed technique
(PCA followed by SPIHT)

1. In first step, image is compressed using PCA. It packs most
of the image information in the first few components itself.
Compression is done by fetching first few principal
components of an image.

2. Then the image can be reconstructed by using first few
transformed coefficients. It is considered as an optimal
transform method with respect to its energy compaction
property.

3. Hence, it is a lossy technique which gives good PSNR
value, but at low compression ratio.

4. Even though, it has more energy compaction property, PCA
is an image dependent whose basis function is not fixed.
As, PSNR value indicates the quality of an image. So,
PSNR value of the PCA can be improved by wavelet based
compression algorithm.

5. During the second step, SPIHT is a wavelet based
compression technique which offers very good PSNR value
as compared to PCA. So, the quality of the reconstructed
image obtained from the PCA method can be further
improved through the SPIHT algorithm.

6. In SPIHT, initially DWT is applied to the image
reconstructed by PCA in order to acquire the transformed
coefficients.

7. Then the SPIHT coding can be carried out through the
transformed coefficient values. The performances of the
compression is obtained from the PCA methods is not
found to be satisfactory.

8. In order to improve the performance, SPIHT is utilized.
While SPIHT uses DWT, which gives higher PSNR value
as well as better quality than PCA. So, that PCA followed
by SPIHT method is proposed. The overview of the
proposed technique is shown in Figure 2.

Parameter Evaluation
The image quality can be sustained through the various quality
parameters like PSNR, Structural Content (SC) and SNR
values which are mathematically shown in equation. PSNR in
equation (1) is one of the eminent parameter to measure the
quality of the reconstructed image. PSNR is defined as the
ratio between the maximum power of an image and the power
of the corrupted noise in the reconstructed image.���� = 10   ���10 ���� �� (1)
Here, L represents the maximum pixel values in an image.

The MSE (Mean Square error) is calculated among the original
and reconstructed image which is shown as below:

��� =   1� × �∑� = 1
� ∑� = 1

� ��, �− ��, � 2 (2)
Where, F × G indicates the dimension of the image, ��, � and
Si,j represents the reconstructed image and original image of

size F × G respectively. One more parameter is used to
measure the quality of the image is through the SC which
provides lower quality of the image, when the SC value is

larger.�� =   ∑� = 1� ∑� = 1� ��, � 2∑� = 1� ∑� = 1� ��, � 2 (3)

Figure 2. Overview of the proposed technique.

Figure 3. A) Original image; B) PSNR value is 29.89 dB between
original and DCT reconstructed image; C) PSNR value is 30.66 dB
between original and PCA reconstructed image; D) PSNR value is
41.23 dB between original and SPIHT reconstructed image; E) PSNR
value is 33.76 dB between PCA-DCT method; F) PSNR value is
42.91 dB for the proposed technique.

Experimental Analysis
The input images [32,33] of size 512 × 512 which is shown in
first column of the Table 1 are experimented with individual
DCT, SPIHT, PCA, PCA followed by DCT and the proposed
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technique (PCA followed by SPIHT). From the experimental
results, PSNR value of the reconstructed image in Table 1
shows that the Proposed PCA followed by SPIHT method is
found to be better in terms of PSNR value when compared to
other methods. If the PSNR value for the particular medical
image is high, then the quality of the reconstructed image will
be high. The sample original image in Figure 3a and
decompressed image using variety of technique with PSNR
value is illustrated in Figure 3.

Table 1. Quality measures of the different techniques.

Image Methods PSNR SC SNR

DCT 24.46 1.0 19.3

PCA 24.51 1.0 19.4

SPIHT 29.56 0.01 24.4

PCA-DCT 30.97 1.0 25.7

PCA-SPIHT 40.69 0.01 35.4

DCT 29.89 1.0 21.8

PCA 30.66 0.9 21.1

SPIHT 41.23 0.01 32.4

PCA-DCT 33.76 1.0 24.8

PCA-SPIHT 42.91 0.01 34.0

DCT 29.99 1.0 22.8

PCA 29.26 0.9 22.1

SPIHT 37.25 0.01 30.1

PCA-DCT 34.24 1.0 27.0

PCA-SPIHT 41.65 0.01 34.4

DCT 28.73 1.0 21.7

PCA 29.31 0.9 22.2

SPIHT 38.73 0.0 31.6

PCA-DCT 31.51 1.0 24.4

PCA-SPIHT 41.69 0.01 34.6

DCT 27.68 1.0 19.3

PCA 28.01 0.9 19.6

SPIHT 35.50 0.01 27.1

PCA-DCT 31.62 1.0 23.1

PCA-SPIHT 41.36 0.01 32.9

Figure 4 shows that the Bar plot for PSNR value to five various
medical images with different existing techniques. PSNR value
of the second image in Table 1 is 42.91 dB for the proposed
technique which is 12.24 dB, 13.02 dB, 1.68 dB and 9.15 dB
more than the individual DCT, PCA, SPIHT and PCA-DCT
methods respectively. Higher PSNR value indicates that the
reconstructed image at better quality. In order to ensure the
standardization, the proposed method PSNR values achieve

better quality than similar studies [34] such as JPEG,
JPEG2000 and SPIHT. From the analysis, it has been proved
that the proposed PCA followed by SPIHT technique gives
accuracy of 29% in terms of PSNR value, which is found to be
better when compared with accuracy of 16.5%, 19%, 23% and
17% for individual DCT, PCA, SPIHT and PCA followed by
DCT methods respectively.

Figure 4. Bar chart for the proposed technique PSNR value and other
existing techniques PSNR values.

Conclusion
In this paper, image compression using PCA followed by
SPIHT is implemented. The proposed technique is compared
with the individual DCT, PCA, SPIHT and PCA followed by
DCT. It has experimentally analysed and proved that the
proposed technique provides better PSNR value which
resembles that the reconstructed image obtained from the
proposed technique gives high quality image than the other
existing techniques.
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