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Abstract 
 

For the compression of color images, a common bitmap usually is generated to replace the 
three individual bitmaps that originate from block truncation coding (BTC) of the R, G and 
B channels. However, common bitmaps generated by some traditional schemes are not the 
best possible because they do not consider the minimized distortion of the entire color 
image. In this paper, we propose a near-optimized common bitmap scheme for BTC using 
Binary Ant Colony Optimization (BACO), producing a BACO-BTC scheme. First, the 
color image is compressed by the BTC algorithm to get three individual bitmaps, and three 
pairs of quantization values for the R, G, and B channels. Second, a near-optimized 
common bitmap is generated with minimized distortion of the entire color image based on 
the idea of BACO. Finally, the color image is reconstructed easily by the corresponding 
quantization values according to the common bitmap. The experimental results confirmed 
that reconstructed image of the proposed scheme has better visual quality and less 
computational complexity than the referenced schemes. 
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1. Introduction 

With the development of the Internet, digital images are transmitted extensively and used 
in many fields, such as multimedia systems, electronic publishing, and communications. 
However, digital images often contain a significant amount of data, which affects the 
storage and transmission of images. Thus, it is necessary to compress these images before 
they are stored and transmitted. The goal of compressing image is to remove redundancies 
in the image so it can be represented by a smaller number of bits with little, if any, 
degradation in the quality of the image. 

Generally, image compression techniques are classified into lossless compression and 
lossy compression. Huffman coding, arithmetic coding [1-2], LZW coding and run length 
coding are lossless image compression methods, and they provide excellent visual quality 
of restored image, but their performance on compression ratio is low. However, lossy 
compression methods, such as wavelet transformation coding [3], vector quantization [4], 
fractal coding [5], sub-band coding [6], and block truncation coding [7] can maintain both 
good visual quality of the restored image and a high compression ratio. 

As one of the lossy compression methods, block truncation coding (BTC) first was 
proposed by Delp and Mitchell [8]. Because of its advantages, including simplicity, fault 
tolerance, and high compression efficiency, BTC has been used extensively in the field of 
image compression and in many other fields, such as data hiding [9], image retrieval [10], 
and image sharing [11]. In this method, first, the image is divided into several 
non-overlapping blocks, and, second, the first two moment estimations are preserved for 
the purpose of selecting two levels for each block. The bit plane is generated by considering 
the mean value of the block as a threshold to divide the block into two levels. Third, the 
corresponding bit plane, the mean value of the block and the standard deviation of the block 
can be used to restore the image. Later, many schemes were proposed to improve the 
performance of this method mainly in two aspects, i.e., visual quality and bit rate. The 
absolute moment BTC [12] and adaptive BTC [13] are proposed to improve the visual 
quality of the restored image. Some other schemes, such as the prediction-based BTC 
method [14] and the pattern fitting method [15], were proposed to reduce the bit rate. 
However, these methods consider only two levels in the bit pattern. Three-level BTC 
algorithms [16-17] also have been proposed to improve the visual quality of the restored 
image. All of the proposed approaches originally were designed for gray images. 

BTC method also can be used to compress color images because each channel in the 
color image corresponds to a grayscale image. It is well-known that color images are 
composed of three channels, i.e., R, G and B. Obviously, color images contain a lot of data, 
i.e., about triple the data in grayscale images. In order to remove redundant information 
efficiently and improve the compression ratio, it is important to be able to determine a 
suitable common bitmap to replace the three bitmaps generated from the three individual 
channels. Some approaches have been proposed to generate common bitmaps. In 1992, Wu 
and Coll [18] proposed a single-bitmap BTC method, which preserved the spatial details in 
the image’s content and had low computational complexity. In this scheme, the weighted 
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plane (W-plane) must be generated by properly weighting the corresponding R, G, and B 
channels. Then the W-plane is used to quantize the R, G, and B planes, thereby achieving 
better performance regarding the mean square error (MSE). Later, Yang et al. [19] 
proposed another single-bitmap method based on the moment-preserving principle and 
BTC. In this scheme, RGB images can be compressed directly without any transformation. 
The experimental results showed that this scheme achieved a higher compression ratio and 
better quality of the reconstructed image than previous schemes. In 2002, Chang and Wu 
[20] proposed the gradual search algorithm for one single-bitmap BTC (GSBTC), which 
generates an effective common bitmap that provides acceptable quality of the recovered 
image while maintaining low complexity computation. However, the common bitmap 
generated by the above methods are not the best possible, because they do not consider the 
minimized distortion of the entire color image. In 2008, Chang et al.’s scheme used a 
genetic algorithm (GA) to produce a near-optimal common bitmap based on the human 
visual system [21]. In order to further improve the visual quality of reconstructed image, 
cat swarm optimization (CSO) was adopted in Cui et al.’s scheme to generate the 
near-optimal common bitmap [22]. Although the GA and CSO had good global search 
ability, their computations were complicated and costly. 

Based on the above analyses, in this paper, we propose a near-optimized common 
bitmap scheme based on Binary Ant Colony Optimization (BACO), which has low 
computation complexity, to produce a BACO-BTC scheme. First, we use the traditional 
BTC to compress each channel of a color image and produce three individual bitmaps and 
three pairs of quantization values. Then BACO is performed to determine a near-optimal 
common bitmap under the constraint of minimized distortion of the entire color image. The 
experimental results indicate that our method produces a recovered image with better 
visual quality and that the computational complexity is lower than that of other schemes. 

The rest of this paper is organized as follows. Section 2 reviews some related work. In 
Section 3, our scheme, named BACO-BTC, is presented in detail. Some experimental 
results are discussed in Section 4, and our conclusions are presented in Section 5.  

2. Related Work 
BTC is the backbone of our method, and we used BACO to generate a near-optimal 

common bitmap. GSBTC is a similar method that can be treated as a reference. In this 
section, these important techniques are reviewed in details. 

2.1 Block truncation coding 
Block truncation coding (BTC) was proposed for grayscale-image compression. The 

basic steps of BTC can be summarized as follows.  
Step 1. A grayscale image is divided into non-overlapping blocks with the size of m×n. 

Then the mean value u of each block is computed by using Eq. (1). 
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where xij is the pixel value located at the position (i, j) in each block. 
Step 2. The pixels of the block are classified into two sets. If xij≥u, we put the pixel into 

set H; otherwise, the pixel is placed into set L. We denoted the number of pixels in set H 
and set L as nH and nL, respectively. So the high value xH and the low value xL are defined 
as: 
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Step 3. The bitmap { | {0,1},1 ,1 }ij ijM m m i m j n= ∈ ≤ ≤ ≤ ≤  is created as follows: 
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Step 4. Finally, the bitmap M, the high value xH and the low value xL are combined 
together to reconstruct the original pixel values for each block. If the value of mij is 1, the 
value of the restored pixel at the position (i, j) would be xH. Otherwise, the value of the 
restored pixel would be xL. 

Fig. 1 shows an example of BTC encoding and decoding. A 4×4 image block is shown 
in Fig. 1(a). The mean value u of the image block is computed as 107 and the high value xH 
and the low value xL are computed as 182 and 62, respectively. The bitmap for this image 
block is generated, as shown in Fig. 1(b) and the reconstructed image block is shown in Fig. 
1(c). 

234227882
1535153110
448925276
3022095123

1000
1001
0010
0101

182626262
1826262182
626218262
6218262182

(a) (b) (c)  
Fig. 1. Example for BTC encoding and decoding, (a) an original image block, 

(b) bitmap, (c) the reconstructed image block 

2.2 Gradual search algorithm for one single bitmap BTC 
First, a color image is divided into non-overlapping blocks and each block is compressed 
by BTC, producing three bitmaps and three pairs of quantization values for the three 
channels, i.e., R, G and B. Then, the common bitmap is generated from these three bitmaps, 
as shown in Figs. 2(a), (b), and (c). If the bits in the same positions of the three bitmaps are 
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equal, we put them into the common bitmap at the corresponding positions and denote 
them as determined elements. The other bits are called non-determined elements, which are 
denoted as *, as shown in Fig. 2(d). The initial common bitmap only contains the 
determined elements, which is shown in Fig. 2(d). The non-determined elements are 
determined by the following steps [23]. 

(a) (c)(b)

(d)

0

0

0 0
1

1

1 1
0 0

0

0

1 1
1

1 1
1

1 1
1

1
1

1
0 0 0

0

 
Fig. 2. Example of the initial common bitmap, (a) Bitmap of R channel, (b) Bitmap of G channel, 

(c) Bitmap of B channel, (d) The initial common bitmap 
 

Step 1. Compute the initial mean square error (MSE) for the initial common bitmap as 
follows: 

ij ij
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and xij is the pixel value at position (i, j) of the block, cij is the element at the same 
position in the common bitmap, n0 is the number of pixels in the case of cij=0, and n1 is the 
number of pixels in the case of cij=1. 

Step 2. Pick an element from the non-determined elements as the determined element 
and compute two new MSEs by using Eq. (4) when this element is equal to 1 or 0. 
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According to the minimum new MSE, determine which value of the element should be 
selected. Then, put the corresponding value into the common bitmap as the determined 
element. 

Step 3. Repeat Step 2 until all of the non-determined elements have been determined; at 
this moment, the common bitmap is generated. 

2.3 Binary Ant Colony Optimization 
Ant Colony Optimization (ACO), proposed by Dorigo and Gambardella [24-25], is a kind 
of simulated evolutionary algorithm based on the way ants find food. Following the idea of 
ACO, the BACO algorithm performs competitively in solving the discrete-domain 
problems because of its unique space structure of random binary search. The BACO’s 
solution is represented by a binary bit string with each node selecting from two possible 
values, i.e., 0 or 1 [26]. As shown in Fig. 3, the ant colony optimization traversal of a binary 
random network [27] is designed as follows.  
 

 
 

Fig. 3. Binary ant colony network 
 

The basic steps of BACO are summarized as follows. 
Step 1. Initialize a population of ants with the same pheromones. The ant selects 0 or 1 

according to a probability related to its own pheromone: 

{0,1}

( )
, 1,2,..., , {0,1},

( )
ijk

ij
ill

t
p i n j

t
t

t
∈

= = ∈
∑

                             (6) 

Where pk 
ij  is the probability of ant k choosing j=0 or j=1 at node i, and τij(t) is the 

pheromone value of node i choosing j=0 or j=1. 
Step 2. A solution in a binary bit stream is generated after each ant has searched all nodes. 

The pheromone τij(t) is updated at the end of each solution by using Eq. (7). 

}{( 1) (1 ) ( ) , 1,2,..., , 0,1 , [0,1],ij ijt t i n jt ρ t ρ t ρ+ = − + ∆ = ∈ ∈            (7) 

where ρ is a parameter that describes the extent to which the information has evaporated. 
∆τ is the incremental pheromone. 

 Step 3. The circulation continues until the end condition is met. In this way, we can 
obtain an approximate optimum solution. 
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3. The Proposed Scheme 
In this paper, we propose a novel image compression scheme for color images based on 
BACO. The main idea of our scheme is to generate a near-optimal common bitmap to 
replace the three individual bitmaps that are generated from different channels by BTC. Fig. 
4 shows the entire flowchart of our algorithm, and the details are described below. 

 
 

 
 

Fig. 4. Flowchart of our algorithm 
 

3.1 Perform BTC on each block of a color image 
First, a color image I is divided into a series of non-overlapping blocks with the size m×n. 
Then every block can obtain three pairs of quantization values for the three channels, i.e., R, 
G and B, which are denoted as (xRH, xRL), (xGH, xGL), and (xBH, xBL) by using BTC, as is shown 
in Eq. (8). 
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where ur, ug and ub are the block’s mean values of the R, G and B channels; Rij, Gij and Bij 
are the original pixel values of these three channels, respectively; and nr, ng and nb are the 
numbers of pixels that are not less than the block’s mean value for each channel. 

3.2 Generate a near-optimal common bitmap based on BACO 
Our goal was to achieve a common bitmap for a color image with minimal distortion of the 
entire color image. BACO was used to achieve this goal.  This process is detailed as 
follows. 

Input: Original color image block BL, three pairs of quantization values, i.e., (xRH, xRL), 
(xGH, xGL), and (xBH, xBL). 

Output: Common bitmap C* for block BL. 
Step 1. Generate a random binary matrix { | {0,1},1 ,1 }ij ijC C C i m j n= ∈ ≤ ≤ ≤ ≤  as an 

initial common bitmap, and compute the initial MSE using Eq. (9). 
2 2

0 1
( ) ( ) ,

ij ij

ij L ij H
C C

MSE x x x x
= =

= − + −∑ ∑                                       (9) 

where xij=(Rij, Gij, Bij) are the original values from the three channels at the same position. 
xH and xL are the quantization values that correspond to xij from the three channels. For 
instance, if xij=Rij, then xH=xRH and xL=xRL. 

Step 2. Generate two initial pheromone matrices τij(0) and τij(1) with the same size of the 
block BL, and each component in these matrices is selected as τij(k)=0.5(k∈{0,1}) because 
each ant located in matrix C has the same probability to select path “0” or path “1” in the 
initial state. 

Step 3. Select a value of matrix C and change it into the opposite value to generate a 
temporary matrix. In this matrix, only the selected value is different from the values in the 
matrix C. Compute the corresponding newMSEij for this matrix by using Eq. (9). 

Step 4. Compute the incremental pheromone ∆τij(k)  according to Eq. (10),  
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and update the initial pheromone matrices, i.e., τij(0) and τij(1), respectively, by using Eq. 
(11). 
 

}{( ) ( ) ( ), 0,1 , [1, ], [1, ],ij ij ijk k k k i m j nτττ  = + ∆ ∈ ∈ ∈                        (11) 
 

where τij(k) represents the pheromone at position (i, j) for selecting k, k∈{0,1}. 
Step 5. Update the common bitmap according to the following rule. 
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0
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otherwise
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
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Step 6. Repeat Step 3 through Step 5 until all of the values in matrix C are dealt with. To 

this point, the near-optimal common bitmap C* for image block BL is generated. Similarly, 
all of the image blocks are dealt with in the same way. 

Considering that each position of the common bitmap has an independent effect on the 
distortion of a block, we assigned an ant for each position instead of assigning an ant to 
search all the positions in order to reduce the time required to determine the proper 
common bitmap. For a common bitmap, each position has only two choices, 0 or 1. Each 
ant is initialized to 0 or 1 randomly and an initial common bitmap is generated when all the 
ants has been initialized. Then select an ant each time and change its value to the opposite. 
The pheromone of this ant for choosing 0 or 1 is changed by computing new MSE for the 
corresponding block. By comparing the updated pheromone values of this ant, whether 
choosing 0 or 1 will be determined for this ant. When the pheromone of all the ants are 
updated, the near-optimal solution will be generated according to the updated pheromone 
matrices. Therefore, this process will not get into local optimum. 

Fig. 5 shows an example of updating a bit at position (1, 1) of a common bitmap. 
Assume that MSE=10 and newMSE11=5 for this block. Fig. 5(a) represents an initial 
common bitmap C. All of the initial pheromone values are 0.5 at each position. Fig. 5(b) is 
the pheromone matrix τij(0) after updating the pheromone value τ11(0), and Fig. 5(c) is the 
pheromone matrix τij(1) after updating the pheromone value τij(1). Because τ11(1)>τ11(0), 
the corresponding value at position (1, 1) of the common bitmap is 1, as shown in Fig. 5(d).  
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(d)(a)

(c) k=1

(b) k=0

0.6

0.7

0 1

 
Fig. 5. Example of updating common bitmap, (a) The initial matrix C, (b) The updated pheromone 

matrix with k=0, (c) The updated pheromone with k=1, (d) The updated common bitmap C* 

 

3.3 Adjust the quantization values 
In order to obtain good visual quality, it is necessary to adjust the three pairs of quantization 
values according to the generated common bitmap C*. Assume that the number of “1” in C* 
is denoted as nh. The three new pairs of quantization values are denoted as (x* 

RH , x* 
RL ), (x* 

GH , 
x* 

GL ), and (x* 
BH , x* 

BL ) for the three R, G, and B channels, respectively, as shown in Eq. (13).  
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3.4 Restore the original color image 
The restoration process is the inverse process of the compression process. The original 
color image can be restored based on the generated common bitmap and the three pairs of 
quantization values. Fig. 6 shows an example of restoring an original image block. Fig. 
6(a) is a generated common bitmap. Fig. 6(b) shows the restored image block of the R 
channel with x* 

RH=56 and x* 
RL=24. Fig. 6(c) shows the restored image block of the G channel 

with x* 
GH=195 and x* 

GL=127. And Fig. 6(d) shows the restored image block of the B channel 
with x* 

BH =136 and x* 
BL = 103. 

195195127127
195127195127
127195127195
127195195127

56562424
56245624
24562456
24565624

136136103103
136103136103
103136103136
103136136103

1100
1010
0101
0110

(a)

(b) (c) (d)
 

Fig. 6. Example of restoring an image block, (a) the common bitmap, (b) The restored image 
block of R channel, (c) The restored image block of G channel, (d) The restored image block of B 

channel 

4. Experiments and Discussions 
In this section, some experimental results are presented to prove the feasibility of the 
proposed method. The simulation environment of our experiments was a PC with a 2.1 
GHz CPU and 4 GB RAM. Fig. 7 shows the six 512×512 color test images, i.e., 
“Airplane,” “Fruits,” “Scenes,” “Peppers,” “Barbara,” and “Boat”, that were used to test 
our scheme. Three schemes, GSBTC [20], GA-BTC [21] and CSO-BTC [22], were 
implemented by using MATLAB 2012b to compare their results with those of the proposed 
scheme.  

The peak signal-to-noise ratio (PSNR) is used to measure the visual quality between the 
reconstructed color image and the original color image, and it was defined as follows: 
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MSE for the color image is shown in Eq. (15). 

 
* 2 * 2 * 2

1 1

( ) ( ) ( )1
3

w h ij ij ij ij ij ij
i j

R R G G B B
MSE

w h = =

− + − + −
=

× ∑ ∑ ,             (15) 

 
where w and h are the width and height of the original image, respectively; Rij, Gij and Bij 
are the values of the three primary colors of the original image and R* 

ij , G* 
ij  and B* 

ij  are the 
values of the reconstructed image for the R, G and B channels, respectively.  

 

 
 

Scenes Peppers  
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Babara Boat  
Fig. 7. Six 512×512 color test images 

 
 

Tables 1 and 2 contain the experimental results using different methods, with block sizes 
of 4×4 and 8×8, respectively. Table 1 shows that average PSNR value of the proposed 
method for six images is 31.11 dB, which was higher than other schemes that were used for 
comparison. This illustrates that the proposed scheme obtained better quality recovered 
images. The data in Table 2 also confirms this result. By comparing the data in Tables 1 
and 2, it was apparent that the PSNR of the proposed scheme was lower when the block size 
is 8×8. This was due to the fact that larger block sizes worsen the scale of distortion of the 
recovered pixels. However, the proposed scheme still obtained higher PSNR values than 
the other schemes, proving that our algorithm provided a more approximate common 
bitmap. 
 

Table 1. Comparison of PSNR (dB) among different methods with block size 4×4 
Images GSBTC [20] GA-BTC [21] CSO-BTC [22] BACO-BTC 

Airplane 32.34 32.32 32.45 32.47 

Fruits 32.46 32.49 32.69 32.72 

Scenes 28.45 28.47 28.50 28.52 

Peppers 31.25 31.32 31.77 31.81 

Barbara 29.66 29.64 29.68 29.71 

Boat 31.35 31.38 31.44 31.46 

Average 30.92 30.94 31.09 31.11 
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Table 2. Comparison of PSNR (dB) among different methods with block size 8×8 

Images GSBTC [20] GA-BTC [21] CSO-BTC [22] BACO-BTC 

Airplane 29.27 29.28 29.49 29.51 

Fruits 29.80 29.83 29.97 30.00 

Scenes 25.99 25.97 26.02 26.04 

Peppers 28.54 28.58 28.64 28.65 

Barbara 27.05 27.07 27.09 27.12 

Boat 27.85 27.91 28.16 28.18 

Average 28.08 28.11 28.23 28.25 
 
The structural similarity (SSIM) index is used to measuring the similarity between two 

images. The SSIM index is a decimal ranging from -1 to 1. Only when two images are 
identical, a value of 1 is reachable. It was defined as follows: 
 

                                   1 2
2 2 2 2

1 2

(2 )(2 )( , )
( )( )

µ µ
µ µ σ σ

+ +
=

+ + + +
A B

A B A B

c cov cSSIM A B
c c

                                           (16) 

 
where A is the original image; B is the reconstructed image; μA and μB are the average of the 
two images, respectively; cov is the covariance of B; σA and σB are the variance of A and B, 
respectively; c1 and c2 are two variables to stabilize the division with weak denominator 
and are set by default. 
Tables 3 and 4 show the comparison of SSIM among different methods, with block sizes of 
4×4 and 8×8, respectively. From Tables 3 and 4, it is obvious that the average SSIM values 
of our scheme are higher than other schemes, which confirms that our scheme is better. 
 

Table 3. Comparison of SSIM among different methods with block size 4×4 
Images GSBTC [20] GA-BTC [21] CSO-BTC [22] BACO-BTC 

Airplane 0.981 0.975 0.983 0.983 

Fruits 0.984 0.982 0.985 0.984 

Scenes 0.970 0.973 0.972 0.975 

Peppers 0.983 0.983 0.985 0.986 

Barbara 0.972 0.974 0.967 0.973 

Boat 0.981 0.980 0.983 0.982 

Average 0.979 0.978 0.979 0.980 
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Table 4. Comparison of SSIM among different methods with block size 8×8 
Images GSBTC [20] GA-BTC [21] CSO-BTC [22] BACO-BTC 

Airplane 0.964 0.964 0.962 0.965 

Fruits 0.958 0.957 0.958 0.961 

Scenes 0.944 0.945 0.952 0.953 

Peppers 0.967 0.964 0.962 0.967 

Barbara 0.936 0.938 0.936 0.939 

Boat 0.955 0.953 0.964 0.965 

Average 0.954 0.954 0.956 0.958 
 

Time consumption is another factor that can be used to evaluate the performance of a 
scheme. In GSBTC [20], the bits in a common bitmap are divided into two groups, i.e., 
determined elements and non-determined elements. When an element from the 
non-determined group is selected and moved into the determined group, the mean value 
changes. As a result, two new MSE values must be computed for each element in order to 
determine which value should be selected. However, in our algorithm, the predetermined 
quantization values can be used to compute MSE so that we just need compute a new MSE 
only once for each element, making our algorithm less complex than GSBTC. In GA-BTC 
[21] and CSO-BTC [22], the higher PSNR values of the recovered image are achieved than 
that in GSBTC, but the complexity of their algorithms are much higher. Table 5 shows the 
time required for different schemes with a 4×4 block. These experimental results indicated 
that our scheme took the least amount of time while its PSNR values were the highest 
among the compared schemes. Therefore, the proposed scheme is more efficient than the 
other related schemes. 
 

Table 5. Time consumption (second) of different schemes (block size 4×4) 
Images GSBTC [20] GA-BTC [21] CSO-BTC [22] BACO-BTC 

Airplane 14.60 334.56 172.43 12.09 

Fruits 14.25 323.18 173.52 12.81 

Scenes 15.93 342.23 175.92 13.37 

Peppers 14.49 335.75 172.49 12.24 

Barbara 12.85 322.87 172.86 11.99 

Boat 14.10 332.19 174.10 12.09 

Average 14.37 331.80 173.55 12.43 
 
Combining PSNR and time consumption, Fig. 8 shows six double-column figures for 

different schemes with 4×4 blocks. The blue column represents PSNR values while the 
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orange column represents the time consumption. From the below figures, it is obvious that 
our scheme achieves higher PSNR than other schemes. Meanwhile, the proposed scheme is 
efficient while keeping high PSNR values. 

 

 

 

 
Fig. 8. Six double-column figures for different schemes with 4×4 block 
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5. Conclusion 
A novel color image compression scheme based on BACO is proposed in this paper to 
compress a color image efficiently. First, the color image was compressed by traditional 
BTC to get three pairs of quantization values for each block. Then the common bitmap was 
generated to replace the original three bitmaps in order to improve the compression ratio. In 
our algorithm, BACO was used to generate a near- optimum common bitmap and the three 
pairs of quantization values were readjusted to reduce the distortion of the reconstructed 
image. The original image can be restored by using the common bitmap and the 
corresponding quantization values. The experimental results confirmed that the 
reconstructed images had better visual quality and consumed less time, which indicated 
that our scheme is efficient for obtaining an appropriate common bitmap and will be 
beneficial for the transmission and storage of color images. In the future, our method can be 
used in sharing color images and in other fields due to its efficiency and high visual quality. 
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