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Abstract
Image data are a combination of information and redundancy. 
Therefore the information part is kept because it contains the original 
meanings and purposes. On the other hand, the redundancy part 
is where the data can be reduced, compressed or eliminated. The 
development of Internet and multimedia technologies that grow 
exponentially, resulting in the amount of information managed 
by computer is necessary. This causes serious problems in storage 
and transmission image data. Therefore, should be considered a 
way to compress data so that the storage capacity required will be 
smaller. This research uses two different changes between frames 
in sequential images, they are moving two objects, and moving the 
camera, Then each sequential image is tested by using 17 function 
wavelets towards its PSNR and compression ratio (%). Wavelet 
which has the highest compression ratio in each family is Haar, 
Coiflet 1, and Symlet 2. While the wavelet which has the highest 
PSNR in each family is Haar, Coiflet 3, and Symlet 5. 

Keywords
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I. Introduction
Human needs for updated information grow more and more in 
every life aspect. A computer which originally was used to calculate 
and produce pages of reports is now used to make reports in the 
forms of efficient information. The efficient form can perform 
something that represents pages of reports. The information needs 
large storage and transmission broad bandwidth that technically 
and economically managed [1]. 
Data which used to be previously managed manually and physically 
in the form of paper are now transformed in the form of data with 
the use of computer. The data are then growing and, soon, they 
will take a lot of space to store. Therefore, it is important to find 
a way of compressing the data in order to minimize the storage. 
When the data are needed they can be transformed into the original 
forms and sizes. Even though the storage prices have gone lower 
by time and higher by size, it is still necessary to minimize the 
size of storage. Besides, multimedia communication needs a 
network that has broad bandwidth and a long time in order to 
transmit uncompressed data [2]. It shows the importance of data 
compression when transmitting big size data. Compressed data 
minimize the use of network bandwidth when transmitted. 
Image data are a combination of information and redundancy. 
Therefore the information part is kept because it contains the 
original meanings and purposes. On the other hand, the redundancy 
part is where the data can be reduced, compressed or eliminated. 
There are two methods in data compression: lossy and lossless 

[3]. Lossy method is a data compression technique that may erase 
one of the components. Lossy compression will compress data 
input but the decompressed data will not be exactly the same as 
the original data. When there are missing data, the information 
substantial are safely kept. When one image pixel is missing, 
the image data can still be defined. Lossless method is a data 
compression technique where the components of the data cannot 
be erased. The lossless technique compresses data input and 
transforms them back precisely to the original data forms. 

II. Literature Reviews 

A. Image Compression 
Currently, many applications want a representation of the image 
with minimal storage [4]. In general, the representation of digital 
image requires a large memory. The greater the size of a particular 
image, the greater the memory it needs. On the other hand, most 
images contain duplicate data. There are two duplicated parts of 
data in the image. The first is the existence of a pixel that has the 
same intensity as its neighboring pixels.  These duplicated pixels 
waste more storage space. The second is that the image contains 
many repeated sections (regions). These identical sections do 
not need to be encoded many times to avoid redundancies and, 
therefore, we need an image compression to minimize the memory 
requirement in representing a digital image. The general principle 
used in the process of image compression is to reduce duplication 
of data within the image so that the memory needed to represent 
the image is smaller than the original image [4]. 

B. Sequential Image
Sequential image frame is a series of 2D images that change 
according to the function of time. In the sequential image 
compression process there are two compressions known as 
intraframe and interframe compressions. In compressing a still 
or single-image a compression process is carried out to avoid 
redundancy. The same thing applies to sequential images. However, 
in sequential images there are two types of redundancy: the spatial 
and temporal. Based on these two types of redundancy, sequential 
image compression can be divided into two categories, namely 
intraframe compression and interframe compression [5].
Spatial redundancy is the redundancy of the room (space) in a 
frame, which is caused by a correlation between one pixel with 
other pixels in the vicinity, this redundancy exists in the intraframe 
compression. Temporal redundancy is the redundancy that occurs 
because of a video frame is very similar to the nearest frame either 
the previous or following frame. This is due to the existence of the 
correlating pixels between frames. Redundancy is mainly due to 
many parts of the frame that do not change when compared with 
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the previous and following frames. Temporal redundancy is used 
to perform interframe compression [5].
Intraframe compression by utilizing spatial redundancy exists 
within a frame. This is because the correlation between a pixel 
with other pixels in the vicinity. Intraframe compression method 
is commonly used among others by an encryption transformation 
(transform coding). Transform coding is a method that can transform 
data from space domain to frequency domain. This method 
produces data which are more easily processed for compression. 
Popular transformation applies, among others, Discrete Cosine 
Transform (DCT) and Discrete Wavelet Transform (DWT). With 
DWT transformation, then the vital data will be collected at a 
certain frequency domain, which will then be quantified to cut 
the transformation results.
Interframe compression is done by utilizing the temporal 
redundancy within a frame. This redundancy is caused by the 
correlating pixels between frames and many parts of the frame 
do not change when compared with the previous or following 
frames. Sequential images show that almost all parts of the frame 
N-1, frame N and frame N +1 have not changed much, there are 
only small differences shown in the three frames. By exploiting 
the difference between the running frames, then the temporal 
redundancy can be reduced. For a permanent part of the running 
frames, the value of temporal difference is almost zero. The part 
that changes between frames both in the variations of illumination 
or the movement of objects, result in significant image errors that 
will need to be encoded. The image change in the movement 
can be significantly reduced if the movement of objects can be 
estimated, and the differences are taken on motion compensated 
frame. It is clear that the motion compensation can substantially 
reduce interframe errors [6].

C. Wavelet for Sequential Image
Sequential image is a series of still images displayed in succession 
(sequential), thus the give the impression to human eye as a 
moving image. Each image in the circuit is called a frame or 
frames. In the sequential image compression process there are two 
compressions: intraframe and interframe. In a still or single-image 
compression, the process is carried out to avoid redundancy. The 
same process also applies on sequential images. Husoy [7] says that 
in a sequential image coding there are two redundancies, namely 
spatial and temporal. Based on these two types of redundancy, 
sequential image compression can be divided into two categories, 
namely intraframe and interframe compressions [5].
Leduc et.al [8] introduces a new approach in the field of spatio-
temporal filter motion-compensation applied to sequential images. 
In addition, Leduc et.al [8] are interested in three-dimensional 
or spatio-temporal filtering of digital sequential image, and aim 
to generalize motion-compensated temporal filtering process as 
products of two different operators. The first operator depends 
only on the estimation of motion parameters derived from image 
segmentation and motion modeling based on parameters of affine 
motion region. The second operator only analyzes the correlation 
of images by measuring the intensity along the trajectory of 
motion. Multi-resolution filter or wavelet can be implemented 
so that all along the path of motion it produces an optimum and 
adaptive procedure, such as spatial-temporal, interpolation and 
smoothing prediction.
Rockinger [9], suggests a new approach to incorporate images 
and image sequence by using a shift invariant wavelet transform. 
Rockinger [10], also suggests the use of wavelets to merge 
sequential level-pixel image. Wavelet turns can also be used for 

research related to Functional Magnetic Resonance Image (FMRI), 
as proposed by Taswel [11]. In his research, wavelet compression 
for medical images of sequential FMRI.
Zachariadis et.al, [12], present a new communication scheme 
for sequential medical images. An image compression scheme 
is proposed medical sequence, based on wavelet transformation. 
Levicky et.al [13], introduce a new method of sequential image 
coding by using wavelet transform, basic MPEG scheme with DCT 
modified by wavelet transform. Jerome and Ellouze [14], describe 
the effect of changing the background on sequential image coding 
system by using the Embedded Zerotree Wavelet (EZW).

D. Compression Quality
Information loss due to compression should be minimized to 
keep the quality of the compression. Compression quality is 
usually inversely proportional with the memory requirement. A 
good quality compression is generally achieved in the process of 
memory consolidation, which generates a small reduction, and 
vice versa. In other words, there is reciprocal (trade off) between 
image quality and the size of the compression.
The quality of an image is subjective and relative, depending 
on the observation of the user. One can only say the quality of a 
good image, but others may disagree. There are two things that 
can be used as benchmarks of compression quality, the PSNR 
and compression ratio.
PSNR (Peak Signal to Noise Ratio) is one parameter that can be 
used to quantify image quality. PSNR parameter is often used as 
a benchmark level of similarity between the reconstructed image 
and the original. A larger PSNR produces better image quality. 
PSNR equation can be seen below:

with

III. Research Methodology 

A. Materials Research 
The wavelet used in this research is Daubechies family (Haar 
(Daubechies 1), Daubechies 2, Daubechies 3, Daubechies 4, 
Daubechies 5), and Coiflet families (Coiflet 1, Coiflet 2, Coiflet 
3, Coiflet 4, and Coiflet 5), and Symlet family (Symlet 2, Symlet 
3, Symlet 4, Symlet 5, Symlet 6, Symlet 7, and Symlet 8). This 
research uses two different changes between frames in sequential 
images, they are moving two objects, and moving the camera. 
Then each sequential image is tested by using 17 function wavelets 
towards its PSNR and compression ratio (%). The test images can 
be seen in fig. 1 and fig. 3.

      
           11.bmp                   12.bmp                  13.bmp
Fig. 1: Test Sequential Image (Moving Two Objects) (Courtesy 
of Bayu Gede Suparta)
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Fig. 2: Difference of Two Sequential Image

        
         21.bmp                      22.bmp                   23.bmp

Fig. 3: Test Sequential Image (Moving The Camera) (Courtesy 
of Bayu Gede Suparta)

B. Research Steps 
The research on interframe compression on sequential images is 
carried out in the following steps:

Designing and creating a program to compress sequential 1. 
images with the use of wavelets.
Testing 17 wavelets towards PSNR and 17 wavelets towards 2. 
compression ratio percentage on interframe sequential 
images. 

Fig. 4: Interframe Compression Process

The results of these tests can, then, be analyzed the influence 
of wavelet to the PSNR. Later, it can also analyze the effects 
of PSNR of the wavelet in order to find an optimum wavelet in 
every family. 

IV. Results and Discussion 

A. Wavelet versus PSNR 
PSNR is one success measurement in image data compression. 
PSNR is used to quantify the image quality. The larger PSNR value 
means the better its wavelet function is, it means the reconstructed 
image is so much closer to the original image. Table 1-3 and Fig. 
5 to fig. 7, show the PSNR value in some wavelet and some of 
the test image

1. Daubechies Family
Based on Table 1 and fig. 5, it shows that wavelet Haar has highest 
PSNR.

Table 1. PSNR Results (in dB) for Wavelet (Daubechies Family) 
and Test Image 

Wavelet\Image 11,12 12,13 21,22 22,23
Haar 323.44 312.07 318.79 323.06
Daubechies 2 257.59 256.73 257.89 258.23
Daubechies 3 235.90 233.28 235.10 236.04
Daubechies 4 250.42 247.89 249.64 250.62
Daubechies 5 246.95 243.70 245.73 247
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        (a).11,12 and 12,13            (b). 21,22 and 22,23
Fig. 5: Wavelet Versus PSNR (Daubechies Family)

2. Coiflet Family
Based on Table 2 and fig. 6, it shows that wavelet Coiflet 3 has 
highest PSNR.

Table 2: PSNR Results (in dB) for Wavelet (Coiflet Family) and 
Test Image

 Wavelet\Image 11,12 12,13 21,22 22,23
Coiflet 1 254.33 254.07 255 255.06
Coiflet 2 231.95 230.45 231.85 232.38
Coiflet 3 259.94 259.08 260.19 260.75
Coiflet 4 227.01 226.52 227.36 227.76
Coiflet 5 180.14 179.98 180.64 181.15
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Wavelet vs PSNR (Coiflet Family)
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           (a).11,12 and 12,13            (b). 21,22 and 22,23
Fig. 6: Wavelet Versus PSNR (Coiflet Family)

3. Symlet Family
Based on Table 3 and fig. 7, it shows that wavelet Symlet 5 has 
highest PSNR.

Table 3: PSNR Results (in dB) for Wavelet (Symlet Family) and 
Test Image 

Wavelet\Image 11,12 12,13 21,22 22,23
Symlet 2 257.59 256.73 257.89 258.23
Symlet 3 235.90 233.28 235.10 236.04
Symlet 4 259.62 259.48 260.35 260.37
Symlet 5 268.91 268.92 269.77 269.84
Symlet 6 255.52 255.25 256.17 256.24
Symlet 7 256.95 257.07 257.93 258.02
Symlet 8 267.89 264.61 266.65 267.90

Wavelet vs PSNR (Symlet Family)
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           (a).11,12 and 12,13            (b). 21,22 and 22,23
Fig. 7: Wavelet Versus PSNR (Symlet Family)

It is found that Haar wavelet, Coiflet 3 and Symlet 5 produce 
the highest PSNR values in each family. The wavelet calculation 
results in the lowest MSE value that, later, results in the highest 
PSNR value. The PSNR value is also influenced by the tested 
images, show that there is a tested image with a calculation gap 
with PSNR value higher than the others. This is because that image 
has a lower mean compared to the others. A low mean value results 
in a higher PSNR value as a low-mean image has values close 
to 0, so the compression process is more effective. Meanwhile, 
shows that PSNR values for the images are almost the same as the 
tested images have high correlation or slight differences between 
the images.

B. Wavelet Versus Compression Ratio 
One success measurement in image data compression is the 
compression ratio percentage. The greater the compression ratio 
percentage means the better the wavelet function. The test results 

of the wavelet influence towards the compression ratio of several 
test images can be seen in Table 4–6 and fig. 8 to fig. 10.

1. Daubechies Family
Based on Table 4 and fig. 8, it shows that wavelet Haar has highest 
compression ratio (%).

Table  4: Compression Ratio Results (in %) for Wavelet (Daubechies 
Family) and Test Image

 Wavelet\Image 11,12 12,13 21,22 22,23
Haar 99.314 99.40 99.356 99.333
Daubechies 2 99.237 99.272 99.247 99.244
Daubechies 3 99.156 99.170 99.158 99.163
Daubechies 4 99.075 99.078 99.075 99.081
Daubechies 5 98.987 98.987 98.987 98.991
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        (a).11,12 and 12,13            (b). 21,22 and 22,23
Fig. 8: Wavelet Versus Compression Ratio (%) (Daubechies 
Family)

2. Coiflet Family
Based on Table 5 and fig. 9, it shows that wavelet Coiflet 1 has 
highest compression ratio (%).

Table 5: Compression Ratio Results (in %) for Wavelet (Coiflet 
Family) and Test Image

 Wavelet\Image 11,12 12,13 21,22 22,23
Coiflet 1 99.156 99.170 99.158 99.163
Coiflet 2 98.902 98.902 98.902 98.904
Coiflet 3 98.682 98.682 98.682 98.682
Coiflet 4 98.401 98.401 98.401 98.401
Coiflet 5 98.103 98.103 98.103 98.103

Wavelet vs Compression Ratio (Coiflet Family)
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Wavelet vs Compression Ratio (Coiflet Family)
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       (a).11,12 and 12,13            (b). 21,22 and 22,23
Fig. 9: Wavelet Versus Compression Ratio (%) (Coiflet Family)
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3. Symlet Family
Based on Table 6 and fig. 10, it shows that wavelet Symlet 2 has 
highest compression ratio (%).

Table 6: Compression Ratio Results (in %) for Wavelet (Symlet 
Family) and Test Image

Wavelet\Image 11,12 12,13 21,22 22,23
Symlet 2 99.237 99.272 99.247 99.244
Symlet 3 99.156 99.170 99.158 99.163
Symlet 4 99.075 99.078 99.075 99.081
Symlet 5 98.987 98.987 98.987 98.991
Symlet 6 98.902 98.902 98.902 98.904
Symlet 7 98.812 98.812 98.812 98.812
Symlet 8 98.723 98.723 98.723 98.723

Wavelet vs Compression Ratio (Symlet Family)
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Wavelet vs Compression Ratio (Symlet Family)
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       (a).11,12 and 12,13            (b). 21,22 and 22,23
Fig.10: Wavelet Versus Compression Ratio (%) (Symlet 
Family)

The results of wavelet testing towards compression ratio 
percentage on sequential images are shown Haar, Coiflet 1 and 
Symlet 2 produce the highest compression ratio in each of their 
families. The compression ratio percentage is influenced by the 
length of the filter of a wavelet. The longer the filter results in 
a lower compression ratio percentage. Haar has filter as long as 
two and produces a higher percentage than Daubechies 3 which 
length is six.

V. Conclusion 
Based on the results of testing and discussion it can be drawn 
several conclusions: 
1.  It is found that Haar wavelet, Coiflet 3 and Symlet 5 produce 
the highest PSNR values in each family. The wavelet calculation 
results in the lowest MSE value that, later, results in the highest 
PSNR value. 
2. The results of wavelet testing towards compression ratio 
percentage on sequential images are shown Haar, Coiflet 1 and 
Symlet 2 produce the highest compression ratio in each of their 
families. The compression ratio percentage is influenced by the 
length of the filter of a wavelet. 
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