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This paper presents a novel block-based image coding algorithm which applies a 

tree-structured multitree dictionary and a perceptual-based rate distortion optimization 

scheme. While multitree dictionary is employed to support a very large number of 

different tilings, perceptual-based rate distortion optimization utilizes the SSIM metric, 

instead of popular MSE metric, to allocate bit rate according to human visual system. 

Experimental results show that our proposed method outperforms many existing 

techniques in both subjective and objective image quality measures. 
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1. INTRODUCTION 
 

Image compression technique plays an important role in digital image processing. It 

addresses the problem of reducing the amount of data required to represent a digital 

image and is of significant practical and commercial interest. For most popular image 

coding standards, such as JPEG and JPEG-XR, they rely on a transform-based method 

which, in general, first divide the original image into smaller blocks and then apply a 

transform on each of the blocks. 

Conventional image coding algorithms generally select blocks of fixed size. The 

choice of the block size is problematic for such methods–smaller blocks are better as far 

as correlation. Otherwise, if the block size is too small, the compression ratio suffers due 

to the fact that small block size possesses fewer high-frequency coefficients from each 

block that can be thrown away without causing severe distortion. Generally speaking, 

areas with high-detail regions should employ smaller block sizes while areas with 

smooth regions should employ larger block sizes. Since different types of areas are 

suitable for different block sizes, researchers have exploited the benefit of variable block 

size, such as dyadic [1], quadtree [2, 3], and multitree dictionary [4], over fixed block 

size. Among above block-based dictionaries, multitree dictionary not only contains an 

extremely large set, but also includes many other proposed dictionaries as special cases. 

Note that a larger size dictionary generally results in a larger number of overhead bit to 

encode the extracted best representations, however [5, 6, 7, 8, 9, 10, 11] have verified the 

benefit of multitree dictionary when integrated into image compression algorithm. 

In [5, 6, 7, 8, 9, 11], the Sum of Absolute Difference (SAD) or Sum of Square 
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Difference (SSD) is utilized as the distortion measures for the rate-distortion 

optimization (RDO). Although SAD and SSD are widely used as distortion metrics due 

to their low computational cost, they were also widely complained for not correlating 

well with Human Visual System (HVS). Recently, many researchers [12, 13, 14, 15, 16, 

17, 18, 19, 20] have been developing new objective distortion measures which can more 

accurately reflect the perceived distortion. Structural Similarity (SSIM) index [12] is one 

of the most successful newly developed assessments due to its simplicity and efficiency. 

In this paper, we propose to integrate SSIM in the rate-distortion optimization of 

multitree dictionary with application to image compression.  

The major contribution of our paper is that we construct a perceptual-based rate-

distortion cost and its corresponding efficient tiling algorithm to select the optimal tiling. 

Since computing the actual rate and actual distortion associated with every tiling in the 

dictionary would be computationally infeasible, we approximate the number of overhead 

bits required to encode a tiling. Furthermore, we utilized the observation of [21] that 

perceptual-based R-D curve has similar tangent slope to MSE-based R-D curve, hence 

we estimate the perceptual Lagrange multiplier for perceptual-based RDO with the aid of 

MSE-based RDO. The proposed method ensures that the increase in the number of 

overhead bits as compared to the conventional method is moderate, and is more than 

compensated for by the reduction in the number of bits required to encode the transform 

coefficients which stems from the greater adaptivity of our scheme. Quantitative and 

qualitative evaluations demonstrate the effectiveness and robustness of our approach 

over several popular image coding techniques. 

The rest of the paper is organized as follows. Section 2 presents our proposed 

perceptual-based multitree image compression algorithm. Experimental results are 

reported in Section 3. Finally, conclusions are given in Section 4. 

2. THE PROPOSED MULTITREE IMAGE CODER WITH 
PERCEPTUAL-BASED RDO 

In this section, we briefly describe the proposed image compression method. The 

main feature of our method lies on the employment of the best representation of multitree 

dictionary and a perceptual-based rate-distortion optimization scheme to efficiently 

improve the perceptual quality of compressed image. 

Our proposed method relies on multitree dictionary [4] to construct an extremely 

large set of tiling. Multitree is a tree-structured data which can be exploited to efficiently 

split an image into n non-overlapped rectangular tiles B1, B2, …, Bn by performing 

recursive splitting process at an arbitrary location. The tree splitting process is illustrated 

in Fig. 1(b). Note that multitree restricts the tiling to those which can be acquired through 

binary partition process. Specifically, the process begins with one macroblock, i.e., a 

16x16 block. Then, it is further split horizontally or vertically into two smaller tiles. This 

process is repeated until either the tile is marked as no further splitting, or the tile size 

reaches the smallest defined unit size, for example 4 pixels. Once the recursive splitting 

process finished, one complete tiling as illustrated in Fig. 1 (a) is obtained. For each tile, 

we follow a JPEG-like procedure which finds the discrete cosine transform (DCT) 

coefficients, quantizes them, and entropy-codes the AC coefficients and differential DC 



A NOVEL IMAGE COMPRESSION ALGORITHM BASED ON MULTITREE DICTIONARY AND  

PERCEPTUAL-BASED RATE DISTORTION OPTIMIZATION 

 

211

 

coefficients. 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Illustration of a multitree tiling and its corresponding tree of splits (All figures are reproduced from [4]). 

(a) Example of a multitree tiling, specifically can be obtained through recursive binary partition. (b) A tree of 

splits to obtain multitree tiling depicted in (a). 

 

The cost function of a block (Bi) of a tiling is defined as 

Cost(Bi) = Di + λ*Ri (1) 

 

where λ is a Lagrange multiplier that controls the balance between Ri and Di. 

We employ SSIM index [12] to define SSIM distortion Di of the block Bi as the sum 

of the SSIM distortion of each individual 4×4 unit block. Given the block Bi is composed 

of k 4×4 unit blocks of Bi
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Rate Ri for block Bi in eq. (1) is defined as 

Ri = Ri
(c)

 + Ri
(t)

 (4) 

 

where Ri
(c)

 represents the allocated number of bits for the quantized transform 

coefficients for block Bi and Ri
(t) 

indicates the number of bits to encode the selected tiling. 

Note that here we employ a context-based entropy coder [9] to efficiently encode the 

selected optimal tiling of a block B. 

The overall cost (JB) of a tiling for a block B consists of block B1, B2, B3, …, Bn is 

defined as 
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The overall cost (JB) is computed as the sum of SSIM distortion of all subblocks and 

accumulative rate of all blocks within that tiling.  

  
(a) Multitree tiling (b) Tree of splits 
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The general way to compute parameter λ is by calculating the slope between two 

points that lie along MSE-based curve. However, according to [21], perceptual RDO 

loses the correlation with quantization parameter and leading to the fact that λ of 

perceptual RDO cannot be determined analytically. Moreover, [21] noticed that 

perceptual-based R-D curve has similar tangent slope to MSE-based R-D curve. 

Therefore, we follow the idea proposed by [21] to estimate λ, that is, to compute λ for 

perceptual-based RDO with the aid of MSE-based RDO. To make the paper self-

complete, we briefly describe this idea in the following. The relation between both R-D 

curves can be well approximated using a power function expressed as: 

D = αR
β
 (6) 

 

Parameter α and β can be obtained from MSE-based curve. Given two points (R1,D1) 

and (R2,D2) that lie in MSE-based curve which are obtained by employing two different 

quantization parameters, α and β can be estimated as: 

( ) ( )
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We first encode the input image by JPEG encoder (MSE-based RDO) with two 

different quality parameters, QPmin and QPmax, that correspond to (R1,D1) and (R2,D2), 

respectively. Note that for JPEG encoder, quality parameter is in a 1-100 scale and 

specifies the corresponding quantization matrix. Here we chose QPmin and QPmax as 15 

and 90, respectively. An R-D curve is then computed based on (R1,D1) and (R2,D2) 

through eq. (6)(7)(8). Once parameters α and β are obtained, one can estimate perceptual 

based tangent slope (λ) from the MSE-based R-D curve. To be more specific, given any 

quality parameter, QPi, we first perform MSE-based RDO and obtain (Rj,Dj). (Rj,Dj) is 

then projected to the computed R-D curve vertically and horizontally using power 

function, eq. (6), and resulting two points (Rv,Dv) and (Rh,Dh), respectively.   

The projection of (Rj,Dj) in vertical direction resulting a point (Rv,Dv) that sits in the 

R-D curve and defined using power function in eq. (6) as: 

Rv = Rj (9) 

Dv = αRj
β
  (10) 

 

Similarly, the projection of (Rj,Dj) in horizontal direction can be estimated using 

power function in eq. (6) resulting point (Rh,Dh) which lies in R-D curve and is denoted 

as: 

Rh = (Dj/α)
(1/β)

 (11) 

Dh = Dj  (12) 

 

After obtaining two points (Rh,Dh) and (Rv,Dv) located along the R-D curve, we can 

estimate (λ) as the gradient of two points and this can be expressed as 
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λ=-(Dv - Dh)/ (Rv - Rh)  (13) 

A simple flowchart representing a process for estimating λ for perceptual-based 

RDO is shown in Fig. 2.  
Since the objective of image compression algorithm is minimizing rate and 

distortion calculation in the cost function as defined in eq. (5), here we compute the 

globally optimal tiling among the large set of multitree dictionary by performing 

dynamic programming technique for which the recurrence equation is given as follows: 

( )},),(min{ *
"

*
'

*
BsJJBCostJ BBB ++=  where *

BJ  is the cost of the optimal tree with root B, 

and the inner minimization is performed over all pairs of blocks (B’, B”) which partition 

B and s(B) is the splitting cost. In the searching algorithm, given a block with size 4m*4n, 

we approximate s(B) as 1+log2{ceiling(m+n)}, where the first bit is used to show that 

there is a split, and the following bits are used to indicate the split location among (m+n) 

candidate locations. The pseudocode for the search algorithm is shown in Algorithm 1. 

Once this piece of pseudocode is executed, the optimal tiling is constructed using the 

routine in Algorithm 2 which is assumed to have access to the same global data structure 

TABLE. 

The efficient search algorithm exploits the fact that although the number of possible 

trees and tilings is very large, the number of rectangular blocks is much smaller and 

manageable. Note that it is the latter that determines the complexity of the algorithm. The 

number of possible tilings and tiles for a 16 x 16 macroblock are shown in Table 1. 

Number of tiles and tilings refer to the cost and potential gain in a macroblock, 

respectively. PB-Multitree and Multitree employ the same dictionary and hence possess 

the identical number of tiles and tiling. The number of tiles in PB-Multitree is about 25 

and 5 times larger than the number of tiles in JPEG and Quadtree, respectively. However, 

the number of tilings produced by PB-Multitree is about 68,480 and 4,028 times larger 

than JPEG and Quadtree, respectively. Thus, with a modest increase in the computational 

burden, we are able to search over a much larger set of tilings. 

Table 1. Number of possible tilings and tiles  

 JPEG Quadtree Multitree PB-Multitree 

number of tilings 1 17 68480 68480 

number of tiles 4 21 100 100 

 

 

Fig. 2. Flowchart of how to estimate λ 
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A simple flowchart representing the overall algorithm is shown in Fig. 3. 
 

 

Fig. 3. Flowchart of the overall algorithm. 

 

Algorithm 1 Dynamic programming for the optimal splits  

and the corresponding costs 

 

( )←** , BB sJ optimal-split )(B { 

if  *
BJ has been computed then 

retrieve *
BJ and *

Bs  from the TABLE; 

else 

;0* =Bs                 //Initialize optimal left child *
Bs ; 

);(*
BCostJB =     //Initialize optimal cost *

BJ ; 

for ( )",' BB is a partition of B into two rectangles do 

( )←*
'

*
', BB sJ optimal-split )'(B ; 

( )←*
"

*
", BB sJ optimal-split )"(B ; 

if ( ) **
"

*
' BBB JBsJJ <++ then 

;'*
BsB =  

( );*
"

*
'

*
BsJJJ BBB ++=  

end if 

endfor 

save *
BJ and *

Bs  in the TABLE; 

endif 

return *
BJ and *

Bs } 

3. EXPERIMENTAL RESULTS 

Extensive experiments were carried out to evaluate the performance of our proposed 

method. We applied the proposed method to eight standard testing images, such as 

“Cameraman”, “Lena”, “Barbara”, “Boat”, “Goldhill”, “Baboon”, “Canaletto”, and 
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“Peppers”. In addition, the performance of our proposed method was compared against 

the following coders: JPEG2000, JPEG, Quadtree [3] and Multitree [7]. The experiments 

were implemented in Matlab R2011b running on Microsoft Windows 7,  Intel Core 2 

Quad-core CPU at 2.4 GHz with 2GB  RAM. 

 

Algorithm 2 Recursive generation of the optimal tiling 

←*
BO optimal –tiling )(B { 

retrieve *
Bs from the TABLE; 

if *
Bs is the empty set then 

};{*
BOB =   

else 

←*
BO optimal-tiling U)( *

Bs optimal-tiling );\( *
BsB  

end if 

return ;*
BO } 

 

Fig. 4 illustrates different tiling selection methods for the transformation stage.  

 

    

(a) JPEG  (b) Quadtree (c) Multitree  (d) PB-Multitree 

Fig. 4. Four tilings produced by different methods 

 

Fig. 5 and Fig. 6 show the rate-distortion curves for eight testing images. For the left 

column of the figures, the horizontal axis depicts the amount of bit rate to encode the 

image measured in bit per pixel unit and the vertical axis shows the quality of encoded 

image in terms of SSIM index. The right column of the figures shows the rate-distortion 

curves for the five schemes (JPEG2000, JPEG, Quadtree, Multitree, and PB-Multitree) 

with the bit rates displayed as percentages of the bit rate of the proposed PB-Multitree 

method. 

It can be seen from Fig. 5 and Fig. 6 that our proposed algorithms result in up to 

32%, 40%, 34%, and 19% savings in bit rate as compared to JPEG2000, JPEG, Quadtree, 

and Multitree method, respectively. The improved performance is accompanied by a 

modest increase in computation time for the encoder. The average encoding time per 

pixel, for the following five methods: JPEG2000, JPEG, Quadtree, Multitree, and PB-

Multitree, are approximately 66, 25, 44, 238, and 337 microseconds, respectively, on an 

Intel Core 2 Quad-core 2.4 GHz desktop. As shown in Table 2, in average, PB-Multitree 

occupies 1.4, 7.7, 13.3, and 5.13 times longer than Multitree, Quadtree, JPEG, and 

JPEG2000, respectively. Thus, with a modest increase in the computational burden, the 

proposed method is able to provide better image quality.  
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The proposed algorithm might not support real-time image encoding for larger 

resolution of images at this time being, however with the rapid improvement of hardware 

performance, it is foreseen that the proposed method will reach real-time encoding 

support in the near future. Besides the decoding complexity of the proposed algorithm is 

similar for all algorithms, that is, the computation times of the five decoders are similar 

and the proposed method supports real-time decoding as others do. Therefore, the 

proposed PB-Multitree algorithm could be favored for certain applications, such as 

viewing encoded images while web-surfing, that do not mind a longer encoding time but 

care more about perceptual image quality. 

In addition to qualitative measurement, visual comparison for tested images at 

similar bit rate is given in Fig. 7 and Fig. 8. For each figure, the odd rows display the 

results for all coding methods. The even rows zoom in the specific region from the 

corresponding image in the previous row for closer look. By looking closely at the 

zoomed region, our perceptual-based Multitree algorithm can better preserve the high 

frequency component of the image and has less noticeable blur and blocking artifact. For 

example of ”Cameraman” test image, the proposed method (Fig. 7(1-l)) preserves the 

clear edge of the building in the left side of the zoomed region and the detail at the top of 

the building in the right side of the zoomed region while other methods suffer from either 

blur or serious blocking artifact. Similarly for ”Lena”, the closer look at the eye region 

shows that perceptual-based Multitree in Fig. 7(2-l) is able to preserve the detailed 

structure in eyelash, circle shape of pupil and white area of eyeball while JPEG2000, 

JPEG, Quadtree and Multitree, depicted in Fig. 7(2-h)-(2-k), show blur artifact.  

 

Table 2. The average execution time for each encoding method 

 average execution time 

(microsecond/pixel) 

JPEG2000 65.628 

JPEG 25.339 

Quadtree 43.607 

Multitree 237.825 

PB-Multitree 336.886 

 

4. CONCLUSION 
We presented a novel image compression algorithm in this paper. The proposed 

framework employs the multitree dictionary which contains an extremely large set of 

tilings. In addition, a SSIM-based perceptual rate distortion optimization scheme is 

designed with the aim of selecting the best coding tiling from multitree dictionary and 

achieving the best rate-SSIM performance. Quantitative and qualitative empirical results 

confirmed that our approach resulted in promising coding efficiency while outperforming 

several popular image coding techniques. 
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(a) R-D Curves for “Cameraman” (b) Rate as % of PB-Multitree for “Cameraman” 

 
 

(c) R-D Curves for “Lena” (d) Rate as % of PB-Multitree for “Lena” 

  

(e) R-D Curves for “Barbara” (f) Rate as % of PB-Multitree for “Barbara” 

  

(g) R-D Curves for “Boat” (h) Rate as % of PB-Multitree for “Boat” 

Fig. 5. Rate distortion curves for “Cameraman”, “Lena”, “Barbara”, and “Boat” using different image coders, 

i.e., proposed perceptual based multitree (blue dash line with circle marker), JPEG2000 (red straight line with 

square marker), JPEG (black dash dotted line with circle marker), quadtree (green dash dotted line with 

diamond marker), multitree (magenta dash line with triangle marker). (a), (c), (e), and (g) are R-D curves for 

“Cameraman”, “Lena”, “Baboon”, “Canaletto”, “Goldhill”, “Peppers”, “Barbara”, and “Boat”, respectively. (b), 

(d), (f), and (h) are R-D curves for “Cameraman”, “Lena”, “Barbara”, and “Boat”, respectively, with bitrate 

displayed as percentage of perceptual-based multitree rate.  
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(a) R-D Curves for “Goldhill” (b) Rate as % of PB-Multitree for “Goldhill” 

  

(c) R-D Curves for “Baboon” (d) Rate as % of PB-Multitree for “Baboon” 

  

(e) R-D Curves for “Canaletto” (f) Rate as % of PB-Multitree for “Canaletto” 

  

(g) R-D Curves for “Peppers” (h) Rate as % of PB-Multitree for “Peppers” 

Fig. 6. Rate distortion curves for “Goldhill”, “Baboon”, “Canaletto”, and “Peppers” using different image 

coders, i.e., proposed perceptual based multitree (blue dash line with circle marker), JPEG2000 (red straight 

line with square marker), JPEG (black dash dotted line with circle marker), quadtree (green dash dotted line 

with diamond marker), multitree (magenta dash line with triangle marker). (a), (c), (e), and (g) are R-D curves 

for “Goldhill”, “Baboon”, “Canaletto”, and “Peppers”, respectively. (b), (d), (f), and (h) are R-D curves for 

“Goldhill”, “Baboon”, “Canaletto”, and “Peppers”, respectively, with bitrate displayed as percentage of 

perceptual-based multitree rate.  
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Fig. 7. Visual comparison for four test images. Let i =1,or,2,or3,or4 represents the results from “Cameraman”, 

“Lena”, “Barbara”, and “Boat”, respectively. Figure (i-a) - (i-f) display whole images of the original image and 

the encoded images of different coding methods: (i-b) JPEG2000, (i-c) JPEG, (i-d) Quadtree, (i-e) Multitree 

and (i-f) PB-Multitree. On the other hand, Figure (i-g) – (i-l) show the zoomed-in patch of the corresponding 

coded image in the previous row. The first number inside the bracket indicates bit rate for the whole images 

while the second number inside the bracket denotes quality of the whole image in SSIM index. 
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Fig. 8. Visual comparison for four test images. Let i =1,or,2,or3,or4 represents the results from “Goldhill”, 

“Baboon”, “Canaletto” and “Peppers”, respectively. Figure (i-a) - (i-f) display whole images of the original 

image and the encoded images of different coding methods: (i-b) JPEG2000, (i-c) JPEG, (i-d) Quadtree, (i-e) 

Multitree and (i-f) PB-Multitree. On the other hand, Figure (i-g) – (i-l) show the zoomed-in patch of the 

corresponding coded image in the previous row. The first number inside the bracket indicates bit rate for the 

whole images while the second number inside the bracket denotes quality of the whole image in SSIM index. 
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