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Abstract: Fractal image compression requires large computation time for encoding of any 

image. A large number of linear sequential searches are applied on a pool of domain blocks to 

find a best match for another portion of the same image. This paper proposes an equivalent 

fractal image encoding using nearest neighbor binary search. The proposed method require 

logarithmic time  for encoding and record accelerating factor from 2.37 upto 4.79 depending on 

image complexity with improvement in image quality. 

Keywords: Fractal Image Compression, Nearest Neighbor Binary Search, Domain Pool, 

Compression Ratio. 
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INTRODUCTION 

The cost of data storage and transmission time image compression remains a critical issue for 

the ever increasing demand for images, sound, video sequences, computer animations, and 

biometric security. Presently JPEG method provides the industry standard for still image 

compression. Fractal image compression is one of the ongoing research methods. 

Basically, a fractal encoding consists of three parts: 1) A partitioning of the image space into 

smaller parts 𝑅𝑘 , called Ranges (non-overlapping), 2) Another number of smaller parts 𝐷𝑘  of 

size double the range, called domains (may overlap). 3) For each Range-Domain pair, two 

transformations, a Geometric transformation, 𝐺𝑘 ∶ 𝑅𝑘 → 𝐷𝑘 , which maps the range to the 

domain, and an affine transformation 𝐴𝑘 , that adjust the intensity values in the domain to those in 

 

 



International Journal of Emerging Trends in Engineering and Development              Issue 5, Vol. 6 (Oct.-Nov. 2015) 

Available online on http://www.rspublication.com/ijeted/ijeted_index.htm                                        ISSN 2249-6149 

©2015 RS Publication, rspublicationhouse@gmail.com Page 210 
 

the range. In decoding, transformation codes are apply on an arbitrary image 𝐼, producing an 

output image, 𝑇𝐼, which is like a collage of modified copies of the domains of the image 𝐼. 
Here 𝑇, indicate the decoding steps, which generate a sequence of images converges to an 

approximation of the encoded image. 

The time consuming part of the encoding process is the search of a suitable domain block for 

each range block. For example, the number of fixed sized subparts in an image of size 𝑛 × 𝑛 

pixels is of order 𝑜(𝑛3). This requires the allowable domains, which consists of only subparts of 

limited positions called domain pool. Now for each range partition of the original image all 

partitions of the domain pool are inspected: for a range partition 𝑅𝑘  and a domain pool, the 𝑇𝑘  

and 𝐴𝑘  are constructed such that when the range image partition is mapped into the domain the 

result 𝐴𝑘 .𝑓.𝑇𝑘
−1 𝑟  for 𝑟 ∈ 𝑅𝑘  matches the original image 𝑓 as approximate as possible. In other 

words, fractal image encoding consists of approximation the image as a collage of transformed 

pieces of itself. Consequently better the collage fits the given image the higher the quality of the 

reconstructed image. For further details see [1, 2, 3, 4]. 

JPEG encoding and decoding processes are symmetric and require about the same number of 

operations. On the contrary fractal image encoding requires long encoding time, but allows fast 

decoding. For a linear search, a large pool of image subsets, the domain pool, has to be searched 

repeatedly many times. If the number of domains in the pool is 𝑁, then the time spent for each 

search is linear in 𝑁, 𝑜(𝑁). Previous attempts [9] to reduce the computation times employ 

classification schemes for the domains based on image feature as fractal dimension (FD). Thus, 

in each search only domains from a particular class need to be examined. However, this 

approach reduces only the factor of proportionality in 𝑜(𝑁) complexity. 

This paper proposes a new approach for the encoding process to show that the linear 

sequential searching using classification for optimal range-domain is equivalent to solving 

nearest neighbor problems by a binary search (BS) method. The domain partitions will be 

represented by the feature vectors which are indicating the service points. Similarly, a given 

range is defined as the feature vector, which is indicating the query point. In other words, for a 

query point, find a best suited service point.  With the help of data structure and well known 

algorithm, the proposed method performs in logarithmic time, 𝑂(𝑙𝑜𝑔 𝑁) over the linear 

time 𝑂(𝑁). 

The remaining portion of this paper is organized as follows: the second section present the 

definition of the FD and BS methods. The third section describes the implementation of the 

proposed method. The fourth section describes experiments. The fifth section shows the results.  

FROM CLASSIFICATION TO BINARY SEARCH 

The classification of domain blocks reducing the number of domain blocks in the domain 

pool for a specified range partition. For example, if the range partition contains some texture 

(like edge, curve etc.), then domains which contains only ‘smooth’ texture (no edge or curve 

etc.) can be safely discarded when searching for a good match for that range. In previous papers 

different numbers of classes were used in this way as 3 or 4 classes in [5] up to 72 classed in [3, 

6]. Besides classification, other complexity reduction methods are adaptive codebook clustering, 

arctype classification, adaptive search strategies and FD based classification in [7, 8]. 

 For a given image 𝐼𝑚×𝑚 , consider a point (query) 𝑟 ∈ 𝐼𝑚×𝑚  representing  𝑚 × 𝑚 pixel 

values in a given range. Let us assume that the domain blocks from the domain pool have been 
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properly filtered and sub-sampled, thus, prepared a set of N partitions              

𝑑2,……… ,𝑑𝑁 ∈ 𝐼𝑚×𝑚  (often called codebook blocks). Let 𝐸(𝑟, 𝑑𝑖) denote smallest possible 

least squares error of an approximation of the range data r by an affine transformation of the 

domain data 𝑑𝑖 . In term of a formula, this is, 

𝐸 𝑟,𝑑𝑖 = 𝑚𝑖𝑛𝑎 ,𝑏∈𝑅 𝑟 − (𝑎 ∗ 𝑑𝑖 + 𝑏 ∗ 𝑒) 2                                     (1) 

where 𝑎 is a scaling factor, 𝑏 is an offset and 𝑒 ∈ 𝐼𝑚×𝑚  is a unit matrix of size   𝑚 × 𝑚. 

Computing the optimal 𝑎, 𝑏 and the error 𝐸 𝑟, 𝑑𝑖  is a costly process, which we have to perform 

for all of the domain partitions 𝑑2,……… ,𝑑𝑁 ∈ 𝐼𝑚×𝑚  in order to arrive at the minimum error, 

given by 𝑚𝑖𝑛1≤𝑑≤𝑁𝐸 𝑟,𝑑𝑖 .  

The above mentioned minimization problem needs to be solved for many query point 𝑟 in 

the encoding process. We use the notation 𝑑 . , .  for Euclidean Distance and <. , . > for the inner 

product in 𝐼𝑚×𝑚 , thus, 

 𝑋 = 𝑑 𝑋,𝑋 =  < 𝑋,𝑋 >      (2) 

In the continuation of previous classification based method [8], this paper proposed a binary 

search process on domains for a given range. In this context, separate the domain partitions into 

two sets: Smooth and Complex. The smooth partitions are considered as no texture and complex 

partitions are considered as some texture. Now, for a given range partition choose a domain pool 

based on Smooth or Complex feature. In both the cases, apply the binary search to select the 

nearer domain blocks from the domain pool, which are approximately close to that range block 

feature. The selection is based on some threshold value based on FD. In mathematical term, for 

given domain pool 𝐷, 𝐷𝐵 is the set of domains such that 

𝐷𝐵 =  𝑑𝑗 < 𝑇𝐹𝐷 ∶ 𝑑𝑗 ∈ 𝐷,𝑓𝑜𝑟 𝑗 = 1,2,… . . ,𝑀,𝑀 < 𝑁   (3) 

here, 𝑇𝐹𝐷  is the selection criteria (threshold) based on FD. 

We conclude this section with some implication and generalization as; for a given range all 

the domains are not admissible. There are restrictions on the number 𝑠, the contraction factor of 

the affine transformation (e.g. 𝑠 < 1). This is necessary for the convergence of the iteration in 

the image decoding. For the consideration of the limited size of the domain (domain is generally 

larger than range), search the domain pool not only for the nearest neighbor of the given query 

point (range) but also for, say the next 30 or 50 nearest neighbors (this can still be solved in 

logarithmic time using binary search). From this set of neighbors the non admissible domains are 

discarded and the remaining domains are compared using the least square method. 

PROPOSED METHOD 

The proposed method is apply the fixed size partition method to partitioned the image into 

square of fixed size blocks without overlapping is called ranges and another set of squares of 

fixed size blocks (double the size of the range) with overlapping called domain pool. The number 

of domain blocks in the domain pool can be adjusted by contracting factor. In encoding, for a 

range block, search an approximated domain block from the corresponding domain pool with the 

use of FD values. 

 The classification method for the domain blocks works as follows: for all the domain 

blocks, calculate the FD and then classify them, given in [8]. Now for a given a range (query), 

calculate the FD and then select a class of domain pool. For the corresponding domain pool, 
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search the best domain (service) block for that range. Similar process will be performed for 

remaining range blocks. 

The proposed method works as follows: 
1. Partition the original image into fixed size non-overlapping 4 × 4 range blocks and fixed size 

overlapping 8 × 8 domain blocks.  

2. For every domain blocks of original image, compute the classification features FD.  

3. Arrange the domain blocks in ascending order based on FD values 
4. For a range block, calculated FD value considers the admissible domain pool based on 

formula (3) with smallest possible least squares error by using equations (1) and (2).  

5. Search an optimal domain block in the considered domain pool. 
6. Calculate the scaling factor and offset of the domain block and store the fractal codes 

including approximated domain block positions. 

EXPERIMENT AND RESULTS 

In order to implement the proposed method, the image processing toolbox of MATLAB 10R 

software is used to compress a number of medical images. The codes are run on the 

configuration of Intel® M CPU @ 1.60 GHz with 2GB RAM. This dataset consists of 8 medical 

images of size 512 × 512  pixels such as CT, MRI, Ultrasound, and X-Ray images and may be 

accessed via RadiologyInfo.org (Radiology Information resource for patients) and all the 

material are reviewed and approved by experts in the field of radiology from the American 

College of Radiology (ACR) and Radiological Society of North America, Inc. (RSNA). The 

images are Kidney, Mammogram, Fetus, Brain and Knee respectively. 

4.1 Compression performance measuring parameters 
To measure the efficiency of a compression algorithm, performance parameters are needed to 

be evaluated. More often, compression ratio (CR), peak signal to noise ratio (PSNR) and 

coefficient of correlation (CoC) are used as evaluation parameters. The compression ratio (CR) is 

defined as division of input and output sizes in bits: 

𝐶𝑅 =
𝑠𝑖𝑧𝑒 𝑜𝑓 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑖𝑚𝑎𝑔𝑒

𝑠𝑖𝑧𝑒 𝑜𝑓 𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑
 

PSNR is one of the most adequate parameters to measure the quality of compression. If the 

PSNR values are higher, the quality of compression is better and vice versa. The PSNR for gray 

scale image is defined as [15]: 

𝑃𝑆𝑁𝑅 = 10 log10  
2552

𝑀𝑆𝐸
 𝑑𝐵 

Where, the MSE for a function of two variables, such as an image, is defined as [16]: 

𝑀𝑆𝐸 =
1

𝑀.𝑁
   𝑓 𝑚,𝑛 − 𝑓 (𝑚,𝑛) 

2
𝑁

𝑛=1

𝑀

𝑚=1

 

where, 𝑓 𝑚,𝑛  is the pixel values of original image and 𝑓 (𝑚,𝑛) is the pixel values of 

reconstructed image and 𝑀.𝑁 is the size of image. 
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 In addition, the coefficient of correlation (CoC) is a parameter that shows correlation 

between the original image and the reconstructed image. This parameter has a value between 0 

and 1. If this value is near to1, the reconstructed image is said to be more correlated with the 

original image. The CoC is defined as: 

𝐶𝑜𝐶 =
   𝑓 𝑚,𝑛 .𝑓 (𝑚,𝑛) 

2𝑁
𝑛=1

𝑀
𝑚=1

   𝑓(𝑚,𝑛)2𝑁
𝑛=1

𝑀
𝑚=1    𝑓 (𝑚,𝑛)2𝑁

𝑛=1
𝑀
𝑚=1

 

Used these parameters to evaluate the proposed method and compare it with pixel pattern 

method. 

4.2 Results and discussions 

The compression ratio is expressed in bit per pixel (bpp). In the proposed scheme, encoding a 

4x4 size image block in a 512x512 size picture require altogether                8 + 2 log2
512

4
+ 3 

bits, where 8 bits for storing offset value of the range block, 2 log2
512

4
 bits for the locations of 

the domain block and 3 bits for scaling factor value. 

Table 1 gives the encoding times and image qualities measured on the various medical 

images at compression ratio 1.5625 bit per pixel (bpp) by the two methods: paper [9] method and 

the proposed method. The experiment results shows that the proposed method is comparatively 

faster than the pixel pattern based method without degradation in reconstructed image as PSNR 

and CoC.  

Fig. 2(a)-(c) gives the comparison of rate distortion curves (measured by PSNR), encoding 

time curve (measured by seconds) and statistical curve (measured by CoC) on various gray scale 

medical images. It can be seen that for the maximum images the proposed encoding scheme 

gives better reconstructed image quality with better encoding time. For visual comparison Fig. 1 

shows the medical images processed by the two methods. 

Table-1: Performance comparisons of paper [9] method and proposed method. The compression 

ratio for all images is 1.5265 bpp. 

Image Name 

Paper [9] Binary Search 
Speed 

Up 
Time (s) 

PSNR 

(dB) 
CoC Time (s) 

PSNR 

(dB) 
CoC 

Kidney 61.09 23.35 0.7688 19.75 29.22 0.9882 3.0932 

Mammogram 90.50 23.59 0.7652 18.91 28.23 0.9762 4.7866 

Fetus 72.19 25.69 0.7723 16.45 32.22 0.9931 4.3874 

Brain 53.96 24.79 0.7676 13.19 30.17 0.9828 4.0919 

Knee 47.98 26.13 0.7743 20.25 33.45 0.9968 2.3694 
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Fig. 1: Five test images used in the experiments (First Column); reconstructed images using 

Paper [9] method (Second Column) and reconstructed images using Binary Search method 

(Third Column), with the range block of size 4 × 4 pixels. 

 

 

(a) 

 

(b) 
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(c) 

Fig. 2: Comparison between Pixel-Pattern and Binary Search method for (a) Encoding time (b) 

PSNR and (c) CoC 

The proposed method has performed the series of experiments in which the classification 

using FD is used to encode the images and replace the classification based linear search by the 

nearest neighbor binary search. The encoding parameters of the proposed binary search method 

are compared with the method [9], since searching through the same domains. 

Here the objective is to show that significant encoding time can be saved while providing 

image quality with little degradation. The decoded images, depicted in Figure 1, shows the linear 

search and the proposed nearest neighbor binary search methods. The comparison between 

encoding time and PSNR can be seen in Table-1. The binary search algorithm is increase the 

reconstruction quality in terms of PSNR about 5.9488 dB and encoding time is decreases by 

3.7457 times. 

CONCLUSSION 

This paper discussed a approach related to the range-domain comparison fundamental to 

fractal image compression by nearest neighbor binary search. This technique leads to a new fixed 

size technique with respect to the encoding process. It consists the fast approximate nearest 

neighbor binary search technique based on fractal dimension and can easily be implemented into 

classification method. This approach decreases the time complexity of the encoding step and 

motivates faster fractal image compression. The speed up can be adjusted by only minor 

degradation in image quality or improvement in image quality. Future investigations are directed 

to a quadtree method for high compression ratio and fast encoding time and to the extension of 

the fractal block coding technique to video sequences of images. 
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