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Abstract 
A modified type of the distance transform of line patterns (DTLP) to describe 

objects in terms of segments and feature points is presented in this paper. It differs 
from the known DTLP in that propagation is initiated not only from end object points 
but also from nodes. A fast sequential algorithm based on ordered propagation to 
compute this distance transform is suggested. A compact data structure containing the 
result of propagation is given and used for feature calculation. A set of features that 
can be computed from the modified distance transform is suggested, which is useful 
for object description and recognition. 

1 

mailto:mahaniok@adonis.ias.msk.su


1 •Introduction 

The result of a thinning operation on a binary image is an image where all 
structures have one pixel width, also known as skeletons of the original shapes. The 
task of thinning a binary image has been treated in hundreds of papers during the past 
decades [7], while the problem of analyzing the resulting structures has received 
somewhat less attention. 

In order to classify objects in a thinned image, usually a decomposition of the 
skeletons to substructures (or primitives) is performed and the relations between these 
substructures are established. The object description in terms of these primitives and 
their characteristics is formed and by using the obtained description an object 
recognition is performed. Usually, the set of primitives is strongly dependent on 
objects that should be recognized and changes from one object class to another [15]. 

A possible target application for the methods presented in this paper is document 
analysis. In this case, the set of various types of objects is quite large. It includes 
printed or hand-written characters, lines, curves and special symbols. They can have 
different sizes, fonts, orientations and can be situated anywhere in the document. To 
recognize these objects it is necessary to define an appropriate feature set, applicable to 
all kinds of objects that can occur in these images. We propose object segments 
bounded by end and node points. This does not take into account all object 
peculiarities that are possible, but its coverage should be sufficient and it provides a 
uniform description of all image objects. 

To make object descriptions, many approaches are known, mainly based on feature 
(primitive) extraction techniques [6]. One powerful technique suitable for the present 
purpose is the distance transform of a line pattern (DTLP) [12,13]. Two types of 
DTLP exist, differing in the processing of node points. The DTLP allows us to extract 
branches and the trunk of the object and to make an object description in terms of these 
primitives. It has been applied to the processing of elongated objects and some types 
of textures, with good results [12,13]. 

However, the original DTLP has some drawbacks. Iin the first place, it does not 
help us to generate an object description in terms of segments. Moreover, when 
applied to objects which do not contain any end points, it does not produce any output 
at all, since these objects have no starting points for the DTLP operation. See below, 
Fig 5. 

Another drawback of DTLP as suggested by Toriwaki et.al. [13] is that the 
available algorithms are very computationally intensive when implemented on a 
sequential computer. A fairly large number of image scans is often needed, depending 
on the geometry of the image objects. In the worst case (see Figure 6) the number of 
scans can be proportional to the image size. See also section 3, below. 
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In this paper, we suggest a modified distance transform of line patterns, which 
allows: 

• Decomposition of objects to segments and the generation of object descriptions 
in terms of these segments and feature points. 

• Processing of objects with no end points. 
For sequential processing we suggest a fast algorithm to compute DTLP which is 

based on the ordered propagation described in [8, 10,14] and uses a limited amount 
of image scans. A structure of two lists containing a description of significant object 
points is generated as output, together with the DTLP itself. We propose a list of 
features that can easily be calculated using modified DTLP is suggested. 
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2,Distance transform of line patterns and its modification. 

2.1 Background 
The distance transformation (DT) is an operation that takes a binary image as its 

input and generates a grayscale image as output. We define the two domains in the 
input image as the zero distance area, S, and the processed area, P. In the operation, 
each pixel in P is assigned a value that tells the distance to the closest pixel in S. S and 
P are usually refered to as object pixels and background pixels, respectively, or vice 
versa. Many papers have been written on this subject, most notably [3,4,11]. 

A special case of the distance transform is the constrained distance transform 
(CDT), where the source image consists not only of S and P, but also of a third 
domain, O, obstacles. A distance value in a constrained distance map shows the 
distance to the closest object pixel, not along a straight line, but along a path that does 
not pass through any obstacle pixels [5, 8,9,14]. 

The distance transformation of line patterns (DTLP) is, again, a special case, this 
time of the constrained distance transform. In this case, S are the end points (and, in 
the modified version, node points) in the objects. P are the rest of the objects, while О 
are all pixels not in the line patterns. 

The similarity between CDT and DTLP is that the distances from S are measured 
not along a straight line but along a path that doesn't pass through obstacles, which in 
the DTLP means that it is measured along the line pattern. The difference between the 
constrained DT and the DTLP is that all objects in the image have 1 pixel width. 

Figures 1,2 and 3 show examples of DT, CDT and DTLP, and illustrates the three 
sets S, P and O. 
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Fig. 1. Distance transformation. (Chessboard distance.) 
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Fig 2. Constrained distance transformation. 

Pixels in the S set (zero distance areas) 

Pixels in the P set (processed areas) 

Pixels in the О set (obstacles) 

FigX Distance transform of a line pattern. (Note that in the following, we use the 
- " distance 1 in the S set rather than 0.) 

2.2 Formal definition 
Let X={xij} be a thinned binary image. The 8-neighbourhood of xij is denoted 

S(i,j)={xpi, xp8}, beginning from the east Following [12], we introduce the 
pseudo-Boolean local functions calculated on X: 

8 
A8(xy) = X xpk 

k=l 

Nc
4(xij) = А4(ху) - С8(ху) Nc

8(xij) = А8(ху) - С8(ху) 

Nc
m(xij) = Ag(xy) - B8(xij) +C8(xij) Cn(xij) = А8(ху) - В8(ху) 

where А4(ху), B8(xy) and C8(xij) are given in [12]. 
The values Nc

4, Nc
8 and Nc

m are called a Connectivity number for three types of 
connectivity (4-, 8-connectivity and mixed type of connectivity) and show the number 
of connected components met in corresponding neighbourhoods. The value Cn is 
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called a Crossing number and show the number of transitions from one to zero in 
S(i j ) when the eight elements are visited counter clockwise. In most cases, the values 
of these two numbers are equal for a given processed point. Using one of these 
numbers, the following types of points are extracted: isolated, internal, edge (or end) 
points, connectivity points, branching and crossing points. For computing DTLP and 
modified DTLP end points, branching and crossing points are particularly important. 
In the following, we use the term node for both branching and crossing points. Unlike 
Toriwaki et al. [12] we use the term feature points only for end and node points. 

We will also need the concept of local maxima in a DTLP. Its definition follows 
below: 

Definition: Local maxima points in a line pattern are points on a distance map of a 
line pattern where the distance value is not less than the values of its neighbours in 
S(i,j). 

Definition: The DTLP is defined by iterative local parallel operators L[k] as given 
below [12]: 

Xk = {хук} =L[k-l](Xk-l), k=l,2,3,... 

4 j i = 
xij^1 + 1, if xy*-1 = к and the condition A is not satisfied, 

xijk-!, otherwise. 

X(0) = X 

Condition A is given in terms of pseudo-Boolean local functions calculated on two 
binary images Yk = {yijk} and Y'k = {y'ijk} defined as follows: 

1 ; УЦ 

y'yk = 

1, if Xijk > k+1 

otherwise 

1, if Xijk > k+1 or xijk = 0 

0, if 0 < xijk < k+1 

The condition A for two known types of DTLP is given in [12]. We suggest to 
modify this condition and give it as follows: 

A: {Nc(yi j
k-1)*2} 

where Nc is the Connectivity number for one of the connectivity types. Another 
option is to use As (the number of object pixels in the neighbourhood) or the crossing 
number Cn, which give the same result in most cases for thinned images. 
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2.3 Informal definition 
The original distance transform of line patterns is the transformation of a binary 

image to gray-scale by which the value of each object pixel in an input image is 
changed into the distance measured along a line pattern from that pixel to a suitable 
chosen end point Depending on to which end point (closest or farthest) the distance is 
measured, two types of DTLP are distinguished: 

DTLPI - when distance is measured from the farthest end point 
DTLPII - when distance is measured from the closest end point. 
We suggest the introduction of node points to measure distance not only from end 

points but also from the nodes. It means that modified DTLP is the transformation of a 
binary image to gray-scale by which the value of each object pixel is changed into the 
distance measured along a line pattern from this pixel to a closest end or node point. 
The MDILP allows to extract object segments, derive their parameters and give object 
descriptions in terms of segments, feature points and their characteristics. 

Examples of the two first types of DTLP as well as the modified DTLP are shown 
in Figures 4 and 5. 

Fig. 4. DTLP Type I and II, respectively. Note that the shape with no end points is 
not processed. 

Fig 5. Modified DTLP. 

Obviously, the MDTLP can still not handle objects that contain neither end points 
nor node points. For this case, we need a special algorithm supplement. See section 4, 
below. 
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3, Sequential algorithms for computing MDTLP. 

When computing DTs on an ordinary, single processor computer, sequential 
algorithms are often much faster than parallel ones. The derivation of parallel 
algorithms is straight-forward from definition of DT, while the derivation of sequential 
algorithms is less straight-forward. 

For a sequential DT algorithm, two image inspections are enough (3 or 4 for 
Euclidean DT). The constrained case, and thereby also the line pattern case, is more 
complicated. Toriwaki et. al. considered only parallel algorithms for the DTLP 
(though they suggested sequential algorithms for other kinds of DT). However, the 
algorithm suggested by Dorst and Verbeek [5] can be applied for DTLP. In this 
algorithm, the image is scanned twice per iteration, and we iterate until no changes 
occur between two iterations. The number of iterations can be very large in some 
cases. In the worst case, shown in Fig. 6, the number of scans is proportional to the 
size of the image, so if the number of pixels in the image is in 0(n2) (e.g. side n), the 
number of scans is also in 0(n2), resulting in a total computational complexity in 
0(n4). 

Fig. 6. The worst ease for certain recursive (raster scanning) propagation algorithms. 

Here, we suggest three sequential algorithms to compute MDTLP. At first, a basic 
MDTLP algorithm is suggested which produces a distance map for line patterns as 
output and uses a number of image inspections that is data dependent 

Then, for fast computing MDTLP, we suggest a new algorithm based on an 
ordered propagation method, which stores pointers to the current propagation front in 
a special list (Contour List). This technique for computing DT is described in [8, 10, 
14]. The algorithm require only one full image scan, for initializing the list, plus local 
operations. This makes it very fast, fast enough to compete well even with a parallel 
algorithm running on a parallel architecture. 

Finally, we give a fast algorithm to compute MDTLP, also based on the ordered 
propagation which produces two Lists containing all information needed for feature 
calculation. 

We assume that the input is a binary image where the background has the value 0 
and the objects the value 1. 
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Basic sequential MDTLP algorithm 
If all we want is the modified DTLP, the following algorithm can be used [2]. 
Step 1. Initialization. 

{N , if Nc(xij) = 2 and хц = 1 

1 , if {Nc(xij) < 1} U {Nc(xij) > 2} and xy = 1 

0 , if xij = 0 

where N is a sufficiently large number 

Step 2. Iteration. 
Calculate a sequence of images X(k) according the following rule: 

xyk = min (min {xpqk + 1}, xy^1) 
(p,q) Sm(i,j) 

where Sm(i j) are shown in Fig.7. 

Stopping rule. If X(k-l) = X(k) then the iteration terminates. 

In the result a distance map for line patterns is obtained. 

ж 

Fig. 7. Neighbourhoods used for the basic MDTLP algorithm. 

By using four scans rather than two, as was suggested in the constrained DT above 
[5], we: will get another worst case that is less likely to occur, so the performance 
degradation in hard images will not be as noticeable. 

Basic ordered propagation MDTLP algorithm 
In this section we describe an alternative to the previous algorithm, that doesn't 

have the problem with long computation times for certain shapes. We use the list 
PFList (Propagation Front List), where every entry holds a pointer to a pixel, to all 
pixels in the current propagation front. In the following pseudo code, the pixel 
pointers are denoted p and n, while the pixel values are denoted рл and пл. 
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The first scan detects feature pixels and store them in PFList, while assigning the 
value N (a sufficiently high value) to all other object pixels. 

hi the main algorithm, we process each entry in PFList, and for each neighbour that 
has a value bigger than the value of the center pixel plus 1, the value of the neighbour 
is updated and a pointer to it is put in the end of PFList. This means that the new entry 
will be processed last of all entries that are currently in the list. See Fig. 8. 

PFList 

Fig. 8. Partially completed MDTLP, after the first iteration. PFList holds pointers to 
the propagation fronts. 

Initialize: 
for all pixels p do 

if рл<>0 then 
: - if Feature_Pixel(p) then 

begin 
рл:=1 
Add_To_List(p, PFList) 
end 

else 
pA:=N 

Main algorithm; 
while PFList is not empty do 

for all pixels p in PFList do 
for all neighbours n do 

if пл>рл+1 then 
begin 
nA:=pA+1 
Add_ToJJst(n, PFList) 
Remove_From_List(p, PFList) 
end 

As written, this algorithm only produces the distance map as output (a grayscale 
image), while deleting the PFList. We may, however, modify this algorithm to get 
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some extra information immediately. It is fairly easy to modify it to output a list with 
the locations of all local maxima. 

MDTLP with relation lists as output 
The previous algorithm generated only the MDTLP (and, optionally, the local 

maxima). However, this is generally not the most interesting output. We would be 
better off if the algorithm could provide us with not only the MDTLP and local 
maxima, but also the relations between the nodes and local maxima, a description of 
the structures. This can be done by modifying the basic MDTLP as follows. 

What we need is a mechanism to detect when two propagation processes meet (a 
collision), and to find the feature pixels where these two propagation processes 
originated. This generally occurs in the middle of a branch, so only two propagation 
processes can meet in one point. (This is not true in some cases in the first iteration. 
See section 4. Fig 13.) 

Detecting the collision is easy. When a pixel p is processed, and it finds a 
neighbour n that holds a value пл that is equal to рл or рл+1. See Fig 9. This indicates 
that it has met another propagation. 

Init: 

k=i 

k=2 

1 N N T | 

1 |2 N 1 

1 2 2 1 1 

I 2 | 2 | 1 

n 1 n [ n 

1 I2 In N 1 

1 12 IN 2 1 
^ 

1 12 13 2 1 

и 2 13 2 1 
Collision 
detected! 

Collision 
detected! 

Fig. 9. A collision is detected when a propagation can not continue. Two cases are 
illustrated, with even and odd branch length. 

The next question is how to find the two originating pixels. The first step towards 
this goal is to include a pointer or reference to the originating pixel in the lists. Even 
then, we must find the two list entries that have met. A simple, but inefficient, method 
would be to search the entire lists к and k+1 for a pointer that matches the point where 
the collision was detected. 

We propose a mechanism where the collision is signalled to the other propagation 
by setting пл to negative (see Fig. 10), and storing a reference to p in some special 
list, which can preferably be a hash table, using the pixel position to generate a 
hashing index. 
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Fig 10. We negate the distance value to send a message to the other propagation, 
asking it to look for the current propagation in the hash table. 

Later, the other propagation process will be processed, when its pointer q is fetched 
from the PFList. Then we find that qA is negative, which means that a collision has 
already been detected. The pixel position of q is used to create a hashing index, which 
is used to find p in the hash table with standard hashing technique. With both p and q 
known, we can record this relation as a branch between the two originating pixels. We 
also set the negated pixel to positive again and remove p from the hashing table. 

To store the extracted information, we use the following list structures: 

List 1. List of starting (featured pixels. Each entry consists of the following fields: 
x,y: Location of the feature pixel. 
Ы...Ь8; Pointers or indexes to local maxima in List 2. Usually, only 1 to 4 of these pointers 
are used. Unused pointers are set to a null pointer. 

The need for the location of the feature pixel is obvious. The pointers to local 
maxima gives all connections from any feature pixel to other feature pixels via the local 
maxima. The number of pointers also tells us whether a feature pixel is an end point or 
a node point 

PFList. List of the propagation front: 
x,y: Location of the propagation front (next pixel to process). 
p1: Pointer or index to the originating pixel in List 1. 

The PFList is used temporarily, for representing the propagation front, just like in 
the simple algorithm described above. Entries in the hash table holds the same 
information as entries in the PFList. Essentially, when a collision is detected, the 
corresponding entry is removed from PFList and moved to the hash table. 

Lists, List of local maxima; 
x, y: Location of the local maximum. 
p1, p2: Pointers or indexes to starting and end point in List 1. 
L: Length of the segment. 

12 



The list of local maxima can just as well be viewed as a list of the segments. The 
location x,y is the middle point of each segment. The pointers give the two nodes that 
are connected by the segment. These pointers are used together with the pointers of 
List 1 to traverse the line patterns. The length of the segment is the sum of the value in 
the local maximum and the maximum of its neighbours. It is needed for computing 
certain features of objects or the image. 

An example of the suggested lists is given in Fig. 11. 

List 1 (Starting pixels) List 2 (Local maxima) 

X 7 bl b2 b3 b4 b8 X у P 1 p2 L 
1 3 1 1 1 2 2 1 2 4 
2 3 4 1 2 3 2 3 4 2 3 3 
3 1 6 2 3 1 6 2 4 4 
4 6 6 3 

m 
2 I2 

1 

1 2 
2 
2 

1 
- X 

Fig 11. Example of the output of MDTLP. List 1 and List 2 for a simple example 
image. 

Pseudo code for the algorithm follows below. This algorithm works for all cases 
but some special cases. These special cases, and how to process them, are described 
in the next section. 

Initialization: Same as above, with the exception that the feature pixels are collected 
to List 1 rather than the PFList 

Main algorithm: 
begin {main algorithm} 
for all pixels p in Listl do 

Process_Pixel(p) 
while PFList is not empty do 

begin 

get the first pixel p from PFList 
Process_Pixel(p) 
Remove_FromJJst(p, PFList) 
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end 
end {main algorithm} 

procedure Process_Pixel(p) 
begin 
if рл< 0 then 

begin 
Find_Match(p) { subroutine that finds a corresponding list entry} 
pA:=|pA| 
end 

else 
for all neighbours n do 

if пл>рА+1 then 
begin 
пл:=рл+1 
Add_To_List(p, PFList) 
end 

else 
if пл=рл or nA= рл+1 then 

begin 

Store_Wanted_Match{n, p) 
{This means that p wants to find a match, so the pointer to the pixel n is stored, together} 
{with some reference to p, so we can find p's originating feature pixel} 

end 
end 

Subroutines: 

Find_Match(p) 
p is an entry in List K. 
Create a hash table index from p, and use it for finding a matching item h in the 

hash table. 
Remove h from the hash table. 
Create a new entry in List 2, with the pointers to List 1 provided by p and h. 

Store_WaiitedJVlatch(p) 
p is an entry in List K. 
Create a hash table index from p, and create a new entry using that index. Store p in 

the hash table. 

Feature_Pixel(p) 
Returns true if p is a feature pixel. 
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Add_To_List(p, list), Remove_From_List(p, list) 
Fundamental list operations. AddToList adds in the end of the list. 

So, the suggested algorithm uses one image inspection to extract feature points and 
then the local operations to compute the distance transform and establish the relations 
between feature points. As output it produces two Lists with information about feature 
points, local maxima, their relations and segment lengths. 
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4, Algorithm supplements for special cases 

Processing of O-objects 
The algorithm described above allows the processing of objects containing at least 

one end or node point. However, there will sometimes be objects without any end or 
node point at all. Such an object must be a single closed loop. We will call such 
objects O-objects. 

To be able to cope with O-objects, the algorithm has to make one more image 
inspection. After the main processing, all object pixels have received a distance value 
except pixels in O-objects. In the second image inspection, we scan the image to find 
unprocessed pixels. When we find an unprocessed pixel, we choose that pixel as 
feature point, and propagate over that object with the same method as described 
before. Note that we only have to search every third line in the image, since no 0-
object can be smaller than 3 pixels high. See Fig. 12. 

Fig. 12. The smallest possible 0-object. 

Multi-pixel nodes 
Another problem for processing thinned images is cases where the thinning can not 

be fully completed to 1 pixel width, like for the objects in Fig 13. Calculation of 
Connectivity and Crossing numbers for central point (xy) result in zero for all types of 
connectivity. It means that this point will not be extracted as feature point using any of 
these criteria. To make matters worse, consider its neighbours (for example xp5 and 
Xpg). The number values for these points are given in Table 1. 

Fig. 13. A configuration that can't be thinned to 1 pixel width. 
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Table 1. Crossing and Connectivity numbers, and the number of neighbours for some 
pixels in Fig. 13. 

Cn Nc8 Nc4 N c
m Ag 

Xij 0 0 0 0 8 
xp5 2 0 2 4 6 
xp§ 2 -1 1 3 6 

As we can see, only Connectivity number computed with mixed type of 
connectivity allows the extraction of these points as nodes. However, the number of 
neighbours, As, works well. 

Moreover, the algorithm above can not handle this situation as it is written, since 
they cause several collisions in one pixel, which our collision detection scheme can not 
handle. The first propagation step must take this kind of problems into account. We 
can get correct results in these cases by using a modified procedure for the first 
iteration, replacing the first call to the procedure ProcessJPixel in the pseudo code. 

We divide the 8-neighbourhood in two parts, as shown in Fig 14, and denote them 
Si and S2. Si holds the neighbours in the forward direction (in the scanning order of 
the initialization). That means that if they are feature pixels, they are placed later in List 
1 than the center pixel. S2 holds the neighbours in the backwards direction. When 
processing a feature pixel, we handle the neighbours differently depending on what 
part they are in. 

Fig. 14. The 8-neighbourhood is divided in a forward part and a backwards part. 

When inspecting a neighbour, the following different cases are possible: 
1. Background pixel, value 0. No action. 
2. An unprocessed object pixel, with value N. We proceed as usual, assigning it 

the distance value 2 and create an entry in PFList 
3. An object pixel with value 2 (that is, one that has already occurred in case 2). We 

negate it and put a pointer in the hash table. This only occurs for segments that are 3 
pixels long. 

4. A feature pixel in S1. We know that that pixel will be processed later. A pointer 
to the entry in List 1 corresponding to the center pixel is put in the hash table. 
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5. A feature pixel in S2. That pixel has already been processed, so we know there 
must be an entry in the hash table pointing to its entry in List 1. The resulting segment 
will have length 2. 

When all pixels in List 1 are processed, we purge all pointers to feature pixels from 
the hash table. The only pointers that will remain are pointers created by finding pixels 
with value 2. 

The result is that a problematic case like the one in Fig. 13 is now handled 
properly, resulting in the connections shown in Fig 15. Note that this is before any 
post-processing, where we may trim down this dense net of connections to a single 
node. 

adjacent pixels properly. 
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5.Using MDTLP for object extraction and modification 

In this section, we show how the result of MDTLP can be used for solving some 
typical binary image analysis tasks. 

Object extraction 
In the following, we consider one object in the image to be equivalent to one 

connected component. 
The MDTLP generates a description of the entire image, but we will often need a 

separate description for each object in the image. Fortunately, the task of extracting 
connected components from List 1 and List 2 is rather simple. It can be done with the 
following algorithm. First, we must add one field to List 2. This field is the object 
label 

We inspect all entries in List 2. When we find an unlabelled entry, we label it Then 
we recursively search all neighbour segments by following the pi and p2 
indexes/pointers, and back to List 2 using the bl...b8 indexes/pointers, labelling all 
unlabelled entries. 

This can be expressed in pseudo code as follows: 

L := 1 {object label} 
for all segments S in List 2 do 

if S.label = 0 then {S has no label} 
S.label := L 
Recursive_Labelltng(S, L) 

r L := L +1 

subroutine RecursiveJ_abeHing(S, L) 
for i := 1 to S.p1\n {All b fields in starting node} 

if S.p1A.biMabel = 0 then 
S.label := L 
Recursive_LabeHing(S, L) 

for i := 1 to S.p2A.n {All b fields in end node} 
if S.p2A.bi\label = 0 then 

S.label := L 
RecursiveJ_abelling(S, L) 

The same kind of recursion can be used, given one node or segment in the image, 
to find all the segments in that object. 

Object defect reduction 
The object representation in terms of segments allows efficient solutions to 

problems like object defect extraction and reduction. After preprocessing and thinning 
some objects defects usually exist, that influence the result of object recognition. Some 
common types of defects on document images include: short branches, short opened 
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or closed segments, short loops [1]. They are characterised by their length (not 
exceeding a parameter given a priori) and type. 

Since the MDTLP gives an object description in terms of segments, finding and 
reducing all segments with length less than given threshold is a rather simple task. It is 
performed by analyzing List 2 and modifying two Lists, adding and deleting points 
and segments as appropriate. This will sometimes require that we once more process 
some parts of the line patterns, if we need the correct locations of the local maxima. 

An example is shown in Fig. 16. 
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6.Features computed by MDTLP 

MDTLP provides a lot of information (features) of line pattern images in a 
compact format. In this section, we give a list of features that can be computed using 
the two Lists extracted by the MDTLP. Many features can be calculated either for the 
entire image or for each connected component, as desired. As suggested in the 
previous section, we must add a label to List 2 (the list of segments) for associating 
each segment with each connected component. 

1. The number of segments. The number of local maxima points is equal to 
number of segments. Hence, this value is the length List 2. 

2. A length of any segment. This information is stored in List 2 (column L). 
3. Total length of all segments of one object or entire image. This is the sum of 

the lengths L stored in List 2. 
4. Average segment length of one object or entire image. It is computed as the 

average of column L. 
5. Maximal and minimal segment length of one object or the entire image. Again, 

we get it from column L. 
6. The number of feature and local maxima points. For the entire image, this is 

the lengths of List 1 and List 2, respectively. 
7. The connections between segments, feature points and local maxima points. 

Information about connections of feature and local maxima points is stored in the 
Lists. 

8. - Position of feature points and local maxima points. This is immediately 
available in the Lists. 

9. Position of segments and objects. In the two lists, we have three points given 
for each segment, the starting point, end point and local maximum. For simplicity, we 
can consider the position of a segment to be the same as the position of these points, 
and the position of an object to be defined as the position of segments. Then this 
information is available from List 1. Otherwise, the position of each segment must be 
computed taken into account all intermediate segment points. 

10. Distance between feature points and local maxima points. It is computed from 
two first columns of the Lists. 

11. Ratio between two any segment lengths. Column L. 
12. Ratio between two any object lengths. It is computed like previously only by 

using object length. (Feature 5, above.) 
13. Distribution of the number of segments with respect to objects. It is computed 

by using connections between segments. 
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Obviously, we can get a lot of information directly from the lists. It is questionable 
whether we have any use for the DTLP itself, once these lists are generated. In many 
cases, the DTLP is rather a tool to generate the lists than a part of the output 

With the modified DTLP, it is possible to obtain a concatenation description of 
objects that is similar to DTLPII. The difference is that the concatenation description of 
DTLPII often contains a double description of one branch. Note that in some cases the 
hierarchical description of DTLPI is more convenient for object understanding. 

If we compare the Lists of features obtained by different types of DTLP [12], we 
find that the advantage of DTLPI is that it can extract an object trunk, which can be 
useful in some applications. The other extracted features are largely the same, taking 
into account different notions used in DTLP (i.e. branches in DTLPI and П versus 
segments in MDTLP). 
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7.Results and discussion 

The three main new points that have been suggested in this paper are: 
LThe modified type of distance transform of line patterns (MDTLP). 
2.The sequential algorithm for computing the MDTLP and the structure of two 

Lists that are used for feature calculation. 
3.The features for object and image description. 

The modified DTLP 
In contrast to the original DTLP type I and П, the modified type of DTLP allows: 
• the processing of line patterns not containing end points, i.e. closed patterns; 
• the generation of a detailed description of objects in terms of the segments, feature 

points and their characteristics; 
• the computation of a set of new features for object and image description; 
• fast reduction of object defects. 

The sequential algorithm for computing the MDTLP 
The suggested algorithm for computing DTLP scans the entire source image only 

twice, to find feature points and to find O-objects (objects consisting of only one 
closed loop). All other computations are local, done only for segment pixels. Since 
segments are typically a rather small part of the image, we can consider this to be a 
two-pass algorithm. This should be compared to the data dependent (often very big) 
amount of image inspections in sequential algorithms for computing DTLP. 

An alternative to the ordered propagation approach would be to recursively track the 
skeleton. If we do not need the grayscale MDTLP image, such an algorithm would 
probably be as fast as the algorithm suggested above, and produce the same output. 

As a part of its output, this algorithm produces two Lists that also demand some 
limited amount of memory. 

The features for object description 
A set of features is suggested, that are easily computed from the two Lists. They 

give us a uniform description of all objects in terms of segments and their 
characteristics. This can be used for structural and semantical pattern recognition. 

Computer generated example 
Fig. 17 shows an image with two objects and the computer generated MDTLP 

distance map. Note that one of the objects have no end points. The other shape 
includes one difficult case, where several feature points are located adjacent to each 
other. Fig. 18 shows a screen shot with the lists created by the algorithm. The 
coordinates are given with origin in the upper left comer of the image. 
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Fig. 17. Computer generated MDTLP of an example image. 

LIST 1: LIST 2: 
1:<13,2) 14 1:<11,19) 9-8 121 
2:<22,2) 13 2:<12,19) 10-9 [2] 
3:<6,5) 7, 16, 17 3:<11,19) 10-8 12] 

-4:<4,6) 7, 16, 17 4:<12,19) 11-9 C21 
5:<16,11> 8,13, 14 5:<11,19) 11-8 121 
6:<16,13) 8, 11, 15 6:<11,20> 11-10 [23 
7:<6,16) 12 7:<5,6) 3-4 [31 
8: < 11, 19) 1,3,5,12 8:<16,12) 5-6 131 
9: < 12, 19) 1,2,4,11 9:<10,22) 10-13 [5] 
10:<11,20) 2,3,6,9 10:<15,23) 14-11 [6] 
11:<12,20) 4,5,6,10 11:<13,16) 6-9 [7] 
12:<22,22) 15 12:<9,16) 7-8 [71 
13:<8,23) 9 13:<19,7) 5-2 C10] 
14:<17,23) 10 14:<15,7) 5-1 [103 

15:<21,18) 12-6 [10] 
16:<3,1) 3-4 [111 
17:<6,12) 3-4 [17] 

Fig 18. The two lists generated by the MDTLP for Fig. 17. 

Possible applications for MDTLP 
We already showed that MDTLP can be used to effectively solve the task of object 

(connected component) extraction and the task of object defect reduction. 
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Another applied task for MDTLP is the separation of text from graphics. Based on 
the object extraction algorithm, all symbols with given geometrical parameters can 
easily be extracted from thinned document images. 

MDTLP can also be used for binary texture analysis. MDTLP allows us to separate 
images with the following texture types: line, point and net texture. It is based on the 
following features: quantity, position of feature points, distance between them and 
lengths of segments. 
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8.Conclusion 

We have presented a modified type of distance transform of line patterns and a fast 
algorithm for computing it in sequential mode. As we have shown, this type of DTLP 
allows the description of objects in terms of segments bounded by feature points and 
their characteristics. We get a large data reduction, with a compact shape 
representation as output 

Unlike earlier DTLP algorithms, it allows the processing of objects which do not 
contain end points. We have also discussed some special cases, like the case when the 
image contains closed objects with no feature points. 

The algorithm for computing MDTLP has been suggested which is based on 
ordered propagation. It is computed after single image inspection (for detecting 
feature points) followed by local operations. Thus, the algorithm runs in a short time, 
since it only needs to process a small part of image as soon as the initial, very fast scan 
is completed. 
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