
1604 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 9, NO. 9, SEPTEMBER 2000

Context-Based Multiscale Classification of Document
Images Using Wavelet Coefficient Distributions
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Abstract—In this paper, an algorithm is developed for
segmenting document images into four classes: background,
photograph, text, and graph. Features used for classification are
based on the distribution patterns of wavelet coefficients in high
frequency bands. Two important attributes of the algorithm are
its multiscale nature—it classifies an image at different resolutions
adaptively, enabling accurate classification at class boundaries
as well as fast classification overall—and its use of accumulated
context information for improving classification accuracy.

Index Terms—Context-dependent classification, document
image segmentation, goodness of match, multiscale classification,
text and photograph segmentation, wavelet transform.

I. INTRODUCTION

T HE IMAGE classification problem considered in this
paper is the segmentation of an image into four classes:

background, photograph, text, and graph.Photographrefers
to continuous-tone images, such as scanned pictures.Text is
interpreted in the narrow sense of ordinary bi-level text.Graph
includes artificial graphs and overlays that are produced by
computer drawing tools.Backgroundrefers to smooth blank
regions. This type of classification is useful in a printing process
for separately rendering different local image types. It is also a
tool for efficient extraction of data from image databases [24].

Previous work on gray-scale document image segmentation
includes Chaddhaet al. [2], Williams and Alder [27], and Perl-
mutteret al. [14], [13]. Thresholding is used to distinguish text
and nontext for video images in [2]. In [27], a modified quadratic
neural network [11] is applied to segment newspaper images
into photograph and nonphotograph. In [13] and [14], the Bayes
VQ algorithm is applied. Another type of document image clas-
sification studied more often is the segmentation of half-tone
(binary) document images [5], [6], [7], [12], [17], [18], [23],
[25]. For binary images, run-length statistics, e.g., the average
horizontal run-length of black dots, are important for distin-
guishing text and photograph [5], [18], [28].

A critical part of a classifier is the extraction of good fea-
tures for classification. In our algorithm, features are formed
by wavelet transforms [10], [16], which have played an impor-
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tant role in categorizing textures [9], [21] and detecting abnor-
malities in medical images [4], [26]. The principal approach of
wavelet-based classification is to form features by statistics of
wavelet coefficients, among which moments are the most com-
monly used [4], [9], [21], [26]. In this paper, however, direct
attention is paid to the sample distribution or histogram pattern
of wavelet coefficients. Features are defined according to the
shape of a histogram.

Another important issue in classification is the extent to
which a classifier should be localized to decide the class of
an area. In general, if an image region is of a pure class, the
larger the region is, the easier it is to identify the class. It is
usually difficult, even for human beings, to classify a small
region without context. Indeed, it may be impossible to judge
correctly a small region’s class without context because the
same region may appear in areas with different classes. On the
other hand, classification performed on large blocks is crude
since a large block often contains multiple classes.

To overcome the conflict of over-localization and crude clas-
sification, a multiscale architecture is proposed. The multiscale
classifier begins with large blocks and no context and, if nec-
essary, then moves to smaller blocks using context extracted
from larger blocks. Initially, only blocks with extreme features
are classified. The failure to provide distinguished features by
an unclassified block is likely to result from mixed classes in
the block. The classifier, therefore, increases its scale or reso-
lution, i.e., subdivides unclassified blocks for further classifica-
tion. Context information obtained from the classification at the
first scale is used to compensate for the smaller block size at the
higher scale.

To sum up, the classifier proceeds from low scales to high
scales with context information being accumulated. Since more
context information is available when the classifier examines
smaller blocks, the conflict of over-localization and crude clas-
sification is avoided to a certain extent. The idea of classifying
across several scales has been applied in previous work [8],
[20], but our viewpoint is quite different. A typical way to ben-
efit from multiscale analysis is to extract features across sev-
eral scales so that the properties of an image block at multiple
resolutions can be used for classification. In our algorithm, the
multiscale structure is applied to efficiently build context infor-
mation, which incorporates both the properties across multiple
resolutions and the properties of surrounding areas into classifi-
cation. The number of scales used is naturally adaptive so as to
avoid unnecessary computation due to multiscale analysis.

In Section II, classification features are defined. The algo-
rithm is described in Section III. In Section IV, results are pre-
sented. Conclusions are drawn in Section V.

1057–7149/00$10.00 © 2000 IEEE



LI AND GRAY: CONTEXT-BASED MULTISCALE CLASSIFICATION OF DOCUMENT IMAGES 1605

Fig. 1. Decomposition of an image into four frequency bands by wavelet
transforms.

II. CLASSIFICATION FEATURES

A. Distribution of Wavelet Coefficients in High Frequency
Bands

It has been observed based on many document images that
for photographs, wavelet coefficients in high frequency bands,
i.e., LH, HL, and HH bands [22] as shown in Fig. 1, tend to
follow Laplacian distributions. Although this approximation is
controversial in some applications, it will be seen to work quite
well as a means of distinguishing continuous-tone images from
graph and text by means of the goodness of fit. To visualize
the different distribution patterns of the three image types, the
histograms of Haar wavelet coefficients in the LH band for one
photograph image, one graph image, and one text image are
plotted in Fig. 2.

In addition to the goodness of fit to Laplacian distributions,
another important difference to note in Fig. 2 is the continuity of
the observed distributions. The histograms of the graph image
and the text image suggest that the coefficients are highly con-
centrated on a few discrete values, but the histogram of the pho-
tograph image shows much better continuity of distribution. In
the special case shown in Fig. 2, the histogram of the text image
contains five bins far apart from each other because the text
image has bilevel intensities. For the graph image, a very high
percentage of data locate around zero. Although the concentra-
tion of data around zero is not absolute, the amount of nonzero
data is negligible. For the photograph image, there does not exist
any value that similarly dominates. Instead, the histogram peaks
at zero and attenuates roughly exponentially. It is worth pointing
out that in practice histograms of the three image types are usu-
ally not as extreme as the examples shown here. Ambiguity oc-
curs more with graph because it is intermediate between photo-
graph and text.

Based on the observations, two features are extracted
according to the histograms of wavelet coefficients in high
frequency bands. The first one is the goodness of match be-
tween the observed distribution and the Laplacian distribution.
The second one is a measure of the likelihood of wavelet
coefficients being composed by highly concentrated values.

B. Goodness of Fit to the Laplacian Distribution

In order to measure the goodness of match between an ob-
served distribution and a Laplacian distribution, thetest [19]
normalized by the sample size, denoted by , is used. The

test is a widely applicable measure of how well a set of ob-
served data matches a specified theoretical distribution.

Given a random variable , assume that the theoretical prob-
ability density function of is , . The samples of
are . To test whether the samples are drawn
from the distribution , the sample set is divided intocat-
egories. The number of ’s in category is denoted by .
Usually, the categories are consecutive intervals in the domain
of the data. Specifically, if we denote categoryby , then

The relative frequency for the th category is

According to the theoretical distribution, the expected frequency
for is

Thus, the expected count for being in is

The test criterion is defined as

Pearson [19] showed that if the observed data are randomly
drawn from the theoretical distribution, then the test criterion
follows the theoretical distribution in large samples. If the
observations come from some other distribution, the observed

tends to deviate from the expectedand the computed
becomes large.

If we test the null hypothesis [19] : the observations are
randomly drawn from a specified theoretical distribution, a com-
puted greater than causes rejection of at the 5%
significance level [19]. The value of is calculated ac-
cording to the theoretical distribution. A key parameter for
the distribution is the number of degrees of freedom. In this
case, the number of degrees of freedom is , where is the
number of categories to which’s belong. If the variance of the
theoretical distribution is estimated by the sample variance [19]
of the observed data, the number of degrees of freedom is then

.
There are many other methods to test the null hypothesis,

for example, the Kolmogorov test [1]. We have studiedin a
greater depth because our goal is to obtain good features for dis-
tinguishing image types rather than to test the literal truthfulness
of the hypothesis. The statistic is chosen because deviation
from an assumed distribution in every data binis taken into
consideration and this statistic is easy to compute.

To measure the goodness of match between an observed dis-
tribution and a Laplacian distribution, we need to determine the
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Fig. 2. Histograms of Haar wavelet coefficients in the LH band: (a) photograph image, (b) graph image, and (c) text image. First row: original images. Second
row: histograms.

parameters of the Laplacian distribution. Recall that the pdf of
a Laplacian distribution is

Since , the parameter is estimated by mo-
ment matching, i.e.,

where is the sample variance of .
One classification feature is defined asnormalized by the

sample size , denoted by , which is defined by

The feature is normalized by because we are interested
in how close and are instead of whether the null hypoth-
esis should be accepted. When the sample size is large,
the observed relative frequency converges to its true distribu-
tion, which cannot really be a Laplacian distribution sinceis
bounded. Therefore, increases approximately linearly with
the sample size.

C. Likelihood of Being a Highly Discrete Distribution

A criterion, denoted by , is defined to measure the likelihood
of wavelet coefficients being composed by highly concentrated
values. For example, Fig. 2(c) shows that data only lie in the

Fig. 3. Concentration values of a histogram.

five far apart bins, indicating a high. The efficiency of es-
timating the likelihood of wavelet coefficients obeying a highly
discrete distribution depends on how completely concentrated
peak values can be detected, and how robust the identification
of these values is to local fluctuations.

Since for highly concentrated data, their absolute values have
the same property, histograms of absolute values are used to cal-
culate to save computation. An example histogram shown in
Fig. 3 is analyzed first for gaining intuition regarding to a proper
definition of . It seems reasonable to assume thatand are
two concentration values. First of all, they are both peak values
(maximum values) in a data range and . In ad-
dition, most of the data in either of the two data ranges are dis-
tributed in a narrow neighborhood of or ; and the number
of data points vanishes toward the end points. On the other hand,



LI AND GRAY: CONTEXT-BASED MULTISCALE CLASSIFICATION OF DOCUMENT IMAGES 1607

although is a local maximum in , it is not regarded
as a concentration value since it appears to result from a fluctu-
ation around ; and are not considered as concentration
values because neither of them forms a tight cluster by most data
in the range . To summarize from the example, a con-
centration value is expected to possess the following properties.

1) A concentration value is the maximum in a certain data
range, say . Such a data range is defined as a
“zone.”

2) Most of the data in the range are distributed in a
narrow neighborhood of the peak value.

3) The amount of data is vanishingly small at the ends of
.

In order to locate concentration values, an essential step is to
divide data into zones based on the histogram. Intuitively, we
imagine a zone to be a range, isolated from the remainder of the
data axis, in which data clump. The histogram in a zone should
have a peak value and vanish toward the ends of the zone. A
more rigorous definition is provided to capture these ideas.

Suppose the complete data range is . The histogram
in , normalized by the total number of samples, is repre-
sented by a nonnegative unit integral function .
The interval is partitioned into connected zones

, and , where and .
An interval is a zone if it satisfies the following
conditions.

1) If and :

a) there exists a s.t. is the max-
imum value for ;

b) for
for ;

c) and , where
is a threshold, which is set to be in our imple-
mentation;

d) there does not exist and
, so that satisfies the

above three conditions.
2) If and , the four conditions are almost the

same as those of the previous case, except for two relaxed
conditions listed below:

a) maximum point is allowed to appear at the end
point ;

b) it is not required that and
for .

3) If , the only condition for to be a zone
is:

a) there does not exist and
, so that satisfies the previous defi-

nition for a zone.
In the above list of conditions, the first case applies to a

normal zone, while the second and the third cases relaxed con-
ditions for zones at the ends of the data range . For a
normal zone, the first condition requires that the zone contains
an internal maximum point. This maximum point is the candi-
date concentrated value in the zone. The second condition en-
sures that each end point of the zone is a local minimum in the
entire data range and a global minimum in the interval between

the end point and the maximum point in the zone. The third con-
dition requires that the empirical probability density at each end
point of the zone is significantly smaller than the maximum in
the zone. This requirement guards against local fluctuations of
the distribution. In addition, the combination of the second and
the third conditions forces the histogram to vanish toward the
ends of the zone. The fourth condition guarantees the partition
of being the finest possible. The second and the third
cases specify the conditions for a zone located at one end of the
data range. Some requirements in the first case are discarded
so that a zone partition always exists for a data range with a
continuous probability density function. Every zone in a parti-
tion may have a different level of concentration. In the special
case when the distribution is sufficiently smooth, the entire data
range is identified to be one zone, and the concentration level of
the zone is nearly zero.

The algorithm for finding the partition of is described
in the Appendix. To define , suppose that the partition has been
obtained. Let us start with defining a concentration level for
every zone. Then, is calculated as a weighted sum of these
concentration levels.

For a zone , denote the con-
centration level by . Let the maximum point in the zone be

. The width of the neighborhood around, in which data are
considered to be sufficiently close to, is set to . Subject to
the constrained data range, the two end points of the neighbor-
hood around , denoted by and , are thus

otherwise.

otherwise.

The probability of being in is , and

the probability of being in is . The
concentration level is then defined as a thresholded version
of the ratio of and , which is

otherwise,
where is a threshold

The quantity is set to zero when it is below a threshold in
order to increase robustness to noise. Simulations do not show
significant difference, however, if the thresholding is not ap-
plied. Once the ’s are obtained, is evaluated as

Note that . The parameter decreases with the
decrease of the sample size of the histogram. The reason is that,
for a block of pixels, when the block is small, the pixels are
more likely to have similar intensities. In order to be sure that
the block has highly concentrated values, the width for closeness
should be smaller.

D. Features at Multiple Scales

To perform multiscale classification, the featuresand
are computed at several scales. At every scale, an image is di-



1608 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 9, NO. 9, SEPTEMBER 2000

Fig. 4. Features at multiple resolutions: (a) a photograph image, (b) a graph image, (c) histograms ofL at multiple resolutions for the photograph image, and (d)
histograms of� at multiple resolutions for the graph image.

vided into blocks with the corresponding size. For each block, a
histogram is computed based on the high frequency wavelet co-

efficients of the block. Histograms at different scales are com-
puted using the same bin size.



LI AND GRAY: CONTEXT-BASED MULTISCALE CLASSIFICATION OF DOCUMENT IMAGES 1609

Fig. 5. Flow chart of the classification algorithm.

For a smaller block, the statistics and of its histogram
are less effective for distinguishing image classes due to the in-
adequate amount of sample data. This coincides with intuition.
When an image block is very small, regardless of its class, it
tends to be smooth. The high frequency wavelet coefficients of
a very smooth block cluster tightly around zero. Therefore, fea-
ture is close to 1. When the distribution of the wavelet co-
efficients is close to a Laplacian distribution with a very small
variance, the statistic is nearly zero. The clear separation of
large and for nonphotograph blocks and small and
for photograph blocks is thus not retained at high scales.

To show the variation of features across scales, two examples
are provided in Fig. 4. The first example is a photograph image.
As was mentioned before, a photograph image tends to have low

; while a graph or text image tends to have high. However,
Fig. 4(c) shows the trend of shifting to higher values with
the decrease of the block size. As a result, distinguishing image
types solely by at higher scales yields lower classification ac-
curacy. A dual example is provided for a graph image shown in
Fig. 4(b). With the decrease of the block size, more’s move
toward zero. The motivation of the multiscale classification al-
gorithm is to reduce reliance on the more ambiguous features at
higher scales by context information.

E. Selection of Wavelet Transforms

When we choose a wavelet transform for computing features,
a few criteria are considered. First, and most importantly, a
good transform should yield distinct features for different
image types. Second, the transform is required to have a good
localization property. After an image is decomposed by the
wavelet transform, coefficients at the same spatial location
as a particular block should not be heavily influenced by
surrounding blocks. Otherwise, it will be difficult to classify at
boundaries between image types. Provided that the two criteria
are satisfied, a wavelet transform with less computation is
preferred.

In our system, the one-level Haar wavelet transform is
used. As is shown by tests on many document images, the
Haar transform provides distinct features for various image
types. Comparison with wavelet transforms with longer filters,
such as the Daubechies 8 and Daubechies 4 transforms [3],
shows that the difference between those transforms in terms
of providing good features is negligible. On the other hand,
the Haar transform has the best localization property since its
wavelet filter is the shortest. For the same reason, this transform
costs the least amount of computation.

III. A LGORITHM

A. Global Structure

The overall structure of the classification algorithm is pre-
sented by a flow chart in Fig. 5. The details of each step are
explained later. To understand the flow chart, let us clarify no-
tation. A scale is also referred to as a resolution, denoted by
. The maximum resolution allowed in classification, denoted

by , is set by users. The object represents the context
information already achieved at resolution. It is essentially a
matrix with every element storing the characteristic statistics
of a classified image block. The dimension of increases
with since an image is divided into more blocks at higher
resolutions.

As is shown in the flow chart, the classifier consists of two
major parts. The upper block in Fig. 5 is the first pass classifi-
cation, in which an image is classified at the crudest scale and
the initial context information is generated. The lower
block is a closed-loop recursive process. Every iteration cor-
responds to the classification at one resolution. The classifier
starts with resolution zero and increases it in increments of one
until the entire image is classified or the resolution exceeds.
With the resolution increased by one, both the width and the
height of an image block are reduced by half. At every resolu-
tion, if the features of an image block strongly suggest that it is
purely text, graph, or photograph, then the block is classified to
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the corresponding class. Otherwise, the block is labeled as unde-
termined. The background class is not considered here because
background blocks are identified before the multiscale classifi-
cation, as is shown in Fig. 5. It is proper to classify background
without the help of the multiscale structure because background
blocks are simply the ones with a unique intensity. Classification
at a higher resolution is applied if undetermined blocks exist.
At the beginning of classification at a particular resolution,
the context information is inherited from the context in-
formation obtained at the previous resolution, i.e., .
However, instead of being fixed through the classification at res-
olution , is updated for every newly classified block. The
characteristic statistics of every newly classified block is added
to to serve as context information for later classification.

B. First Pass Classification

In the first pass, the classifier starts with identifying back-
ground. As background contains absolutely smooth regions, it
is straightforward for the classifier to distinguish them. Com-
putation is saved by marking out background first. The block
size used for background classification is usually the same as
the block size at the finest resolution. If any subblock of a block
in the crude resolutions has been classified as background, its
wavelet coefficients are not used for computing features. If the
rest of the block is classified as photograph, the subblock keeps
its background class. If the rest of the block is classified as text
or graph, the class of the subblock is switched to text or graph
accordingly, since text or graph blocks often contain absolutely
smooth subblocks. This rule results in more globally meaningful
classification.

After the background is marked out, classification is per-
formed at resolution zero. Suppose the starting block size is.
For an block, it is classified as photograph, graph, or
text if its features are sufficiently distinguished. Otherwise, the
block is labeled as undetermined. For every block classified, its
characteristic statistics are stored in . Recall that the clas-
sification features are the goodness of fit to the Laplacian dis-
tribution, denoted by , and the likelihood of having a highly
discrete distribution, denoted by. The conditions for a block
to be labeled as a particular class are as follows.

1) Photograph: , where in our system.
2) Text: and the pixel intensities in the block con-

centrate at two values, that is, the image block is nearly
bi-level.

3) Graph: and the pixel intensities in the block con-
centrate at more than two values; or, , where

in our system.

The thresholds are determined by observing the feature distri-
butions of one image. As the block size in the first pass clas-
sification is large, a block with a pure class intends to provide
significantly distinguished features. In particular, for a photo-
graph block, is close to zero; for a graph or text block,
is large and is close to one. Since the feature distributions
of different classes are well separated, the particular values of
thresholds are not critical. Sensitivity to the threshold variation
is further reduced by the boundary refinement step applied to
correct mistakes in the first pass classification.

The characteristic statistics stored in for the three
image classes are as follows.

1) Photograph: , , the mean value and standard devia-
tion of pixel intensities in the block.

2) Graph: , , and the mean value of pixel intensities in
the block.

3) Text:The bi-level values of pixel intensities in the block.

C. Global Decisions on Background and Text

In order to distinguish graph from text and background, in-
formation based on an entire image is often needed. Although
a graph region generated by computer tools is highly likely to
contain large smooth areas or bi-level intensity areas, its inten-
sity values usually differ from those of the main background
and text in the image. To decide the background intensity and
the text bi-level values, an over-all analysis on the image is per-
formed according to the classification result obtained from the
first pass. We refer to the background intensity as the dominant
background mode, or background mode if no confusion arises.
The text bi-level values are referred to as dominant text mode
(or text mode).

Observe that the definitions of background mode and text
mode are usually more subjective than objective. Our algorithm
is designed to align with most subjective judgments. An inten-
sity is chosen as the background intensity for the entire image if
it occurs most frequently in blocks classified as background. A
similar philosophy applies to determining the text mode. As this
part of the algorithm is decoupled from the rest, the criteria can
be modified easily by users without side effects. Furthermore,
this step is optional in that locally meaningful results can still
be achieved without it.

D. Boundary Refinement

As was mentioned before, in order to obtain distinct features,
classification is performed on large blocks in the first pass. A
large block size is especially important for distinguishing graph
from text or photograph because graph is an intermediate be-
tween the other two classes. On the other hand, misclassification
tends to occur with a large block that contains mixed classes be-
cause one class may be so dominant that the classifier marks
the entire block as this single class. A boundary refinement
mechanism is therefore applied at every resolution to offset this
problem. For every block that is newly classified at a certain
resolution, if it is adjacent to blocks with different classes, ad-
justment is performed to refine the boundaries between classes.
This step is optional. If it is not applied, differences are most
likely to occur at boundaries between graph and text. The graph
class tends to intrude the text class because it appears normal to
the classifier that a graph region contains local text.

To refine boundaries between two classes, the classifier ex-
amines every pair of adjacent blocks labeled as different classes.
After extracting a slice of pixels that lies in one block and is ad-
jacent to the other block, the classifier compares statistics of the
slice with those of the neighboring block. If this slice is shown
to be more similar to the neighboring block, it is switched to the
class of the neighboring block. This procedure is repeated until
a slice is shown to be more similar to the block in which it lies.
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Fig. 6. An example of boundary refinement: (a) original image, (b) result after the first pass classification, and (c) result after the boundary refinement. The text
region is marked by a unique intensity and the photograph region is shown in original.

To demonstrate the effect of boundary refinement, the classi-
fication result of an image after the first pass and the improved
result after the boundary refinement are presented in Fig. 6. The
photograph part is shown in original, but the text part is marked
by a unique intensity. Before the boundary refinement, a part of
the text is classified as photograph because this part is grouped
into blocks with the photograph. In this case, as the statistics of
the photograph dominate those of the text, the classifier fails to
detect those blocks containing mixed classes. As a result of the
boundary refinement, the division of text and photograph is lo-
cated more accurately.

E. Update Context Information

At the beginning of classification at resolution, the context
information matrix is inherited from . Since
a block at previous resolution is divided into four sub-
blocks at resolution, the statistics of the four subblocks stored
in are duplicated from the statistics of the parent block
provided that the parent block has been classified. There are two
reasons for duplicating the statistics of the parent block: first,
duplicating saves computation; second, more importantly, infor-
mation is inherited from the crude resolution to avoid over-lo-
calization. Because of boundary refinement, the class of a sub-
block may have been changed from the class of the parent block;
and a subblock may contain mixed classes. If either of the two
cases occurs, the statistics stored in are recalculated for
the subblock.

F. Context-Based Classification

Suppose the current resolution isand the context informa-
tion is accordingly. The classifier scans the image and
intends to classify all the undetermined blocks that are neigh-
bors of blocks already classified. These blocks are classified
based on both their features and the context information pro-
vided by their classified neighbors. If information is adequate to
decide the class of a block, its statistics are added to . Oth-
erwise, the block remains marked as undetermined. After one
scan, since is updated due to extra blocks classified, the
classifier repeats the previous process to examine the remaining

undetermined blocks. The iteration stops when the entire image
is classified or no more blocks can be classified based on the
current context , which is equivalent to no new informa-
tion having been added to in the scan. Then, the classifier
proceeds to a higher resolution.

Before describing the context dependent classification algo-
rithm, let us introduce two notations. First is the micro classi-
fier , which classifies a block by incorporating features of the
block and properties of its adjacent blocks. Adjacent blocks, in
particular, refer to the four blocks above, below, to the right,
and to the left of a block. Details of are explained after the
main algorithm. The second notation is the context list. This
list records the classes of adjacent blocks for all the unclassi-
fied blocks. Specifically, for every unclassified block, there is
a corresponding element in that stores the classes of its four
neighboring blocks. At each resolution, is the total number
of image blocks at this resolution. The algorithm of context de-
pendent classification is as follows.

1) Let , .
2) If , perform the following steps;

otherwise, go to step 3.
a) If is unclassified, perform the
following steps; otherwise, go to step
2b.

i) If is adjacent to a classified
block, perform the following steps; oth-
erwise, go to step 2(a)ii.

A) Use micro classifier to clas-
sify .

B) If can decide the class of ,
store the characteristic statistics of

to the context information matrix
and let .

C) If cannot decide the class of
, add the block to the list .

D) Go to step 2b.
ii) Add block to the list .

b) Let , go back to step 2.
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TABLE I
RATIOS OF CLASSIFICATION ERRORS WITHRESPECT TOHAND-LABELING FOR NINE SAMPLE IMAGES

3) If is not empty and , perform
the following steps; otherwise, go to
step 4.
a) Let .
b) Update : For every in , if
has newly classified adjacent blocks,
i.e., blocks classified after the addi-
tion of to or the latest updating
of in , update ’s record about the
classes of its adjacent blocks.
c) If is modified after the update,
i.e., there exists at least one block

in that has a new record about the
classes of its adjacent blocks,

i) set pointer to the first element
in .

ii) If is NOT at the end of , per-
form the following steps; otherwise, go
back to step 3.

A) Suppose the element pointed to by
is the record of block .

B) If has newly classified adja-
cent blocks, first, use micro classifier

to classify ; second, if the class
of is decided by , store the charac-
teristic statistics of to the context
information matrix , delete from
list , and let .

C) Move to the next element in ,
go back to step 3(c)ii.
d) Go back to step 3.

4) Stop.

Next we explain the details of the micro classifier, which
classifies blocks using context information stored in . The
particular decision rule for each class is as follows.

1) If a block is adjacent to a text block: if is a bi-level
intensity block and its two values are the same as those
of the text block, it is classified as text; otherwise, no
decision is made.

2) If a block is adjacent to a graph block: if the feature
of is close to that of the graph block and the mean

value of is also close to that of the graph block,is
classified as graph; otherwise, no decision is made.

3) If a block is adjacent to a photograph block: if the mean
value of is close to that of the photograph block and its

is not very close to 1 (extreme value for text and graph),
it is classified as photograph; otherwise, no decision is
made.

One may wonder how to make a decision if a block is adjacent
to several classes and is classified as different classes according

to its neighbors. In particular, a block may be labeled as both
graph and photograph, or both text and graph. Priorities are set
for choosing a class if inconsistent labeling occurs. In our algo-
rithm, both text and photograph have higher priority than graph.
The reason for assigning higher priority to text is the strict re-
quirement for a block being text. If the requirement is met, the
probability of making a mistake is low. Photograph is assigned
with higher priority than graph due to practical considerations.
If a graph region is scanned or printed by a photograph standard,
its quality is unlikely to be degraded, but not vice versa.

IV. RESULTS

We applied the algorithm to segment nine images with size
pixels. The classification error rates with respect to

human labeling are listed in Table I. The average classification
error rate is 4.1%. The parameters used in the algorithm were
chosen based on other document images downloaded from the
World Wide Web. Simulations show that classification results
of the tested images are not sensitive to the parameters. At the
crudest resolution, the features of different classes are usually
distributed so far apart that choosing parameters is not critical.
In addition, the sensitivity to parameters is reduced by boundary
refinement. At a higher resolution, context information compen-
sates for vague features so that the sensitivity to parameters is
retained low.

One classification example is shown in Fig. 7. In this ex-
ample, the starting block size of classification, i.e., the block
size at resolution 0 is 64. The number of resolutions is 3. The
classification error rate for this image is 1.19%. The photograph
region is perfectly classified. In one misclassified region, text is
labeled as graph. All the other misclassified regions are blank
regions lying between text and graph. In practice, classifying a
blank region as a part of graph or text is acceptable.

Fig. 8 shows the step-by-step classification of a part of the
image through the multiscale process. The classified image
in the middle is the result at the first resolution. Part of the
boundary between photograph and text is marked as undeter-
mined class. At the higher resolution, after the undetermined
region is divided into smaller blocks, the classifier labels the
blocks correctly using context information.

It is evident that the classified images are very “clean”
although no post-processing is applied. This results primarily
from the multiscale structure of the algorithm. Since the classi-
fier starts with considerably large block size, blocks classified
at the crudest resolution form sufficiently large regions natu-
rally. At higher resolutions, although blocks are smaller, the
incorporation of context information tends to produce “clean”
classification. Another advantage of the multiscale structure
is the reduction of computation. A majority part of an image
is usually classified at the crudest resolution. Although extra
computation is needed to classify with context information
at higher resolutions, the overall computational cost is low
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Fig. 7. One sample image and its classification results: (a) original image, (b) hand-labeled classification, and (c) classified image. White: photograph, light gray:
graph, dark gray: text, black: background.

Fig. 8. One part of the sample image and its classification results at two resolutions: (a) original image, (b) the result at the first resolution, and (c) the result at
the second resolution. White: photograph, light gray: graph, dark gray: text, black: undetermined.

since very few blocks are left to be classified at the higher
resolutions. The multiscale structure can thus be considered as
an efficient mechanism to allocate computing resources. More
computation is performed for more ambiguous regions. The
CPU time to classify an image with size pixels
on a Pentium-300 MHz PC with the Linux operating system is
roughly 2 s.

We compare our results with Perlmutter’s [13], [14]. We have
not made comparisons with the gray-scale document image
segmentation algorithms of [2], [27] because those algorithms
target specific applications. In [2] and [27], the graph class is
not considered, and the quality of images is worse.

Perlmutteret al. discussed two classification problems with
document images. The first is the classification of photograph
and nonphotograph. The second is the classification of pho-
tograph, text, and others. The definition of photograph is the
same as ours. The text class, however, differs from the text
class that we have defined. In our case, as the intention is to
classify document images in a globally meaningful way, local
text is not always labeled as text. For example, if text occurs
as a part in an artificial graph, table, or overlay, it is labeled as
graph to form an integral part with the rest of the graph region.

In Perlmutter’s case, however, all the local text is labeled as
text. Consequently, it is not proper to compare the numerical
results directly. In [13], the classification result of the image
shown in Fig. 7 has considerable amount of misclassified pho-
tograph blocks. Although the misclassified photograph blocks
can be cleaned up by a good post processing algorithm, the
post processing takes extra time.

If the graph, text, and background classes are grouped as non-
photograph, we can compare our results with those in [13]. The
image shown in Fig. 7 is perfectly classified by our algorithm
in the sense of the two classes. In [13], many different sets of
features are tested. When color information is used, the best set
of features provides an error rate of 2.53% without post pro-
cessing for the example image shown in Fig. 7. The nonphoto-
graph class is classified with nearly zero error rate (under 0.5%)
and the photograph class is classified with 13.46% error rate. If
only the intensity information is used, as in our simulation, the
result in [13] achieves a classification error rate of 13.25%. No
improvement is obtained by post processing. Results for two ad-
ditional images are also provided in [13]. Comparisons for these
two images are omitted because overlays, which are regarded as
graph here, are hand-labeled as photograph in [13].
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V. CONCLUSIONS

We have defined two features that are capable of distin-
guishing local image types in document images. Instead of
using moments of wavelet coefficients as features for classi-
fication, as is commonly done, we define features according
to the distribution patterns of wavelet coefficients. The first
feature is defined as the goodness of match between the
empirical distribution of wavelet coefficients in high frequency
bands and the Laplacian distribution. The second feature is
defined as a measure of how likely the wavelet coefficients in
high frequency bands concentrate at a few discrete values. An
algorithm was developed to calculate this feature efficiently.

A multiscale context dependent classification algorithm has
been developed. The multiscale structure accumulates context
information from low resolutions to high resolutions. At the
starting resolution, classification is performed on large blocks
to avoid over-localization. However, only blocks with extreme
features are classified to ensure that blocks of mixed classes
are left to be classified at higher resolutions. The unclassified
blocks are divided into smaller blocks at the higher resolution.
The smaller blocks are classified based on the context infor-
mation achieved at the lower resolution. Simulations show that
by incorporating context information, classification accuracy is
significantly improved. The multiscale structure also provides a
mechanism to save computation by applying more sophisticated
rules to classify more ambiguous regions. The comparison with
related work shows that our algorithm provides both lower clas-
sification error rates and better visual results.

APPENDIX

We describe the algorithm for finding the zone partition
for a data range given an empirical distribution. This
completes the definition of the classification feature, the
likelihood of being a highly discrete distribution. According
to the second constraint of the definition for a zone, the two
end points for a zone have to be local minima except for the
two zones and , that is, are local
minimum points. So the problem is reduced to finding all of
the local minima of . On the other hand, not every local
minimum point is an end point of a zone due to the third
constraint. The value at an end point of a zone is required to
be sufficiently small compared with the maximum value in the
zone. Consequently, we have to extract the local maxima in the
process of seeking local minima and guarantee that the global
maximum (one of the local maxima) in a zone is significantly
greater than the values at the two end points. Thus, a partition is
characterized by a sequence of interleaved local maximum and
local minimum points, , , , , . Every
local maximum point is also a global maximum point in
interval .

In the following algorithm, we assume that is a contin-
uous function on , so that there exists a local maximum
between two local minima and there exists a local minimum be-
tween two local maxima. The continuity constraint is always ac-
ceptable in practice because we can only obtain estimated sam-

ples of , and the function can be estimated by a contin-
uous interpolation of the samples.

1) Find the first local maximum point
starting from 0 and set to it.

2) Set True pre is maximum, and True
seek minimum.

3) Set , .
4) If ,

a) If seek minimum True
i) Find , so that is a

local minimum.
If such does not exist, ,

, stop.
ii) If pre is maximum True

if , then set ,
, False pre is maximum ;

Else (i.e., pre is maximum False)
if ,

iii) Set False seek minimum, .
b) If seek minimum False

i) Find , so that is a
local maximum.

If such does not exist, ,
, stop.

ii) If pre is maximum True
if , ;

Else (i.e., pre is maximum False)
if , then set ,

True pre is maximum
iii) Set True seek minimum, .

5) If , go back to 4; else, stop.

The flag seekminimum in the algorithm is alternated so
that the sequence of all the interleaved local maxima and local
minima, denoted by , , , , can be
found. Since this sequence may not satisfy all the constrains
for a partition, we need to choose a subsequence that forms a
partition. This is accomplished by effective control of the flag
pre is maximum. The algorithm determines all theand
in the order of minimum to maximum. The process, however,
is not completely sequential in the sense that, , and ,
which correspond to the end points, and maximum point of a
zone, are adjusted simultaneously, instead of being determined
one by one. Only when a zone , with maximum point

, satisfying all the conditions is found, the left end pointand
the maximum point are fixed. The right end point may
still be changed when seeking for the next zone .
Nevertheless, the end point is ensured to be replaced by
a point with a lower probability density value if there is ever
a replacement. This strategy guarantees the division between
two zones to take place at a point with distribution density as
low as possible.

To gain better understanding, consider a complete cycle of
obtaining a zone given that the zone has
been found. At the beginning, the flag preis maximum is set
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TABLE II
TRANSITIONS IN THE “ZONE” DIVISION ALGORITHM AND THE POINTS

ADJUSTED ATEVERY STATE. S: SEEK_MINIMUM , P: PRE_IS_MAXIMUM , T:
TRUE, F: FALSE

as false and the algorithm is seeking a maximum point. Ac-
cording to the two flags seekminimum and preis maximum,
the algorithm may be in four states. In Table II, we list the
points that might be initially set or changed at the current state,
and the next possible state to enter. The algorithm transits be-
tween states according to Table II. Except for determining the
first zone , which starts with both seekminimum and
pre is maximum being true, the cycles for the other zones al-
ways start with both seekminimum and preis maximum being
false. The special case for happens because the left end
point is tied at 0.
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