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ABSTRACT 

This paper presents a novel study of logarithmic discrete wavelet 

transform (DWT) for medical image compression. It proposes a 

new technique to compute the DWT using the logarithmic number 
system (LNS) instead of floating point arithmetic. It investigates its 

impact on the image quality which is an essential factor for medical 

images to avoid any misdiagnose. The paper presents detailed 

experimental results for three medical images modalities: CT, MRI 

and X-Ray. The results show that the LNS approach gives a 
significant improvement in the image quality measured with the 

structural similarity index (SSIM). 

Categories and Subject Descriptors  

I.4 [Image Processing and computer]: Image processing 

software, D.2.8 [Metrics] - Performance measures, G.1.2 

[Approximation] Wavelets, J.3 [Life and Medical Sciences]:  

Medical information systems 

General Terms  

Performance and Reliability. 

Keywords 

Discrete wavelet transform, medical image compression, image 

quality assessment, logarithmic number system  

1. INTRODUCTION 
Today healthcare systems are spreading into most of the hospitals 

and medical centers due to the rapid development in the 

information technology (IT). Medical imaging is considered one of 
the most important medical information used in telemedicine to 

provide a remote clinical consultation. Remote consultation 

requires transferring the data via the network in a fast and efficient  

way. This becomes a bottleneck in places that have a limited 

bandwidth and storage capacities.  With the continuous increase in 
the resolution of medical images and number of modalities e.g. 

Magnetic Resonance Imaging (MRI), X-Ray, Computed 

Tomography (CT), ultrasound, etc., hospitals require a huge storage 

capacity. To handle this information, medical image compression 

is considered as an efficient solution for the limited bandwidth and 
storage problems. Doctors now can receive the scans not only on 

their personal computers, but they can also receive it on their tablets 

or smartphones at urgent cases. Hence the medical image 

compression represents a big challenge today. Furthermore since 

medical image contains a sensitive information, it is essential that 
compressed image preserves the sufficient quality that is essential 

for radiologists to ensure correct diagnosis.  

One of the key advantages of the DWT based compression is that 

it provides a multi-resolution transform and gives analysis in spatial 

frequency and location. Modern image compression algorithms 
such as JPEG 2000 [1] uses DWT in contrast to the Discrete Cosine 

Transform (DCT) which is used in JPEG and provide better image 

quality and compression.  

The DWT can be calculated in two ways, the convolution 
approached which consists of applying filter banks [2] and the 

lifting scheme approach [3].  Lifting scheme became popular since 

it requires less memory and is simple due to the symmetry 

transform making it easier to apply an inverse transform.  

According to the literature, the DWT is calculated in floating point 
(FLP) arithmetic for lossy compression and no work has been 

published for using the logarithmic number system (LNS) in 

computing the DWT. The LNS [4] is rarely used since it is not 

standardized in contrast to the FLP, which is well documented. 

However LNS is a promising topic for many digital signal 
processing applications [5]. It has been shown that LNS can give 

similar and better results in many cases making it an attractive 

research area for the hardware designers [6].  

The main objective of this paper is to investigate computing the 

DWT in LNS arithmetic, evaluate its impact on the medical image 
quality and compare the precision of the LNS to FLP. The work 

presented in this paper according to author’s knowledge is the first 

study in the domain.   

The study provided here is a part of the Smart-EEG project [7] that 

uses WAAVES [8] [9], which is provided by CIRA. WAAVES is 
a DWT based medical image compression algorithm and is 

certified for medical uses by radiologists at HEGP hospital [10] in 

Paris, France. It provides better image quality than JPEG 2000 at 

the same compression ratio. 

The paper is organized as follows: Section 2 provides an overview 
of the DWT and LNS. Section 3 presents the proposed LNS-DWT. 

Section 4 reviews the image quality assessment metrics used in this 

study. Section 5 compares the results obtained by using the 
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proposed scheme with the floating point DWT. Finally, conclusion 

and future work are presented in Section 6. 

2. DWT and LNS OVERVIEW 

2.1 Lifting DWT 
In this paper, we used the lifting scheme approach due to its 

efficiency and implementation simplicity. The main idea of the 

lifting scheme is to decompose a filter bank into a sequence of 
lifting steps [11]. The filter ployphase matrix is factorized into 

series of upper and lower triangular matrices called lifting steps. 

WAAVES and JPEG2000 use the biorthogonal Cohen-

Daubechies-Favreau (CDF) 9/7 filter bank for lossy compression. 

Figure 1 shows the block diagram of the DWT lifting scheme. 

 

The factorized polyphase matrix of CDF 9/7 DWT is defined in (4). 

 

where ℎ𝑒(𝑧) and  𝑔𝑒(𝑧) are the even parts and ℎ𝑜(𝑧) and 𝑔𝑜(𝑧) are 

the odd  parts of the lowpass ℎ(𝑧) and highpass 𝑔(𝑧) filters 
respectively, and the coefficients values of the filters are: 

 

A detailed mathematical description of the lifting scheme algorithm 

is listed in equations (5)-(12). A signal 𝑥 is split 
into odd and even  𝑑𝑖

𝑛 and 𝑠𝑖
𝑛 parts respectively, where 𝑛  indicates 

the lifting step number. Each step consists of predict and update, 

and the last stage is a scaling step: 

Odd:  𝑑𝑖
0 =  𝑥2𝑖+1, (5) 

Even:  𝑠𝑖
0 =  𝑥2𝑖 , (6) 

Predict 1:  𝑑𝑖
1 =  𝑑𝑖

0 +  𝛼(𝑠
𝑖
0 +  𝑠𝑖+1

0 ), (7) 

Update 1:  𝑠𝑖
1 =  𝑠𝑖

0 +  𝛽(𝑑
𝑖−1
1 + 𝑑𝑖

1), (8) 

Predict 2:  𝑑𝑖
2 =  𝑑𝑖

1 +   𝛾(𝑠
𝑖
1 + 𝑠𝑖+1

1 ), (9) 

Update 2:  𝑠𝑖
2 =  𝑠𝑖

1 +   𝛿(𝑑
𝑖−1
2 + 𝑑𝑖

2), (10) 

Odd scaling:  𝑑𝑖 =  
𝑑𝑖

2

𝑘
, (11) 

Even scaling:  𝑠𝑖 =  𝑠𝑖
2  × 𝑘, (12) 

 

2.2 LNS Arithmetic 
Performing computations in LNS requires converting the input data 

to the logarithmic domain by computing their logarithm. The 
signed logarithmic format [4] [12] is used in this paper. Assuming 

that there are two numbers 𝑥 and 𝑦 in the floating point format (real 

world value) and 𝑎 and 𝑏 are their logarithmic representation as 

follows: 𝑖 = 𝑙𝑜𝑔2(|𝑥|), 𝑗 = 𝑙𝑜𝑔2(|𝑦|)  and 𝑎 ≤ 𝑏. 

The basic LNS arithmetic operations of 𝑥 and 𝑦 are as follows: 

Multiplication: 𝑙𝑜𝑔2(𝑥 ×  𝑦) = 𝑎 + 𝑏 (14) 

Division: 𝑙𝑜𝑔2(𝑥 ÷  𝑦) = 𝑎 − 𝑏 (15) 

Addition: 𝑙𝑜𝑔2(𝑥 +  𝑦) = 𝑏 +  𝑙𝑜𝑔2(2𝑎−𝑏 + 1) (16) 

Subtraction: 𝑙𝑜𝑔2(𝑥 −  𝑦) = 𝑏 +  𝑙𝑜𝑔2(2𝑎−𝑏 − 1) (17) 

3. PROPOSED LNS-DWT 
In this section, we explain the classical floating point (FLP) DWT 

and the proposed LNS-DWT.  

3.1 Classical DWT Scheme 
 

Classical FLP DWT is shown in Figure 2. FLP DWT consists of 

DWT block and quantization, which is consist of dividing the DWT 
coefficients by a quantizer value. The quantized samples are then 

sent to the encoder and formated to create the final bitstream 

representing the compressed image. On the decoder side the inverse 

quantization (normalization) is applied to the decoded image 

samples by multiplying them by the same quantizer value used in 
the image codec, then inverse discrete transform (IDWT) is 

calculated. 

3.2 Proposed LNS-DWT Scheme 
The proposed scheme of our work is called LNS-DWT as shown in 

Figure 3. LNS-DWT is implemented using logarithmic arithmetic 

by converting all the operations in the lifting scheme represented in 

(5)-(12) to the logarithmic arithmetic. All the multiplication 

operations are replaced by addition operations according to (14) 

 

Figure 1. Block diagram of DWT lifting scheme. 

 

 

ℎ(𝑧) = ℎ𝑒(𝑧 2) + 𝑧 −1ℎ𝑜(𝑧 2), (1)  

𝑔(𝑧) = 𝑔𝑒(𝑧 2) + 𝑧 −1𝑔𝑜(𝑧 2), (2)  

𝑃(𝑧) =  [
 ℎ𝑒(𝑧)  ℎ𝑜 (𝑧)
 𝑔𝑒(𝑧)  𝑔𝑜(𝑧)

], (3) 
 

𝑃(𝑧) =     [1  𝛼(1 +  𝑧 −1)

0 1
] [

1 0
𝛽(1 + 𝑧 −1) 1

]  ×

[1  𝛾(1 + 𝑧 −1)

0 1
] [ 1  0

𝛿(1 + 𝑧 −1) 1
] [

𝐾  0

0
1

𝐾

], 
(4) 

 

 

𝛼 = −1.586134342, 𝛽 = −0.05298011854, 

𝛾 = 0.8829110762, 𝛿 = 0.4435068522. 

𝐾 = 1.149604398,  

 

 

Figure 2.  Floating point DWT. 

 

 

Figure 3. The proposed LNS -DWT. 

 

 



and the addition operations are replaced by the functions in (16) 

and (17).  

First, the logarithm operator is applied to the input image then the 
DWT is calculated in LNS domain. The quantization process is the 

same as the one used in the classical approach, but instead of 

dividing the DWT coefficients by the quantizer, the logarithm of 

the quantizer is subtracted from DWT coefficients, since the 

division is replaced by subtraction operation according to (15). On 
the other hand, the decompression process starts by decoding the 

bitstream, applying the normalization operation, then passing their 

outputs to the inverse discrete wavelet transform (IDWT). The raw 

data or reconstructed image raw data is obtained by applying the 

inverse logarithm to the IDWT outputs. 

4. IMAGE QUALITY ASSESSMENT 
Peak signal-to-noise ratio (PSNR) between the original and 

reconstructed image as defined in (13) is widely used as an image 
quality metric, which is function of the mean square error (MSE). 

It has been shown by researchers that PSNR is not a suitable metric 

to assess the perceived image quality [13]. Structural similarity 

index (SSIM) [14] is considered as the more appropriate metric for 

visual performance, since it measures the image in terms of the 
human visual system components: structural, luminance and 

contrast between two images. Due to these reasons radiologists are 

moving towards considering the SSIM as an alternative to the 

PSNR metric [15]-[16] for image quality assessment. SSIM is 

defined in (14). 

 

 

where 𝑓 and  𝑔 are the original  and reconstructed images, 

respectively,  𝜇𝑓 ,  𝜇𝑔   are the mean intensity values for the 

two images 𝑓 and 𝑔 respectively, 𝜎𝑓
  , 𝜎𝑔   are the standard 

deviation of the two images and  𝐶1 ,  𝐶2 are constants. 

5. EXPERIMENTAL RESULTS 
 

 

Figure 4. Test samples used in the experiments, from left to 

right (MRI, X-Ray and CT) scans. 

To study the logarithmic DWT, we used three medical images  

modalities, CT, MRI and X-Ray. Figure 4 shows test samples used 

in our experiments. The analysis included calculating the DWT for 

an input image then quantizing DWT output using different 

quantizer values. To reconstruct the image, the inverse quantization 
was applied to the DWT coefficients, then the IDWT was 

computed. The same process scheme was applied using the LNS. 

The SSIM and PSNR of the input and reconstructed image was 

finally calculated for the classical and the proposed scheme. 

Figure 6 and Figure 7 show the PSNR and SSIM values for 

different quantization step values. Observe that the quality is 

degraded with increasing quantization step value. As it is known, a 
higher quantization step gives a better compression ratio and less 

image quality. 

 

Figure 5. PSNR vs Quantization Step for FLP DWT. 

 

Figure 6. SSIM vs Quantization Step for FLP DWT. 

The experiments were conducted again but using LNS-DWT 
scheme. Figure 8 and Figure 9 show the impact on the PSNR and 

SSIM values when varying the number of the decimal digits of the 

fraction part in the LNS-DWT output that was kept after the 

quantization. While in the classical scheme, we discarded all the 

decimal fraction, in this scheme we kept at least two decimal digits 
to obtain SSIM greater than 0.9 which gave an acceptable image 

quality required by radiologists. 

Keeping the fraction part was very important because a slight 

change in the data in the logarithm domain would lead to a 

significant effect on the accuracy when switching back to the 
floating point domain. Since the quantization process was 

converted to a subtraction operation in the logarithmic domain, so 

changing the quantization step did not give a significant impact on 

the SSIM. Hence we used the number of decimal digits of fraction 

part which made it a new factor that affected the quality.  

𝑃𝑆𝑁𝑅(𝑑𝐵) = 
20 𝑙𝑜𝑔10(𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑖𝑥𝑒𝑙 𝑣𝑎𝑙𝑢𝑒)

√𝑀𝑆𝐸
, (13) 

 

𝑆𝑆𝐼𝑀(𝑓, 𝑔) =  
(2𝜇𝑓 𝜇𝑔 +  𝐶1) + 2𝜎𝑓𝑔 + 𝐶2

(𝜇𝑓
2𝜇𝑔 

2 + 𝐶1)(𝜎𝑓
2𝜎𝑔 

2 + 𝐶2)
, (14) 

 



 

Figure 7. PSNR vs Number of the fraction digits for the 

proposed LNS-DWT. 

 

Figure 8. SSIM vs Number of the fraction digits for the 
proposed LNS-DWT. 

6. CONCLUSION 
A new study was presented in this paper. The study introduced a 
novel technique to calculate the DWT by using logarithmic 

arithmetic. Different experiments were conducted on different 

medical image modalities. The experimental results showed that 

the LNS-DWT gave better image quality . The proposed LNS-DWT 

raises a new challenge on the encoder side regarding how theses 
LNS values could be encoded. Future works include further 

refining and investigating LNS results for the different modalities.,  

and also, developing a new encoder capable to handle both 

fractional and integer parts of quantized data. 
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