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ABSTRACT Replacing unfit banknotes is an integral part of maintaining public confidence in currencies
while maximizing banknote lifespan in public payment facilities. This paper presents a banknote fitness
determination method which mainly focuses on soil and stain detection using images scanned with contact
image sensors (CIS). Difference images between fit and unfit banknotes may be used to determine fitness.
However, these images may contain erroneous edges since the CIS images usually have some alignment
errors caused by scanning, printing, and cutting operations. To resolve this problem, we first categorized
the soiling patterns into two types: large- and small-scale. Then we used two different morphological-based
methods to eliminate the false edges by security features. After the soiling patterns were extracted, the fitness
level was estimated by a maximum standard score. The proposed method showed promising performance
when using the Euro and Russian banknote databases.

INDEX TERMS Image processing, image classification, morphological operations, machine learning.

I. INTRODUCTION
Maintaining public confidence in currencies is one of the
most important tasks for central banks. Since unfit banknote
circulation may negatively affect public confidence, most
central banks have set up their own standards for fitness
requirements to ensure the integrity and preservation of their
currencies. For instance, the European Central Bank (ECB)
has adopted minimum standards for euro banknotes, which
include several criteria for fitness sorting [20] such as soiling,
stains, graffiti, tears, holes, etc. Soiling is mainly caused
by aged human sebum and this is considered as one of the
main reasons for banknote deterioration [1], [2], [9]. To
meet the standards, banknote handling machines have been
designed to automatically detect unfit notes. Such machines
usually have charge-coupled device (CCD) based image
sensors with various wavelengths and thickness detection
modules to detect unfit banknotes. Accurate determination
of banknote fitness reduces banknote production costs [11]
since banknote lifespan can be maximized by recirculating
all fit banknotes [6]. Also, automatic replacement of unfit
banknotes with new banknotes enables cost-efficient and
effective handling by banknote accepting devices in payment
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facilities such as automatic teller machines (ATM), automatic
fare collectionmachines, retail kiosks, vendingmachines, etc.

Banknote fitness determination is, however, a challenging
problem for commercial cash handlers such as ATMs. Tra-
ditionally, banknote fitness has been measured by banknote
fitness sorting machines that are expensive and mostly staff-
oriented ones [6]. Spectrophotometric devices can also be
used to determine banknote fitness by measuring the optical
density and comparing it with pre-defined threshold values
measured from new and unused banknotes [20]. On the other
hand, ATMs typically use contact image sensors (CIS) for
banknote scanning and have three potential problems: scan-
ning, printing, and cutting variations. Unlike digital cam-
eras, contact image sensors use line-by-line scanning. Once
scanned, banknotes are automatically rotated, de-skewed
and cropped [21]. However, even for the same banknote,
a scanned image may have a different size each time it is
scanned.Moreover, folded or crumpled banknotes are usually
horizontally shorter. On the other hand, due to variations in
the cutting and printing processes, these problems may not be
avoided. Three major production processes are used to print
banknotes: offset, intaglio and serial number printing. In the
offset printing process, a background design is printed by dry
offset on both sides of the sheet simultaneously while some
tactile features are printed on sheets during the intaglio print-
ing process. In offset and intaglio printing, multiple bills are
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FIGURE 1. Serial numbers and treasury seals are usually printed
afterwards, and may have different positions on each note.

printed on a large sheet. For example, 32 individual banknotes
are printed on the same sheet in US dollar denominations.
However, serial numbers are printed after the sheets are cut
into individual banknotes. As shown in Fig. 1, some banknote
design elements (seals, serial numbers, main objects, etc.)
may end up in slightly different positions if the banknotes
are not accurately cut by cutting machines. Thus, banknote
images cannot always be accurately aligned, and direct calcu-
lation of difference images between two banknotesmay result
in unwanted edges around dominant features. For ATMs
with limited computing power, computational complexity is
also an important factor for algorithm development since
typical ATMS should be able to handle about 10 banknotes
per second or more. Thus, a fast banknote fitness determi-
nation method is desirable, which can be applied to scanned
images where accurate image registration methods may not
be available.

In this paper, two morphology-based methods are pro-
posed, which extract two kinds of soiling patterns: large- and
small-scale patterns (Fig. 2). Soiled banknotes usually have
soiling across the whole banknote, whilst stained banknotes
have locally concentrated soiling. These large-scale patterns
are easily identifiable if the banknote images are aligned well
enough for the difference images to be calculated. By using
closed difference images (CDI), we tried to bypass the align-
ment errors by removing the banknote features that shifted in
position. On the other hand, soiled banknotes also have small-
scale soiling patterns due to intaglio printing and banknote
circulation. Since elevated edges or points are more likely to
be soiled with fingerprints than dented surfaces, soiled ban-
knotes usually have fold lines along with speckle patterns [8].
Those are usually in small-scale and appear as dark patterns.
We used a generalized dynamic morphological difference
image (GDMDI) to extract such patterns, which is a modified
version of GDMQI [13]. In this method, alignment errors
can be ignored since strong edges can be suppressed with
GDMDI. Thus the resulting image does not contain unwanted
features such as serial numbers. We extracted large- and
small-scale soiling patterns as images for each side and each
channel (R, G and B) of banknote scanned images, and then
the averages and standard deviations were used for banknote
fitness determination. Combining these two methods allowed
us to obtain favorable performance when using EUR and
RUB databases.

FIGURE 2. Soiling pattern extraction examples of (a) fit banknote and
(b) unfit banknote. From the first to fifth row: Original, morphologically
closed, modified dynamic closed, large-scale soiling pattern, small-scale
soiling pattern images.

II. PREVIOUS WORKS
In recent studies, researchers explored to use region of inter-
ests (ROI) suitable for detecting dirt. Balke et al. used a
machine learning method to select such regions [3]. Using
training data fit and unfit banknotes, they first extracted statis-
tical values from pre-defined regions. For each region, a sim-
ple threshold-based classifier was trained with the extracted
values. Instead of using all the classifiers, they applied the
Adaptive Boosting method [7] to select relatively stronger
classifiers than the others. On the other hand, Kwon et al.
manually selected a fixed homogeneous ROI and used dis-
crete wavelet transformation to extract features [10]. These
methods are, however, not available for newly designed ban-
knotes. In other words, the two-class classifiers cannot be
applied when only fit banknotes are available. Also, the clas-
sifier may be prone to overfitting if there are not enough unfit
banknotes. Moreover, local dirt cannot be detected when it is
outside the selected regions.

In our preliminary work [12], we proposed two different
methods for soiled banknote fitness determination. One was
a morphology-based method and the other was based on
the Otsu threshold method [18]. In the morphology-based
method, a selective closing operation was used. Since folded
lines or edges are usually soiled by human fingerprints,
we tried to extract these patterns using morphological opera-
tions. However, conventional closing operations also remove
serial numbers and other intricate banknote features. If a pixel
shown on the closed image is larger than the corresponding
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pixel of the original image by a given threshold, the original
pixel is retained. Otherwise, the pixel of the closed pixel is
used. If the threshold is small, only small points or edges can
be removed.

On the other hand, banknotes may also show discolor-
ing, which is mainly caused by microorganisms [4]. Dis-
colored banknotes usually have lower dynamic ranges than
new banknotes. Thus, we developed an Otsu-based method
to estimate the discolor level. A pixel was first classified as
a background or foreground pixel using the Otsu threshold.
Then, we estimated the banknote soiling level by computing
the average pixel intensities of the background and fore-
ground pixels. However, only the green channel images of
the front side of banknotes were used in [12]. In this case,
it is difficult to detect green-color soiling.

FIGURE 3. Flow chart of soiling pattern and feature extraction.

III. METHODOLOGY
In this section, three main processing steps will be described
in detail: large- and small-scale soiling pattern extraction, fea-
ture extraction and fitness determination. Using these steps,
we aim to detect various types of soiling and estimate ban-
knote fitness from the soiling pattern images. Fig. 3 shows
detailed steps of the soiling pattern and feature extraction
process. The large-scale soiling pattern extraction process
requires fit banknotes as references for comparison whereas
small-scale soiling extraction does not.

A. A LARGE-SCALE SOILING PATTERN EXTRACTION
An effective way to extract soiling patterns is to compute
difference images using fit banknotes. To obtain meaningful

difference images, two images need to be aligned. Feature-
based image registration techniques (e.g. SIFT[15], SURF[5],
BRISK[14]) are usually time-consuming and control point-
based methods require manual selection. Also, printed fea-
tures such as serial numbers are likely to be misaligned,
as illustrated in Fig. 2. In other words, erroneous edges may
still appear in the difference images even if the images are
globally aligned. To resolve this problem, we removed the
erroneous edges by applying a morphological closing opera-
tion as a preprocessing step. Closing makes small holes and
dark narrow lines filled with the values of their neighboring
pixels. Since the printed features are usually printed with dark
ink, the closing operation can effectively remove them.

In general, banknote fitness determinationmethods need to
be developed by using only reference banknotes since all soil-
ing patterns may not be available. Moreover, unfit banknote
samples may not exist for newly designed banknotes. Thus
we used only reference images of fit banknotes for algorithm
development. First, we generated a preprocessed fit banknote
image as follows:

Îf = If • Tu×u (1)

where If represents a resized fit banknote image and • denotes
the morphological closing operation with the structuring ele-
ment Tu×u. Note that all banknote images were first resized to
the average widthW and height H . Each banknote contained
six different color channels (2 sides × 3 channels (RGB)).
For each channel, we computed the average and standard
deviation images µ and σ as follows:

µ (x, y) =
1
N

∑
N

If ,n (x, y) (2)

σ (x, y) =

√
1
N

∑
N

I2f ,n (x, y)− (µ (x, y))
2

(3)

where N represents the number of fit banknote images and
(x, y) ∈ RW×H . For a target banknote image It , a large-scale
soiling pattern image (Zt ) was computed as follows:

Zt (x, y) =
It (x, y)− µ (x, y)

σ (x, y)
, (4)

which is known as data whitening. Note that Zt (x, y) tends
to be negative in the bright regions since soiled or stained
banknotes are usually darker than reference banknotes. Since
Zt (x, y) can be negative, we made some brightness level
adjustments based on the histograms. Figs. 4(b–c) show the
following image, Z

′

t (x, y) = 5Zt (x, y) + 255. As can be
seen in Fig. 4(b), erroneous edges appeared around dominant
objects due to local alignment errors. To reduce these erro-
neous edges, we applied a morphological closing operation
to Zt :

Ẑt (x, y) =
{It (x, y)− µ (x, y)} • Tu×u

σ (x, y)
(5)

We will call Ẑt as closed difference image (CDI). Fig. 4(c)
shows that the morphological closing operation effectively
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FIGURE 4. Fit (left) and unfit banknote images (right). (a) Russian RUB
1000 CIS banknote images. (b) The large-scale soiling pattern images
show alignment errors. (c) The alignment errors were reduced with
morphological operations. Note that the intensity levels of the large-scale
soiling pattern images were adjusted to [0–255].

reduced the erroneous edges. For strong alignment errors,
masking operations were used. The pixel intensities around
the dominant object boundaries fluctuated greatly and
showed large standard deviations. Thus, we used thresholded
standard deviation images as masking images.

B. SMALL-SCALE SOILING PATTERN EXTRACTION
As stated in SectionI, elevated edges or points are more likely
to be soiled with aged human sebum [1]. Such protruding
regions can be produced in two ways: intaglio printing and
banknote seals. Intaglio printing is a widely-used security
printing technique. This process requires a metal plate on
which pre-designed images are engraved. First, the engraved
regions are filled with ink. Then, the ink is transferred to
the sheet at high pressure, and at the same time, the inked
region rises slightly compared to the adjacent regions. Thus,
intaglio printing features are tactile [19]. Whereas these tac-
tile features are made by printing machines, crumples and
folds are usually made during circulation. Such wrinkles are
often difficult to reverse since banknotes usually lose their
stiffness once they are folded [2]. Compared to the large-scale
soiling patterns, speckles and fold lines are relatively small
and narrow in size. Such small-scale soiling patterns can
be easily eliminated using morphological closing operations.
However, these operations also may remove other dark, small
and narrow banknote features. As can be seen in Fig. 5(b),
the edges of serial numbers, denomination numbers, letters
and object boundaries are strong and the influence of small-
scale soiling patterns is relatively small after the closing
operation.

To solve this problem, the closing operation needs to be
selectively applied to preserve strong edges so that different
images have soiling patterns only. One possible solution is to
use the generalized dynamic morphological quotient image

(GDMQI) [13], a multiscale morphology-based method,
which was first introduced for face illumination compen-
sation. For face images, bright light sources may produce
strong edges (shadows) on face surfaces. One of the main
concerns for most illumination compensation methods is to
eliminate the effect of shadows. In this context, the GDMQI
method can take advantage of the edge-preserving prop-
erty of multiscale morphological operations [13], [16], [17],
whereas other methods suffer from halo effects that usually
occur around the shadow regions. The GDMQI is defined as
follows:

ρ (x, y) = Cl (x, y) /Cs (x, y) (6)

P (x, y) = 1/
[
1+ exp {−k (ρ (x, y)− γ )}

]
(7)

GDC (x, y) = Cl (x, y)P (x, y)+ Cs (x, y) {1− P (x, y)}

(8)

GDMQI (x, y) = I (x, y) /GDC (x, y) (9)

whereGDC denotes generalized dynamic closing, andCl and
Cs are two different closing images obtained by using large
(l × l) and small (s × s) structuring elements, respectively.
Note that ρ and P are intermediate images. GDMQI’s edge-
preserving property can also be used for maintaining ban-
knote features if soiling patterns are eliminated. However,
the GDMQI method cannot be directly applied to this prob-
lem since it is based on the Retinex theory. According to this
theory, an observed image can be modeled as a product of
an illumination image and a reflectance image. This is why
the ρ value and the GDMQI image are based on division
operations. On the other hand, unfit banknote images cannot
be decomposed into illumination and reflectance images.
Instead, we considered the small-scale soiling patterns as
additive noise. Thus, we rewrote eq. (6–9), and defined a gen-
eralized dynamic morphological difference image (GDMDI)
as follows:

ρ′ (x, y) = Cl (x, y)− Cs (x, y) (10)

P′ (x, y) = 1/
[
1+exp

{
−k

(
ρ′ (x, y)− γ

)}]
(11)

MGDC (x, y) = Cl (x, y)P′ (x, y)+Cs (x, y)
{
1−P′ (x, y)

}
(12)

GDMDI (x, y) = MGDC (x, y)− I (x, y) (13)

Simply, the MGDC image can be interpreted as a blend
function between two closing imagesCl andCs. More specif-
ically, if ρ (x, y) > γ and k > 0, then P′ (x, y) > 0.5
and Cl is dominant. If Cl removes dark, small and narrow
objects while Cs preserves them, ρ (x, y) > γ . Since our
target is to preserve such objects, k should be negative here.
Figs. 5(c-d) show some examples of the GDMQI and
GDMDI results. Small-scale soiling patterns were success-
fully extracted by the GDMQI method, though denomination
numbers and some strong edges were still visible. On the
other hand, most banknote features (seals, serial numbers,
main objects, etc.) were removed by the GDMDI method
(Fig. 5(d)).
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C. FEATURE EXTACTION AND BANKNOTE FITNESS
DETECTION
Each scanned banknote has two RGB images: front and back
sides. Thus there were six channels. We applied the CDI
and GDMDI methods independently to each channel, and
obtained six CDIs and six GDMDIs per banknote. For the
12 channels, we computed average pixel intensity values, and
constructed a 12-dimensional vector v as follows:

v =
1
WH

 H∑
y=1

W∑
x=1

Ẑt,1 (x, y) ,
H∑
y=1

W∑
x=1

Ẑt,2 (x, y) ,

· · · ,

H∑
y=1

W∑
x=1

Ẑt,6 (x, y) , · · ·

H∑
y=1

W∑
x=1

GDMDI1 (x, y) ,
H∑
y=1

W∑
x=1

GDMDI2 (x, y) ,

· · · ,

H∑
y=1

W∑
x=1

GDMDI6 (x, y)

T (14)

where Ẑt,i (x, y) andGDMDIi represent the CDI and GDMDI
of the i-th channel, respectively.

Instead of using the full images, we only used the vectors to
reduce computation complexity. CDI methods are generally
used for extracting large-scale soiling patterns: soiling on
the entire banknote and locally concentrated soiling. Using
average values is not helpful to find locally concentrated
soiling. If the area of local soiling is small (e.g. 10 × 10
pixels), the average value of the extracted soiling pattern
image will also be small. In this case, standard deviations
might providemore discriminative power for banknote fitness
detection. As can be seen in Fig. 4(c), extracted soiling pat-
terns of fit banknotes are usually low in value (Note that the
images in Fig. 4(c) are inverted images). Thus, their standard
deviations are also low whereas banknotes with soiling have
larger standard deviations.

On the other hand, the average intensity values of
GDMDIs also provide useful information for soiling detec-
tion. As shown in Fig. 5(d), GDMDIs have many micro pat-
terns designed for security in addition to small-scale soiling
patterns. However, this is not a critical issue if we use aver-
ages. Whereas fit banknotes contain micro patterns, soiled
banknotes may contain both micro patterns and soiling pat-
terns. This might cause the average values of unfit banknotes
to be higher than those of fit banknotes.

For banknote fitness determination, we designed the
classifier by considering the following. First, as stated in
Section II.A, we regarded banknote fitness determination as
a single class classification since we did not have sufficient
prior knowledge of soiling patterns, particularly for newly
designed banknotes. Second, we aimed to minimize the com-
putational complexity since the computation power of typical
ATMs is moderate and commercial ATMs need to process
at least 10 banknotes per second. Lastly, soiling patterns of

FIGURE 5. (a) Fit (left) and unfit (right) Russian RUB 1000 CIS banknote
images. (b) Difference between original and closed images.
(c) Generalized dynamic morphological quotient images (GDMQI) and
(d) generalized dynamic morphological difference images (GDMDI). Note
that (b-d) are inverted images.

FIGURE 6. Some EUR 500 banknote examples of banknote databases.
(a) A fit banknote. Unfit banknotes: (b) soiled, (c) de-inked and
(d) stained.

any RGB channels had to be detected and such banknotes
had to be classified as unfit banknotes. With the aforemen-
tioned considerations, we selected reference banknotes (i.e.
fit banknotes) and computed the mean and standard deviation
of the feature vectors as the reference mean vector m and
the reference standard deviation vector s. Then we developed
a maximum standard score (MSS) to estimate the banknote
fitness levels:

MSS (x) = max ((xi − mi) /si) (15)

where xi represents the i-th element of vector x. mi and
si denote the i-th element of m and s. As explained in
Section III.B, the xi values of unfit banknotes were larger
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TABLE 1. Number of fit and unfit banknotes and equal error rates (%) obtained by different methods on euro banknotes (EUR).

TABLE 2. Number of fit and unfit banknotes and equal error rates (%) obtained by different methods on russian banknotes (RUB).

than those of the fit banknotes. Also, themax(·) operation was
used to find the largest difference. Then,MSS (x)was used to
represent the fitness level. By using the reference banknotes,
one can calculate their maximum MSS value as a threshold
for classifying unfit banknotes.

IV. EXPERIMENTS
A. DATABASES
Contact image sensor images of real banknotes (50 dots per
inch (DPI)) were used in the experiments. We used both sides
of the RGB images. There were 12 different denominations
from the EU and Russian banknotes: Euro (EUR: 5, 10,
20, 50, 100, 200, 500) and Russian Ruble (RUB: 50, 100,
500, 1000, 5000). Some denominations feature two different
designs (EUR: 5, 10, 20, and RUB: 500, 1000, 5000) and
so there were a total of 18 different designs. Tables 1 and
2 show the number of fit and unfit banknotes. The unfit EUR
banknotes consisted of three categories: soiled, de-inked,
and stained. Fig. 6 shows some examples of fit and unfit
banknotes. The soiled EUR banknotes were usually soiled
across the entire region. For the de-inked EUR banknotes,
the entire banknotes were discolored. Also, the stained EUR
banknotes had a stamp mark (a black square). On the other
hand, the unfit RUB banknotes have no category classifica-
tion, though most of them were soiled banknotes. Also, some
stained banknotes were included in the RUB 1000 denomina-
tions (2014).

B. EXPERIMENTAL RESULTS
Tables 1 and 2 also show the banknote fitness determina-
tion results. For each denomination, the fitness levels of
the banknotes were first computed and sorted. Then we

FIGURE 7. (a) A fit RUB 1000 banknote. (b) Unfit RUB 1000 banknotes
erroneously classified as fit.

computed the equal error rates (EER: the false rejection rate
and the false acceptance rate are identical) using the receiver
operation characteristic (ROC) curve, which was used for
performance comparison. To compare the proposed method
(GDMDI + CDI) with other methods, we also tested the
following: average pixel intensity (Average) [12], average
pixel intensity of a Sobel operator applied image (Sobel edge)
[12], and a combination of Otsu-based and selective closing
(Otsu + Selective) [12]. We also provided the results when
either GDMDI or CDI were used. For all the denominations,
we used fixed parameters: k = −5, γ = 22 , l = 5 and
s = 1, for the GDMDI method. These parameters were
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empirically determined based on the EUR 5 fit banknotes.
In all the denominations, the combined method (GDMDI +
CDI) showed the best performance. Using only the GDMDI
method was not good for EUR banknote fitness determina-
tion. As can be seen in Table 2, the average pixel intensity
value may be a good and simple solution since the aver-
age intensity values of soiled notes are usually lower than
those of fit ones. However, this method may fail for de-
inked or stained banknotes. For example, soiled EUR notes
were perfectly classified for all denominations whereas the
error rates of the de-inked and stained notes were 93.48%
(86/92) and 43.00% (128/293), respectively. We used the
EER threshold values, obtained from the ROCs. The com-
bined method (GDMDI + CDI) showed errors of about
1.32% for the RUB 1000 (2004 and 2010) banknotes. As can
be seen in Fig. 7, the soiling level of the error banknotes
(unfit banknotes) was very low, which indicates the proposed
method was able to accurately predict the soiling level of the
banknotes.

V. CONCLUSIONS
In this paper, we proposed a banknote fitness determination
method.We first classified the soiling patterns into two types:
large- and small-scale soiling patterns. Then, we used two
different morphology-based banknote fitness determination
methods. The CDI method was developed to extract large-
scale soiling patterns, which required fixed size reference
images. Also, the GDMDI, a modified version of the GDMQI
method [13], was proposed to capture the small-scale soil-
ing patterns. By combining these two methods, we devel-
oped a method that showed promising results for banknote
databases that contained 18 different designs of EUR and
RUB banknotes. Especially, the proposed methods success-
fully detected the soiling patterns of the unfit RUB banknotes.
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