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Abstract—Inspired by the idea of the S-Tree Coding (STC) 
and by extending the popular Gouraud shading approach, 
in this paper, we propose a new image representation 
method using the Nonoverlapping Non-symmetry and Anti-
packing Model (NNAM) for medical images, which is called 
the NNAM method. Also, a raster-first strategy for 
searching a rectangle subpattern in the NNAM method is 
put forward. During the procedure of scanning a rectangle 
subpptern, the value of the horizontal ordinate is firstly 
increased, and then the value of the vertical ordinate is 
increased until the rectangle subpattern finally becomes a 
non-homogeneous block. By comparing our proposed 
NNAM method with the conventional STC method, the 
experimental results presented in this paper show that the 
former can significantly reduce the bit rate and the number 
of homogenous blocks than the latter whereas remaining the 
satisfactory image quality. Also, our proposed NNAM 
method for medical images, as envisaged in this paper, 
shows a very strong promise and it has good potential in 
business applications dealing with image processing, such as 
reducing storage room, increasing processing speed, and 
improving pattern match efficiency.  
 
Index Terms—medical image, image representation, 
Gouraud shading, S-Tree Coding (STC), nonoverlapping, 
Non-symmetry and Anti-packing Model (NAM) 
 

I.  INTRODUCTION 

Medical image representation plays an important role 
in various biomedical applications, such as medical 
image segmentation [1-3], medical image registration [4-
6], and medical image fusion [7-9]. An efficient image 
representation can save space and facilitate the 
manipulation of the acquired images [10-12]. Based on 
the B-Tree Triangular Coding (BTTC) method, Distasi et 
al. proposed the first Spatial Data Structure (SDS) for 
representing gray images [13]. The coding scheme was 
based on recursive decomposition of the image domain 
into right-angle triangles arranged in a binary tree. The 
BTTC method was attractive because of its fast encoding, 
O(n log n), and decoding, O(n), where n is the number of 
pixels, and because it was easy to be implemented and 

parallelized. The experimental studies indicated that 
BTTC could produce images of satisfactory quality from 
a subjective and objective point of view, and that one 
advantage of BTTC over JPEG [14] was that it had 
shorter execution time. Later, a new S-Tree Coding (STC) 
method using the S-tree data structure [15] and the 
Gouraud shading approach [16] for image representation 
was proposed in [17]. The experimental results showed 
that the STC method had a superior performance in the 
execution time, which was less than half of the execution 
time of the BTTC method, without sacrificing 
compression ratio and image quality. Lately, based on the 
STC method, an efficient image algorithm for lower order 
moment computation had been successfully developed 
[18]. However, although the representation methods of 
the SDS have many merits and applications, they put too 
much emphasis upon the symmetry of image 
segmentation. Therefore, they are not the optimal 
representation methods. Inspired by the concept of the 
packing problem, we presented a novel Non-symmetry 
and Anti-packing Model (NAM) for image representation 
in order to represent the image pattern more effectively in 
our recent work [19].  

In this paper, inspired by the idea of the STC and by 
extending the popular Gouraud shading approach, we 
propose a new image representation method using the 
Nonoverlapping NAM for medical images, which is 
called the NNAM method. Also, a raster-first strategy for 
searching a rectangle subpattern is adopted in the NNAM 
method. In our NNAM method, the encoding can be 
performed in O(n log n) time and the decoding can be 
performed in O(n) time, where n denotes the number of 
pixels in a gray image. By comparing our proposed 
NNAM method with the conventional STC method, the 
experimental results presented in this paper show that the 
former has lower bit rate and less number of homogenous 
blocks than the latter whereas remaining the satisfactory 
image quality. 

The remainder of this paper is organized as follows: In 
section II, we present the idea of both the previous STC 
method and the NAM method. In section III, we firstly 
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extend the popular Gouraud shading approach. Then, we 
propose our new image representation method using the 
NNAM for medical images. In section IV, we implement 
the proposed NNAM method and make a comparison 
with the conventional STC method. Finally, in section V, 
we conclude our work and discuss possible future work.   

II.  DESCRIPTION OF PREVIOUS STC METHOD AND NAM 

A.  Previous STC Method 
In the STC, the input gray image is partitioned into a 

set of homogeneous blocks according to the bintree 
decomposition rule. At each decomposition step, it 
partitions the subimage into two smaller subimages, each 
with equal size, in y- and x-axes by turns. When the 
partitioned subimage is nonhomogeneous, the 
decomposing step is executed until each subimage is 
homogeneous. For convenience, a homogeneous 
subimage is called a homogeneous block. The formal 
definition of a homogeneous block B is shown in Fig. 1 
where f1, f2, f3, and f4 are gray values of the four corners, 
which must be recorded in the STC. 

 
 
 

       
       
       
       
       
       
       
       

 
 

Figure 1.  Sketch of a homogeneous block B 

By using the Gouraud shading approach, i.e., the 
bilinear interpolation, which is one of the most popular 
smooth shading algorithms, the estimated gray value at 
the coordinate (x, y) in the block is calculated by  

fest(x, y)= f5+(f6- f5)×i1,                                   (1) 

where f5= f1+(f2- f1)×i2, f6= f3+(f4- f3)×i2, i1=(y- y1)/(y2- y1), 
i2=(x- x1)/(x2- x1), x1<x2, and y1<y2. 

In both the encoding phase and the decoding phase, the 
Gouraud shading approach is used to control the image 
quality under a specified error tolerance. Given a 
specified error tolerance ε , a block is called as a 
homogeneous block if the condition 
| ( , ) ( , ) |estf x y f x y ε− ≤  holds for all the pixels in the block, 
where f(x, y) is the gray value at the coordinate (x, y), 
x1≤x≤x2 and y1≤y≤y2.  

The following Fig. 2 illustrates the STC method. Fig. 2 
(a) is a Lena gray image with size 512×512. Fig. 2 (b) is a 
subimage of Lena’s left eye with size 16×16 cut from Fig. 
2 (a). According to the bintree decomposition rule, Fig. 2 

(c) denotes the partitioned homogeneous blocks of Fig. 2 
(b) under the error tolerance ε =10.  

The S-tree representation, which consists of one linear-
tree table and one color table, is used to represent the 
partitioned image corresponding to the input gray image. 
The linear-tree table records the bintree structure by 
traversing the bintree in a Breadth-First Search (BFS) 
manner. In the linear-tree table, ‘0’s are used to keep the 
relationships of these partitioned homogeneous blocks 
and ‘1’s are used to represent the partitioned 
homogeneous blocks. The color table records the related 
gray values of four corners of these homogeneous blocks 
which are denoted by ‘1’s in the linear table. Upon 
scanning the bit ‘1’ in the linear-tree table, the 
information of four corners with respect to the 
homogeneous block can thus be retrieved from the 
corresponding entry in the color table [17].  

It can be counted that Fig. 2 (c) has 20 homogeneous 
blocks. Also, it can be deduced from the constructed 
bintree structure of Fig. 2 (c) that the total length of the 
linear-tree table of Fig. 2 (c) is 39. Therefore, the Bits Per 
Pixel (BPP) of the STC method for Fig. 2 (b) can be 
calculated by the following expression: 

BPP = (39+20×4×8)/(16×16) = 2.6523, 

In addition, we can work out that the Peak Signal to 
Noise Ratio (PSNR) of the reconstructed image for Fig. 2 
(b) is 37.7507 according to the following formula:  
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where f is a given gray image of size M×M and fest is a 
reconstructed image by using STC method with a 
specified error toleranceε . 
 

         

 
(a) Lena gray image of size 512×512 

f6=f(x, y2) 

f2= f(x2, y1) f1= f(x1, y1) 

fest= f(x, y) 

f3= f(x1, y2) f4= f(x2, y2) 

f5= f(x, y1) 
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(b) A 16×16 digital subimage cut from (a) 

 

(c) Partitioned homogenous blocks of (b) (ε =10)  

Figure 2.  An example of the STC method 

B.  Idea of the NAM 
Inspired by the concept of the packing problem, a 

novel Non-symmetry and Anti-packing Model (NAM) 
was proposed in our previous work [19] in order to 
represent the pattern more effectively. The idea of the 
NAM can be described as following: Giving a packed 
pattern and N predefined subpatterns with different 
shapes, pick up these subpatterns from the packed pattern 
and then represent the packed pattern with the 
combination of these subpatterns.  

The concept of the non-symmetry means that the 
structure of anti-packing is asymmetrical. As for the 
image pattern, the Freeman encoding is asymmetrical, 

whereas the tree-based hierarchical models such as the 
bintree, the quadtree, and the octree are symmetrical. The 
reason why the non-symmetry was put forward was that 
the non-symmetry has a capability of representing a 
packed pattern with the least number of the subpatterns 
from the point of view of the anti-packing problem, 
which means that the total data amount of the NAM is the 
least. Therefore, the NAM representation has the 
capability of making a pattern achieve the best 
representation efficiency which cannot be achieved by the 
traditional SDS representation methods.  

III.  PROPOSED NNAM METHOD FOR MEDICAL IMAGES  

In this section, we firstly extend the popular Gouraud 
shading approach. Then, we propose our new image 
representation method using the NNAM for medical 
images, which is called the NNAM method. Also, a 
raster-first strategy for searching a rectangle subpattern in 
the NNAM method is put forward in this section. The 
strategy can be described as following: During the 
procedure of scanning a rectangle subpptern, the value of 
the horizontal ordinate is firstly increased, and then the 
value of the vertical ordinate is increased until the 
rectangle subpattern finally becomes a non-homogeneous 
block. 

A.  Extended Gouraud Shading Approach 
From formula (1), it can be seen that if x1=x2 or y1=y2, 

the value of i2 or i1 will be infinite. In this case, it is 
obvious that we can not obtain the estimated gray value 
fest(x, y) at the coordinate (x, y) in the block. Therefore, 
the Gouraud shading approach can deal with only 
rectangle blocks with the conditions x1<x2 and y1<y2.  

However, since the anti-packing result of the NAM [19] 

may also include some line segments or isolated points 
besides the rectangles, there is a need to extend the 
Gouraud shading approach so that it can deal with not 
only rectangle blocks, but also with line segments and 
isolated points. 

Therefore, by redefining the homogeneous block, we 
put forward an extended Gouraud shading approach so 
that the four kinds of subpatterns mentioned above can all 
utilize the shading approach.  

As stated above, as far as the types of the NAM blocks 
are concerned, they may include four kinds of subpatterns, 
i.e., rectangles, horizontal line segments, vertical line 
segments, and isolated points. For a random NAM block 
B (as shown in Fig. 1), the followings are the formal 
definitions of the four kinds of subpatterns. 

Definition 1. (Rectangle subpattern) A NAM block 
B is called as a rectangle subpattern if and only if x1<x2 
and y1<y2. 

Definition 2. (Horizontal line segment subpattern) 
A NAM block B is called as a horizontal line segment 
subpattern if and only if x1≠x2 and y1=y2.  

Definition 3. (Vertical line segment subpattern) A 
NAM block B is called as a vertical line segment 
subpattern if and only if x1=x2 and y1≠y2. 

50 50 58 56 54 47 65 67 78 85 87 88 83 100 117 121

58 58 59 56 59 58 61 63 73 78 82 81 82 87 110 117

50 50 67 58 63 63 64 61 69 77 77 81 76 91 110 118

53 53 58 58 68 65 59 60 66 62 69 73 74 84 103 116

52 52 56 59 58 58 52 61 66 60 61 71 68 72 102 117

50 50 52 56 54 53 50  55 69  63 66 67 64 72 96 121

48 48 56 63 61 51 50 55 60 63 62 62 74 74 104 123

49 49 54 55 56 49 48 52 55 60 59 62 61 72 105 124

48 48 53 49 53 57 51 53 60 67 57 59 58 74 104 130

47 47 55 53 50 55 52 51 57 61 56 55 60 71 106 128

48 48 57 52 54 54 50 57 63 51 55 58 64 70 104 129

54 54 48 47 53 53 50 55 57 61 51 55 56 64 96 120

46 46 50 50 52 49 50 51 59 55 58 54 55 68 87 119

43 43 50 47 54 47 50 49 60 53 45 55 56 64 82 112

44 44   55 51 54 47 50 51 59 51 47 51 53 53 79 109

44  44 55   66 54 47 50 51 59 51 47 51 53 53 79 109

50 50 58 56 54 47 65 67 78 85 87 88 83 100 117 121

58 58 59 56 59 58 61 63 73 78 82 81 82 87 110 117

50 50 67 58 63 63 64 61 69 77 77 81 76 91 110 118

53 53 58 58 68 65 59 60 66 62 69 73 74 84 103 116

52 52 56 59 58 58 52 61 66 60 61 71 68 72 102 117

50 50 52 56 54 53 50  55 69  63 66 67 64 72 96 121

48 48 56 63 61 51 50 55 60 63 62 62 74 74 104 123

49 49 54 55 56 49 48 52 55 60 59 62 61 72 105 124

48 48 53 49 53 57 51 53 60 67 57 59 58 74 104 130

47 47 55 53 50 55 52 51 57 61 56 55 60 71 106 128

48 48 57 52 54 54 50 57 63 51 55 58 64 70 104 129

54 54 48 47 53 53 50 55 57 61 51 55 56 64 96 120

46 46 50 50 52 49 50 51 59 55 58 54 55 68 87 119

43 43 50 47 54 47 50 49 60 53 45 55 56 64 82 112

44 44   55 51 54 47 50 51 59 51 47 51 53 53 79 109

44  44 55   66 54 47 50 51 59 51 47 51 53 53 79 109
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Definition 4. (Isolated point subpattern) A NAM 
block B is called as an isolated point subpattern if and 
only if x1=x2 and y1=y2. 

The following is a formulary description of the 
extended Gouraud approach, which shows how fest(x,y) 
can be calculated according to the type of the NAM 
blocks. It could be easily observed from the above four 
definitions that only the rectangle subpattern can utilize 
the Gouraud shading approach, and that the other three 
kinds of subpatterns can not do that. Therefore, in the 
following paragraphs, by redefining the formula (1), we 
discuss how the other three kinds of subpatterns calculate 
the fest(x,y). 

Case 1. x1≠x2 and y1=y2  
Under this case, since the value of i1 will be infinite 

according to the formula (1), it is obvious that we can not 
obtain the estimated gray value fest(x, y) at the coordinate 
(x, y) in the block. In other words, we can not utilize the 
bilinear interpolation to calculate  fest(x, y) under case 1.  

In fact, this case shows that the NAM block B is a 
horizontal line segment, and that only the linear 
interpolation is enough to compute fest(x, y). Therefore, 
under case 1, we can redefine the formula (1) as 
following: 

fest(x, y) = f1+ (f4- f1)×i2,                    (2) 

where i2=(x- x1)/(x2- x1).  
Case 2. x1=x2 and y1≠y2 
Under this case, since the value of i2 will be infinite 

according to formula (1), it is obvious that we also can 
not obtain the estimated gray value fest(x, y). In other 
words, we also can not utilize the bilinear interpolation to 
calculate  fest(x, y) under case 2.  

In fact, this case shows that the NAM block B is a 
vertical line segment, and that only the linear 
interpolation is enough to compute fest(x, y). Therefore, 
under case 2, we can redefine the formula (1) as 
following: 

fest(x, y) = f1+ (f4- f1)×i1,                    (3) 

where i1=(y- y1)/(y2- y1).  
Case 3. x1=x2 and y1=y2  
Under this case, since the values of both i1 and i2 will 

be infinite according to formula (1), it is obvious that we 
also can not obtain the estimated gray value fest(x, y). In 
other words, we also can not utilize the bilinear 
interpolation to calculate fest(x, y) under case 3.  

In fact, this case shows that the NAM block B is an 
isolated point. Neither the bilinear interpolation nor the 
linear interpolation is required under this case. Therefore, 
under case 3, we can redefine the formula (1) as 
following: 

fest(x, y) = f1.                                (4) 

B.  Our Proposed NNAM Method 
In the NNAM method, after partitioning a gray image 

into nonoverlapping NAM blocks (as shown in Fig. 3(a)), 
we use separate labels for each vertex type in another 
coding matrix R where horizontal line segments, vertical 
line segments, or isolated point can also be treated as 

rectangles. The top left vertex is labeled as “1” and the 
bottom right vertex as “2”. A third label “-1” was used in 
case of one isolated pixel. 

 
 

 

 

 

 

 

 

 

 

 

 

(a)  Partitioned homogenous blocks of Fig. 2 (b) (ε =10) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(b) Corresponding R matrix of (a) 

Figure 3.  An example of the NNAM method 

The idea of representing each vertex with a special 
symbol in the matrix R is shown in Fig. 3(b) for the 
image vertices shown in Fig. 3(a). The nonoverlapping 
NAM blocks produced in the partitioning scheme have 
the characteristic that each NAM block has its top left 
and bottom right vertices closest to each other column-
wise, if scanned in a raster scan format. The matrix R is 

50 50 58 56 54 47 65 67 78 85 87 88 83 100 117 121

58 58 59 56 59 58 61 63 73 78 82 81 82 87 110 117

50 50 67 58 63 63 64 61 69 77 77 81 76 91 110 118

53 53 58 58 68 65 59 60 66 62 69 73 74 84 103 116

52 52 56 59 58 58 52 61 66 60 61 71 68 72 102 117

50 50 52 56 54 53 50  55 69  63 66 67 64 72 96 121

48 48 56 63 61 51 50 55 60 63 62 62 74 74 104 123

49 49 54 55 56 49 48 52 55 60 59 62 61 72 105 124

48 48 53 49 53 57 51 53 60 67 57 59 58 74 104 130

47 47 55 53 50 55 52 51 57 61 56 55 60 71 106 128

48 48 57 52 54 54 50 57 63 51 55 58 64 70 104 129

54 54 48 47 53 53 50 55 57 61 51 55 56 64 96 120

46 46 50 50 52 49 50 51 59 55 58 54 55 68 87 119

43 43 50 47 54 47 50 49 60 53 45 55 56 64 82 112

44 44   55 51 54 47 50 51 59 51 47 51 53 53 79 109

44  44 55   66 54 47 50 51 59 51 47 51 53 53 79 109

1 0 1 0 0 0 1 0 1 0 0 0 0 1 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 2 0 0 0 0 0 0 0 0 0 0

0 0 1 0 0 0 0 0 0 0 0 0 2 0 0 0

0 0 0 0 0 0 0 0 1 0 0 0 1 0 0 2

0 0 0 0 0 0 0 0 0 0 0 0 2 1 0 0

0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0

0 0 0 0 0 0 0 0 1 0 0 1 0 0 0 2

0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 2 0 0 0 0 0 0 0 0 0 0

0 2 1 2 1 2 0 2 0 0 2 2 2 0 0 2
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decodable as long as the original image is partitioned into 
nonoverlapping rectangles [20]. 

It can be counted that there are 15 NAM blocks, i.e., 
10 rectangles, 2 horizontal line segments, 3 vertical line 
segments, and no isolated point exists in Fig. 3 (a). 
According to the proposed NNAM method of gray 
images in this paper, it can be worked out that under the 
error toleranceε =10 the BPP of Fig. 2 (c) is 1.4484, and 
that the PSNR of the reconstructed image for Fig. 2 (c) is 
36.9509. 

Therefore, by comparing our proposed NNAM method 
with the conventional STC method, the experimental 
results in this section show that the former over the latter 
has about 83.13%=(8/1.4483-8/2.6523)/(8/2.6523) 
memory-saving improvement ratio whereas remaining the 
satisfactory image quality. Also, the former can reduce 
the number of homogenous blocks by 25%= (20-15)/20 
than the latter.  

Our proposed NNAM method consists of the following 
encoding and decoding parts: 

Encoding part of the proposed NNAM method.  
Input: A gray image f of size M×M and a specified 

error toleranceε . 
Output: A color table P and a coordinate table Q. 
Step 1. Initialize all the values of a coding matrix R of 

size M×M with zeros and let a variable num =0.  
Step 2. Establish an unmarked start point (x1,y1) from 

the first entrance of the gray image f according to the 
raster-first strategy. 

Step 3. Let the start point (x1,y1) be an upper-left 
coordinate of the NAM block and find out the biggest 
NAM block in terms of the specified error toleranceε . 

Step 4. Mark the found NAM block in the gray image f 
and increase the variable num, which is used to number 
the found NAM blocks, by one, i.e., num =num +1. 

Step 5. Record the parameters of the found NAM 
block, i.e., the coordinate of the top left vertex (x1,y1), the 
coordinate of the bottom right vertex (x2,y2), and the gray 
values of the four corners f1, f2, f3, and f4.  

Step 6. According to the relation of the coordinates (x1, 
y1) and (x2, y2), store the found NAM block into a color 
table P in terms of three different cases described as 
follows:  

(a) If x1<x2 and y1<y2, then save the gray values of the 
four corners, say (f1, f2, f3, f4), into a color table P, i.e., 
P{num}←{(f1, f2, f3, f4)}. Label the top left vertex of the 
rectangle with the symbol “1”, and the bottom right 
vertex with the symbol “2” in the coding matrix R. 

(b) If x1=x2 and y1≠y2 (or x1≠x2 and y1=y2), then save the 
gray values of the two end points, say (f1, f4), into a color 
table P, i.e., P{num}←{(f1, f4)}. Label the top (left) 
vertex of the line segment with the symbol “1”, and the 
bottom (right) vertex with the symbol “2” in the coding 
matrix R. 

(c) If x1=x2 and y1=y2, then save the gray value of the 
isolated point, say, (f1), into a color table P, i.e., 
P{num}←{(f1)}. Label the isolated point with the symbol 
“- 1” in the coding matrix R. 

Step 7. Repeat Step 2 to Step 6 until there is no 
unmarked NAM block in the gray image f.  

Step 8. Output the color table P.  
Step 9. Encode the coordinates of all nonzero locations 

in the corresponding R matrix according to the coordinate 
encoding procedure [20] and then put the encoding result 
into a coordinate table Q.  

Decoding part of the proposed NNAM method.  
Input: A color table P and a coordinate table Q. 
Output: A reconstructed gray image fest and its PSNR. 
Step 1. Initialize an M×M gray image fest with random 

values and let a variable i=0. 
Step 2. Obtain a corresponding R matrix of size M×M 

by decoding the coordinate table Q. 
Step 3. Work out the total number of the NAM blocks, 

say num, according to the color table P.  
Step 4. Increase the variable i by one, i.e., i=i+1. 

Obtain the gray value(s) of a NAM block and judge the 
type of the NAM block according to P{i}. 

Step 5. Compute all the fest(x, y) in the obtained NAM 
block by using the formula (1), (2), (3) or (4) according to 
the judged type of the NAM block.  

Step 6. Put the decoded NAM block to a corresponding 
position in the gray image fest according to the raster-first 
strategy and the corresponding R matrix. 

 Step 7. If i<num, then go to step 4. 
 Step 8. Output the gray image fest, and compute the 

PSNR. 

C.  Time Complexity of the NNAM Method 
As far as the time complexity of the proposed NNAM 

method is concerned, the encoding requires a time 
proportional to nλ , where n is the number of pixels andλ  
expresses the average number of partitions per pixel. An 
upper bound forλ  is therefore O(log n), yielding a worst 
case time O(n log n).  

However, the time complexity of the decoding is lower 
when compared to that of the encoding. By a similar 
analysis, the decoding requires a time proportional to n, 
where n is the number of pixels. Therefore, the time 
complexity of the decoding is O(n). 

IV.  EXPERIMENTAL RESULTS 

Before presenting the experimental results, we first 
reintroduce a definition of the complexity of a gray image, 
which was proposed in our previous work [19]. The 
complexity of a gray image reflects how complex a gray 
image is. 

Definition 5. (Complexity of a gray image) The 
complexity of a gray image is defined as: C = NLQT/Nf, 
where NLQT is the total number of the nodes of the gray 
image which is represented by the method of the linear 
quadtree and Nf is the total pixels number of the gray 
image pattern. It is obvious that 0<C≤1.  

By taking four medical images of size 256×256 for 
each in the field of image processing, as shown in Fig. 4 
(a), as typical test objects, we evaluate the performance of 
the proposed NNAM method and the previous STC 
method. Our experiments are performed on the Celeron 
microprocessor with 2.4 GHz and 2 GB RAM. The 
operating system is MS-Windows XP and the program 
developing environment is VS 2010. 
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The compression efficiency of the NNAM method and 
the STC method has been assessed under different points 
of views. The results reported in this section include the 
number of homogenous blocks N, the compression 
performance in terms of BPP, and the quality 
performance in terms of PSNR. Given four values of error 
tolerances ε  = 5, 10, 15, and 20, Table I lists the 
complexity of a gray image C, N, NΔ =(N(STC)-
N(NNAM))/N(STC), BPP, CRΔ =(8/BPP(NNAM)-
8/BPP(STC))/(8/BPP(STC)) and PSNR for four images, i.e., 
‘Lung’, ‘Brain’, ‘Decho’, and ‘Broke’ presented in Fig. 4 
(a). The four images have different image complexities. 
From the values of C, we know that the image complexity 
of ‘Brain’ is relatively lower, whereas the image 
complexities of the rest are relatively higher. 

Since the bintree segmentation used in the STC 
method is symmetrical, the segmentation method suffers 
from a great confine. However, since the NNAM 
segmentation is asymmetrical, the segmentation method 
is unrestricted. The purpose of the NNAM segmentation 
is to construct subpatterns as big as possible and yield the 

least subpatterns number for a packed pattern. Therefore, 
theoretically speaking, the number of homogenous blocks 
of the NNAM is less than that of the STC. In fact, by 
comparing the BPP between the NNAM and the STC in 
Table I, we can easily notice that under the different error 
tolerances (ε =5, 10, 15, 20) the former can significantly 
improve the compression ratio by 79.94%~86.04%, 
70.22%~94.19%, 63.70%~78.35%, and 67.29%~94.52% 
than the latter as far as ‘Lung’, ‘Brain’, ‘Decho’, and 
‘Broke’ are concerned, respectively.  

The time complexity of many algorithms for image 
manipulations is proportional to the nodes number. 
Therefore, the less the nodes number is, the faster the 
algorithm for image manipulation is.  It can be seen in 
Table I that the STC provides slightly better 
reconstructed image quality than the NNAM. However, 
there is a great price to be paid in terms of manipulation 
efficiency since the nodes number of the STC is more 
than the NNAM.  

 

       
 

(a) Original images of ‘Lung’, ‘Brain’, ‘Decho’, and ‘Broke’ 
 

       
 

(b) Reconstructed images using STC method 
 

       
  

(c) Reconstructed images using NNAM method 

Figure 4.  Original images and reconstructed images by using the STC method and the NNAM method (ε =20) 
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TABLE I.   
COMPARISON OF PERFORMANCE BETWEEN NNAM AND STC 

Image C ε  BPP 
CRΔ  N 

NΔ  PSNR 
STC NNAM STC NNAM STC NNAM 

Lung 0.9989

5 5.9340 3.2938 80.16% 11438 9304 18.66% 45.6363 43.1241 
10 2.2806 1.2258 86.04% 4396 3447 21.59% 37.8555 36.5842 
15 1.0874 0.6043 79.94% 2096 1680 19.85% 34.7256 33.1383 
20 0.6116 0.3293 85.70% 1179 899 23.75% 32.3458 30.7546 

Brain 0.5957

5 4.4617 2.6211 70.22% 8600 7135 17.03% 53.3899 47.6761 
10 3.7369 1.9936 87.44% 7203 5467 24.10% 43.9287 39.8057 
15 3.0941 1.6005 93.32% 5964 4393 26.34% 39.1115 35.7376 
20 2.5660 1.3214 94.19% 4946 3625 26.71% 35.9157 32.9260 

Decho 0.9492

5 3.8152 2.3306 63.70% 7354 6370 13.38% 46.8455 44.2820 
10 2.7035 1.5760 71.54% 5211 4302 17.44% 40.5336 37.9131 
15 2.0871 1.1780 77.17% 4023 3230 19.71% 37.1929 34.3150 
20 1.7053 0.9561 78.35% 3287 2638 19.74% 34.9919 31.7137 

Broke 0.9822

5 2.4373 1.2530 94.52% 4698 3581 23.78% 43.6691 42.1036 
10 0.7258 0.3907 85.75% 1399 1105 21.02% 38.2855 36.2759 
15 0.3222 0.1778 81.21% 621 494 20.45% 35.2068 32.9814 
20 0.1842 0.1101 67.29% 355 298 16.06% 32.8642 30.4683 

 

                                                                                                                                                                                                           

We also can notice that under the same error tolerance, 
the NNAM outperforms the STC with regard to the BPP, 
and that when ε =20, one pixel of the NNAM(STC) 
method only needs 0.3293(0.6116) bits, 1.3214(2.5660) 
bits, 0.9561(1.7053) bits, and 0.1101(0.1842) bits for 
‘Lung’, ‘Brain’, ‘Decho’, and ‘Broke’, respectively, 
whereas it needs 8 bits to save one pixel in each original 
image. From Table I, it can be worked out that under the 
sameε =20 our proposed NNAM over the STC has about 
81.38% memory-saving improvement ratio in average 
with the same time complexity as the STC whereas 
maintaining the satisfactory image quality.  

Also, the NNAM can simultaneously reduce the 
number of the homogeneous blocks by 21.57% than the 
STC in average under the sameε =20. Fig. 4 (b) and (c) 
depict the reconstructed images by using the STC method 
and the NNAM method with the error tolerance ε =20, 
respectively. It can be seen that under the sameε =20, the 
PSNR of the reconstructed image based on our NNAM 
method is still higher than 30. In fact, it is very difficult 
to distinguish the difference between original images and 
reconstructed images according to the human visual 
system. Therefore, the reconstructed image quality of our 
NNAM method is satisfactory whether from a subjective 
or objective point of view.  

As stated above, by comparing our proposed NNAM 
method with the conventional STC method of gray 
images, the experimental results presented in this section 
show that the former has significantly lower bit rate and 
less number of homogenous blocks than the latter 
whereas maintaining the satisfactory image quality, and 
therefore it is a better method to represent medical images. 

V.  CONCLUSIONS 

An efficient image representation can save space and 
facilitate the manipulation of the acquired images. In this 
paper, inspired by the idea of the STC and by extending 
the popular Gouraud shading approach, we propose a new 
image representation method using the NNAM for 
medical images, which is called the NNAM method. Also, 

a raster-first strategy for searching a rectangle subpattern 
in the NNAM method is put forward. During the 
procedure of scanning a rectangle subpptern, the value of 
the horizontal ordinate is firstly increased, and then the 
value of the vertical ordinate is increased until the 
rectangle subpattern finally becomes a non-homogeneous 
block. In our NNAM method, the encoding can be 
performed in O(n log n) time and the decoding can be 
performed in O(n) time, where n denotes the number of 
pixels in a gray image. By comparing our proposed 
NNAM method with the conventional STC method, the 
experimental results presented in this paper show that the 
former can significantly reduce the bit rate and the 
number of homogenous blocks than the latter whereas 
remaining the satisfactory image quality. Also, our 
proposed NNAM method for medical images, as 
envisaged in this paper, shows a very strong promise and 
it has good potential in business applications dealing with 
image processing, such as reducing storage room, 
increasing processing speed, and improving pattern match 
efficiency. 

The implementation of the NNAM method for medical 
images is based on a single rectangle subpattern, and is 
not sophisticated, yet it yields excellent encoding and 
decoding results. It seems extremely likely that well-
devised improvements of this method could still increase 
encoding performance dramatically. For example, as far 
as the multi-subpattern or arbitrary subpattern is 
concerned, we can expect a much better result than the 
single rectangle subpattern’s. 
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