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Abstract—We propose a set of metrics that evaluate the Now a days, camera captured document images are pop-
uniformity, sharpness, continuity, noise, stroke width variance, ular. We cannot take many objects on which text is present
pulse width ratio, transient pixels density, entropy and variance to a scanning machine. Here object may refer to a historical
of components to quantify the quality of a document image. - . .

The measures are intended to be used in any optical character b_OOk or notice boar_d. The quality metrics proposed are
recognition (OCR) engine to a priori estimate the expected Simple and can be implemented on cameras. The quality
performance of the OCR. The suggested measures have been of a document image can be predicted while capturing a
evaluated on many document images, which have different document using camera. With the predicted quality, an user

scripts. The quality of a document image is manually annotated 55 gntion to choose proper binarization algorithm on that
by users to create a ground truth. The idea is to correlate .
document image.

the values of the measures with the user annotated data. . .
If the measure calculated matches the annotated description, Nagy [3] presents an overview of document image anal-
then the metric is accepted; else it is rejected. In the set of ysis. Nagy explains the evolution of document image anal-
metrics proposed, some of them are accepted and the rest are ysjs into text, graphics, page layout and retrieval. In the
rejected. We have defined metrics that are easily estimatable. earlier image analysis systems, priorities were improved

The metrics proposed in this paper are based on the feedback binarizai d iti fad ti R
of homely grown OCR engines for Indic (Tamil and Kannada) Inarization and recognition of a document image. Roger

languages. The metrics are independent of the scripts, and €t al. [4] presented a system to estimate the quality of a
depend only on the quality and age of the paper and the document image with different degradation procedures such
printing. Experiments and results for each proposed metric  as noise addition and blurring before passing it through an
are discussed. Actual recognition of the prlnted text is not  ocR engine. We cannot expect similar degradation process
performed to evaluate the proposed metrics. Sometimes, a .

document image containing broken characters results in good to occur on _a documgnt because a dc_)cument Image f.rom
document image as per the evaluated metrics, which is part of One book will have different degradation compared with
the unsolved challenges. The proposed measures work on gray a document image from another book. Zramdini et al. [5]
scale document images and fail to provide reliable information  present a study of mechanical degradation of a document
on binarized document image. and its effect in font recognition.

Keywords-Quality metrics; document images; multi-script; Blando et al. [10] use correctly identified text regions for
document image quality analysis; Optical character recogni-  predicting OCR accuracy. Blando et al. developed two met-
tion; rics namely white speckle factor (WSF) and broken character

factor (BCF) for OCR evaluation. Cannon et al. [11] include
|. INTRODUCTION AND MOTIVATION small speckle factor (SSF), touching character factor (JTCF
and font size factor (FSF) for predicting quality and choose

The current commerically available optical characterappropriate filter to restore the degraded document. Souza
recognition (OCR) engines generally do not infer aboutet al. [12] propose a method for automatically selecting the
the document image quality. Quality of a document imagebest among the restoration filters. The above works [10],
has not been adequately studied in the document imagél], [12] observe only the noise present in the document
analysis literature. Even though we can rate the qualitymage to propose metrics and OCR engines are required to
by a simple calculation of number of correctly detectedevaluate the quality of document image. In our case, we
characters against total number of characters in the dastumeavoid the use of OCR to a great extent and ensure quality
image using best performing OCR engines [10], we requiremetrics are script independent.
human intervention for calculating the correctly recoguiz Improving degraded document images was a focused topic
characters and the actual number of characters. How tfor several years. With enhancement of degraded document
we obviate the need for human intervention and make thémage, the recognition rate of a document increases. Sauvol
system by itself capable of predicting the quality of aet al. [6] demonstrate a document image binarization based
document image? We propose quality metrics in an attempan local histogram threshold for each pixel in the document.
to solve these important questions. Gatos et al. [7] introduce adaptive document image binariza



tion for degraded documents and an improved method usings bad quality even though skew may have a role in the
Sauvola’s binarization algorithm. Yang et al. [8] presentrecognition of characters.
another adaptive binarization technique using the rurtfeng
of strokes, since connected characters or broken chasacter
have strokes comparable to normal characters. Banerjée et a e approach this problem by proposing quality metrics
[9] report that Markov random fields are effective in sewerel and validating the metric against user annotated degradati
degraded document image restoration. In all these paper§Vvels. A database of 132 annotated multi-script scanned
the quality of a document image is referred in terms of im-document images comprising all forms of degradation is
proved binarization. We do not find any relevant contributio used for our experiment and each document image is an-
towards a qualitative analysis of document image. notated by 6 users according to the provided scale. Quality
During digitization of books, suppose some intermediatef the scanned image of a printed document is graded in the
pages in the document are severely degraded; then we canrig@le of 1-5. We have grouped all possible conditions of the
have any information or hint to look for those pages indocument image degradations to be assigned by user in the
the book. Improving binarization will not provide basic form of a subjective score.
quality criteria when an user is evaluating the digitized « Scale value 0: An image, not yet annotated by the user.
book. If quality of each page in the book is predicted, a « Scale value 1tmage with degradations caused while
user can give careful attention to specific pages where the scanning Document image with bends or folds (so that
quality of the page is degraded. Our proposed metrics are  part of the characters are lost), at the corners (eg. hard
meant to predict document image quality. Proposed quality ~ bound book) or sides of the document. One is sure that
metrics are evaluated against user annotated data for & set o a sizable number of characters in the document image
document images. This set involves possible degradation an ~ cannot be recognized. Smear in the document image

I1l. D EGRADATION LEVELS

also cover multi-script. Multi-script based evaluatiomties falls into this category. A document image with skew
a document irrespective of the script, to make its quality (rotated with respect to scanner axis while scanning)
predictable. does not fall into this category.
o Scale value 2:Highly degraded document image
[I. FACTORS THAT IMPACT THE QUALITY OF A Characters in the document image have very less con-
DOCUMENT trast and separating the characters from the background

may require a complex algorithm. The gray values of

the background in some areas are comparable to the

gray values of the characters in other areas. There will
be uncertainty in the OCR performance.

Scale value 3Background degraded document im-

age Background of the image has patches in all places

from top to bottom and from left to right side of the
image. However, the characters in the image maintain
clarity.

« Scale value 4Slightly degraded document image
Characters in the document are distinct and clear. There
are few local gray areas in the background of the
document image.

« Scale value 5:Good document image satisfies the
following conditions: the characters in the image are
distinct, sharp and clear; a clear background without
any form of glitches or patches in the form of gray
areas.

Document images annotated by six users are used in
p(D|P,S, R, A) = p(D|P)p(D|S)p(D|R)p(D|A) (1) calculating quality metrics. The mean subjective score for

_ _ o _ a document image is computed for validation of quality
whereD is actual document informatiof®, indicates quality  metrics.

of the papers indicates scanner qualiti indicates printer
quality andA is age of the document. V. QUALITY METRICS AND EXPERIMENTS

The skew correction in document images is exhaustively We describe each of the quality metrics devised for docu-
researched. Its effect is far less compared to other factondient images. The calculated values of the quality metric are
and we do not consider it in this paper. It is not considerecplotted against mean subjective scores of documents gresen

A document image is obtained through scanning the hard
copy of a document or using a camera. The quality of a
document is determined by four major factors namely age
of the document, scanner, printer and paper. In the case of
a camera, scanner factor is replaced by the focus of the °
camera. We are visually capable of assessing the quality of
a document image without the knowledge of printer, scanner
or paper used in the preparation of the document. We can
also recognize and read the text present in the document.
However, in case of machine, it is a difficult task to assess
document image quality.

We can pose a set of questions: How does a scanning
device cause deterioration? What kind of paper is used to
get a print of the document? What is the effect of the printing
device outputting the textual data onto the paper? Each
device acts independently in the creation of document image
To assess the quality we can write up a naive Bayesian
formula as shown below,



in the database. We fit a straight line using least squares
approach and obtain its slope. :

Ji=min || Q; U ||*? Vie1,2,3..m 2

where Q; = " quality metric,i/ = annotated score, m
= number of quality metrics. We have also calculated the
correlation coefficient for each metric with the annotated
mean score.

_ oot
i = o Vi€ L2,3..m 3)

In thi lit tri ire the bi . d;igure 1.  Uniformity indices for document images as a functidn o
n this paper, some quality metrics requiré the binarzed,e,, subjective scores. (a) Standard deviation of foregramatues with

image, which is generated by Otsu thresholding [1] of theestimated slope = -0.60 (b) Standard deviation of backgrates with
gray document image. The binarized image is labelled fofstimated slope = -2.37.
individual connected components (CC).

A. Foreground and Background uniformity image. Figures 2 (a) and (b) show the plots of sharpness

A document image quality varies with degradations. Thisv@lues for foreground and background respectively. For
measure is the standard deviation of estimated mean foréegraded images the sharpness reduces and number of gray
ground and background values using Otsu threshold. TéVels occupied by the foreground and background clusters
capture global and local uniformity, image is split into atu  'ncreases. This can be inferred from the plot and also with
parts. In the first level, entire image is used. In the second® estimated slopes.
level, document image is split into four equal parts and in
the third level, image is split into 16 equal parts. Mean
foreground and background values are calculated for each ~
part image at each level. Calculated mean foreground and,”
background values are grouped together. The foreground%zs
uniformity (Uy) and background uniformityl{,) are cal- :
culated as shown below,

Ujp = std(phyys ooy flgor) Vi €1,2,..N (4)

where ‘N’ is the total number of annontated document (a) (b)

images.
g Figure 2. Sharpness values of document images as a function af me
Ui = std(,ui ,,,,, 7% ) Vi€ l,2,..N (5) subjective scores. (a) Foreground values with estimatguesto-3.24 (b)
b bgl> = Fbg21 B Background values with estimated slope = -1.91.

In the second and third levels, due to localized text pastio
sometimes background patch is segmented without an
text. Therefore, we calculate a single peak threshold befor
estimating the metric,

¥. Transient region density

The number of pixels in each of foreground, background
and transient clusters are normalized to the total number
Single peak thresh; = % Vji€1,2,3,.21  of pixels in the document image. As the document starts

(6)  degrading, more pixels from background region fall into

If the single peak threshold value is less than 0.01 thenransient region. This quality measure indirectly capure

that patch is removed else retained. complexity and non-uniform illumination in the document

Figures 1 (a) and (b) show the plots of uniformity for image.

foreground and background. The estimated correlation co- Figures 3 (a) and (b) show the plots of normalized back-
efficient indicate that the background uniformity is suiéab ground and transient regions respectively. We can observe
for predicting the document image quality. that degraded document images have more pixels in the
transient region. The slopes of the two regions are almost

B. Sharpness - .
) _ _ _ similar and opposite.
A document image is clustered into three parts using fuzzy

clustering. These clusters in the document form foreground®- Continuity

background and transient regions. The standard deviation A document image is binarized using Otsu threshold [1].
of gray values for foreground and background clusters ar&ach CC in the binarized document is labelled and height
calculated. These indicate the sharpness of that documeand width values are calculated. The mean values of height



Figure 3. Densities of different regions for document imagea &unction Figure 5. Continuity index for document images with 8 times megight
of mean subjective scores. (a) Background region pixels niaedawith and width values used as size of sub-block. (a) Foregrouhtesawith
estimated slope = 0.082 (b) Transient region pixels normalingth estimated slope = -3.81 (b) Background values with estimalmges= -
estimated slope = -0.071. 3.14.

and width are estimated. Using 4 times the mean valuguality metric is not suitable for prediction. Even mean
of height and width as block size, the image is split intoheight and width of CC’'s were used for size of median
blocks and the mean foreground and background values af#étering. The result with mean size method is not promising
calculated from these blocks and also standard deviatiordue to high degree of variation in the size of CC’s of same
Single peak threshold is applied for blocks before caloudat document image quality.

standard deviation. This quality metric is calculated agai
using 8 times the mean value of height and width as block
size. Figures 4 (a) and (b) show the standard deviation plots .. .
of foreground and background for four times mean value

of height and width of CC’s. Figures 5 (a) and (b) show ;" )
the same plots with block size of eight times mean value of i~ fom
height and width of CC'’s. . ©

(((((

Figure 6. Noise measure for document images as a function of mean
subjective scores. (a) Median filter of size 3x3 is used witfineated slope
=-0.003 (b) Median filter of size 5x5 is used with estimategsle -0.006.

F. Pulse width ratio

The labeled CC's in binarized document are replaced by

Figure 4. Continuity index for document images with 4 times megight @ patch of black pixels with height and width same as
anq width values used as size of sub-block. (a) I_:oregrpumb;vaNith CC’s. The neW|y formed Iogical image is used to calculate
estimated slope = -7.48 (b) Background values with estimat®es= - 1, j70ntal and vertical run lengths. We treat run length
as similar to pulse width ratio of a pulse. Mean value is
calculated over the document except with zero pulse width.
The product of horizontal and vertical pulse width is used

Median filtering is performed on the binarized image foras quality measure. Figure 7 (a) shows the plot of the
estimating noise measure. We count the number of pixelproduct. The correlation coefficient indicates that thigrine
converted from both 1 to 0 and O to 1. This count givesis not valid for prediction. This metric relies on the inter
an idea about the amount of salt and pepper noise, whicbharacter and inter word gaps for quality measurement. In
indirectly points to the quality of a document. Cannon et al.any document type, these gaps are of almost standard sizes
[11] and Souza et al. [12] use median filtering to removebased on the font and the font size. Fourier transforms
speckles and improve degraded document image. of each horizontal and vertical line were also calculated

Figures 6 (a) and (b) show normalized counts for numbefor quality measurement. Due to spurious peaks in the
of pixels converted by median filter of size 3x3 and 5x5,transformed vector, the idea of using the transformed vecto
respectively. The correlation coefficient indicate thaisth as quality metric was dropped.

E. Document noise measure



stroke width is calculated as below,

L Area of CC; .

SW thin; = No of piz:;: fn thinned CC; Vi € L, 2’37(8;7’
where ‘n’ is the total number of connected components in
the document. In bounding box method, the stroke width is
calculated as shown below,

Puise Widih Ratio Index

1
8

Area of CC;

(a) (b) SW bb; = 2(Hi+Wi)+\/ 5 o

(H; + W;)2 —
Figqre 7. (a) Plot _of pulge width ratio product as a functidnmegn where H; and W; are height and width oft" CC.
Zg?’rﬁ;ttg’g sslggfi g"_gg_esumate‘j slope = 0.14 (b) Entropyiesiwith Figures 8 (a) and (b) show the plots of the two different
estimates of stroke width. We can observe that in thinned
CC stroke width calculation, the mean value is a horizontal
line with some outliers. Thinned CC stroke width is not a
reliable quality metric from this observation. Stroke vhidt
Entropy is the measure of information at the sourceis used in [8] for improving degraded document images.
Kapur et al. [2] use entropy for binarization of document
image. In general cases, Otsu’'s binarization method was
superior to Kapur's entropy method. The number of levels .
in a gray document image is 256. Histogram of the image . e
is used as probability of source symbols and then entropyéﬁ !
is calculated. Document image can be compressed to bi- -
level image. The entropy of the document decreases with?j o
the number of levels. In this paper, to measure entropy
index as quality metric, the number of gray levels is halved
iteratively until the number of gray levels is 2. At each stag
histogram and entropy are calculated for the given document (a) (b)
Image. Ent.mpy is a global approach; th(:f' 'eYe' of det_a”SFigure 8. Stroke width measure for document images as a funofion
expressed in the reduced number of quantization levels inf@nean subjective scores. (a) Thinned CC values with estimépe s 0.25
complexity of the document. Mean value of entropy index is(b) Bounding box values with estimated slope = 1.51.
calculated combining all quantized image entropies. FEgur
7 (b) shows the plot of mean entropies against mean score
of document images. The estimated correlation coefficient ol. Stability of CC values

G. Entropy

0.65 indicates that this quality metric is useful in premigt ~ As number of characters, character size and document
the documenf( image quality as well as compIeXIIy. size varies in a document, there will be difficulty to get
The equation for calculating entropy index is showninformation of degradation. Here, we calculate minimum
below, and maximum gray values in each labelled CC. A standard
N deviation is calculated for minimum and maximum gray
Entropy; = —>..2 p;log p; Vi< N; (7) Qi
PY; i—1DPi log p; =>4V values of all CC’s in the document. If document has local or

_ global degradation it will be captured in terms of standard
where N; is the number of gray levels for downsampled geyiation. Figures 9 (a) and (b) show the values of minimum
document images. In our experiment, the rang&vofis (2, and maximum gray value, respectively. The slope of standard
4, 8, 16, 32, 64, 128, 256). deviation in maximum gray value of CC indicates a high

variation with respect to degradation.
H. Stroke width

. . . N V. R
The CC'’s and their bounding boxes are used in estimation ESULTS

of this metric. We estimate mean and variance of the stroke In Table |, we have tabulated the quality metric, slope of
width calculated. A small value of variance indicates thatthe estimated line and correlation coefficient. For vailatat
the characters are distinctive from the background and caaf the quality measure, the correlation coefficient should
be recognized. We have designed two methods of strokexceed+0.3. Higher correlation factor indicates that the
width estimation. They are based on bounding box values;orresponding quality metric is useful in predicting the
area values and thinning of CC. In thinned CC method, thelocument image quality.
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