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Abstract

Optical density measurements are critical for process control and quality assurance during print production. Use of
scanners and cameras for color correction and colorimetric measurements have been reported earlier in literature.
This paper presents a procedure for using a scanner as a densitometer. Density of printed patches were calculated
using the pixel intensity values obtained from scanning a test target. Optical density was measured simultaneously
from a densitometer and also computed from the L* measurements for the same patches. Four regression algorithms
were used for modeling the behavior of the scanner using these two models. The models were tested and validated.
The accuracy and performance of these models were compared. Results convey that the scanner can indeed be used
for taking densitometric measurements obtained from the L*, under the presented method.

Keywords: densitometer, process control, print quality, regression, machine learning

1. Introduction

Optical density is a measure of the share of light that
gets reflected or transmitted from a surface. In the
case of films, it is referred to as transmission density,
while for opaque substrate, it is called reflection den-
sity. Process control plays a pivotal role in ensuring
quality during print production. There exist multi-
ple dimensions to the process control methodologies
that are employed at press. Apart from colorimetric
considerations, densitometric metrology and its con-
trol is required for achieving repeatable print results
with other variables remaining the same. Many spec-
ifications and standards in print are based on achiev-
ing some pre-determined densitometric aims. Even
when targeting the colorimetric aims, it is pertinent
to achieve some standard print density. Density meas-
urements provide a direct indication of the ink film
deposition on the substrate. Offset printing is heavily
reliant on the proportional quantities in which process
inks are deposited. Optimal ink film deposition ensures
good gray balance and printing without any color cast.
Density can also give an insight into the quality of tonal
reproduction during printing. In case of failure to attain
densitometric targets or control thereof, problems that
include hue shift during multi-color wet-on-wet print-

ing are likely to occur. Densitometric measurements
are also used for quantifying other parameters like dot
gain, trap, contrast and hue error. Further, it is worth-
while to note that calibration of tonal values, which is
a prerequisite to press characterization, also involves
densitometric metrology.

The standard methodology for measurement of opti-
cal reflection density involves the use of a densitom-
eter. Based on geometric construction and spectral
behaviors of the instruments, there exists regional and
international standards that define such measurement
conditions. A densitometer typically employs a light
source that is placed at an angle of 45° with respect
to the sample where the light is focused using optical
apparatus. The reflected light is recorded at an angle
of 90°. This is done to capture the diffused light and
ignore the gloss effects of the printed substrate. For
traditional densitometers used in the printing industry,
the reflected light would be made to pass through the
color filters based on the ink whose density is being
measured. For process colors, complimentary filters
are used, while separate readings from each filter are
required for non-process colors with the highest read-
ing being the one corresponding to the density of such
colors. However, present-day densitometers employ
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spectral reflectance values at an optimum wavelength
for the measurement of the densities of prints. This
is especially important when measuring the densities
of spot colors, as selecting any one of the fixed color
filters would not yield optimal results. These instru-
ments have built-in filter functions, each of which
matches specific print condition (Eckhard, et al., 2014).
The reflected light is then made to pass through a log-
arithmic amplifier and digitizer. The use of logarith-
mic scale is to ensure parity between densitometric
measurements and logarithmic response nature of the
human eyes. Further, to eliminate the differences in
measurements owing to wet and dry ink films, polari-
zation filters are provided both along the incident and
reflected light path. The resulting reflected light is used
to calculate the optical reflection density of the patch.
Mathematically, optical density is given as the loga-
rithm of the inverse of percentage reflectance.

Some of the earlier works (Derr, 1959) in constructing
reflection densitometers have elaborated methods to
develop the instrument to regulate the specular com-
ponent of reflected light obtained from the printed
surface. Kendall (1932) developed a reflection den-
sitometer for the purpose of analysing the density of
silver deposits on photographic papers. Watt (1956)
developed a densitometer with similar geometry as
referred to earlier, which was able to employ dense fil-
ters including interference filters to be used. McFarlane
(1934) described a method for the construction of a
versatile reflection densitometer with similar geometry
that could be used for measurements on photographic
papers as well as halftone printed substrate.

During print process control, faster densitometric
measurements are required to implement any changes
at press, if required. Densitometric measurements
taken from patches printed on color bars are usually
done from one patch to the other sequentially. This
paper aims to implement a faster method in density
measurements using an image scanner. Image scan-
ners have been used in prior work in extracting den-
sitometric measurements from plates (Lim and Mani,
1998; 1999), where the quality on solid prints referred
to as mottle were evaluated from the lightness var-
iation obtained from scanned image of a print. It is
noteworthy that in the said work, the scanner was cal-
ibrated using calibration software and profiles were
made for conversion of device dependent to independ-
ent data. In Wu (2001), investigation was conducted
on the sources of error during measurements of print
quality using a color scanner and proposed a method
of linearizing followed by color scanner calibration to
convert scanned colors from device space to independ-
ent space. In Rasmussen, Mishra, and Mongeon (2000),
authors approached the problem of analysing print
defects and quality using flatbed and drum scanners.

They used multiple scanners for sample collection
and converted the scanned color patches from RGB
to CIELAB space using color transformation matrices.
Metrics relating to lightness values of cyan, magenta,
yellow and black patches printed on a test target were
then utilized for print quality assessment. Scanners
were also used for measuring print quality in Streckel,
et al. (2003), where single color patches were scanned
for analysing density followed by calibration of the
scanner by means of converting the scanner responses
to density using conversion tables.

Scanners have also been used in fields other than the
graphic communication like in the medical technology
field. Alva, et al. (2002), described a method wherein a
flatbed image scanner was used to work like a densi-
tometer for measuring the film response of radiochro-
mic films. The films were irradiated in incremental
manner leading to the formation of step wedges which
were scanned and the film responses were evaluated
and compared to optical density. An almost linear rela-
tionship was observed leading for the conclusion that
film responses obtained from scanned films could be
a substitute for optical density measurements. Xuong
(1969) developed a system for measuring the density
on x-ray diffraction films. The system used a drum
type scanner for obtaining the measurements and the
resultant light intensity were used for converting the
film response to optical density. Hertel and Hultgren
(2003) studied the granularity, which is a function of
density differences, by measuring the densities from
a scanned grayscale step-wedge on a flatbed scanner.
Hertel, Topfer and Bottcher (1994) used photodetec-
tor arrays to capture images of color films and as such
calculated density from this setup. The results showed
that the granularity density measured from the device
and that obtained from a densitometer were compa-
rable. In their study, Hertel and Brogan (2003) used a
flat-bed scanner to analyze the image quality of prints.
They processed the RGB signals to visual density meas-
urements using visual weighing coefficients. A method
for using a stepless wedge with varying density and a
flatbed scanner to measure granularity versus density
changes was developed by Hertel and Hultgren (2002).
Brydges, et al. (1998), described a method of usinga CCD
color camera for measuring raw RGB values of printed
patches to obtain densitometric measurements from
the readings. Seymour (1995) has used a CCD camera
for on-line detection of quality in printed output. The
work proposes to use the measured grayscale values for
R, G, B components of a patch obtained from the camera
and their corresponding densities obtained from a den-
sitometer to develop a look-up table and use the same
for further calculation of densities of unknown patches.
Other authors (Simomaa, 1987; Nemeth and Wang, 1993;
Malmqvist, et al., 1993; Busk, et al., 1993) have also used
CCD cameras for measuring optical densities of print.
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In this paper, a method is presented of using a flatbed
scanner for measuring the density of printed substrate
using machine learning. There have been wide appli-
cations of machine learning techniques in identifying
and analysing print quality. Verikas and Bacauskiene
(2008) have demonstrated the use of a CCD-based
color camera to obtain the spectral reflectance of color
patches and converted these measurements to ink film
density using a local kernel ridge regression method.
Lundstrom, et al. (2013), have used a CCD-based camera
for scanning printed patches on a web offset machine
and implemented a random forest based algorithm to
estimate ink density among other quality parameters.
Al-Mutawa and Moon (1993) have used a connection-
ist expert system that learns the relationship between
changes made by the press operator in ink key settings
based on changes in the ink film density and auto-
mates the process. In Yang, Chou and Yang (2013), the
authors used support vector regression (SVR) to cali-
brate non-linear systems like camera or computer for
correct color reproduction. Kuo, Ng and Wang (2002)
used SVM to compute differential gloss on printed sub-
strate from a mapping function obtained from the den-
sity/gloss measurements. Verikas, Bacauskiene and
Nilsson (2006) used SVR among other soft computing
techniques to evaluate values of various print quality
attributes to ensure print qual ty during production.
Funt and Xiong presented a method of using SVR
in determining the chromaticity of the light that has
been used in illuminating a scene from the histogram
of the image (Funt and Xiong, 2004; Xiong and Funt,
2006). Evans and Fisher (1994) used decision-tree
modelling that resulted in reduction of banding dur-
ing gravure print production. Das, et al. (2022), have
presented a method of using various machine learn-
ing including decision tree to solve the delays in print
production of gravure printing that involves cylinder
banding. Rabiha, et al. (2018), used decision tree based
data-mining methods to develop a set of rules and seg-
ment of customers that helped a printing company to
push marketing strategies.

There have been multiple implementations of regres-
sion methods to solve problems pertaining to print and
print quality. Various methodologies towards scanner
and other optical devices characterization have report-
edly used these techniques. Izadan and Nobbs (2006)
have used regression techniques for modelling the
scanner behaviour in converting the RGB values to
XYZ space. Lundstrom and Verikas (2013) used regres-
sion techniques among other methods to quantify and
assess quality of print based on various parameters.
Multiple linear regression methods were used for char-
acterizing the colorimetric behaviour of desktop scan-
ners while developing a color management module
for desktop-based printing system in Iino and Berns
(1998). In their work, Gebejes, et al. (2013), showed

methods for recovering reflectance data from multi-
angular camera RGB data using regression methods.
Kucuk, et al. (2022), have studied and compared the
results of camera color correction for converting cam-
era RGB data to XYZ data based on regression method
and that obtained from neural network based method.
Bangyong, Han and Shisheng (2014) applied polyno-
mial regression methods to model the relationship
between the measured and printed colors of patches in
a test target to ultimately obtain the gray values of the
patches. Hirn, et al. (2009), have reported the relation-
ship between print density differences and the local
properties of the paper and modelled this using linear
regression method. A method of calibrating scanner for
converting recorded device-dependent color data to
independent one using polynomial regression has been
proposed by Hardeberg, et al. (1996). Another method
of using polynomial regression for characterizing digi-
tal color camera by converting native space color data
to independent data was proposed by Hong, Luo and
Rhodes (2001) and Han (1998). Shaw, et al. (2003),
and Yang, et al. (2010), have used principal component
regression in characterizing printers and modelling
their output behaviour. Jetsu, et al. (2006), and Lo, et al.
(2006) presented methods for characterizing printers
and converting device-dependent color to their corre-
sponding reflectance spectra using polynomial regres-
sion, among others.

The contribution of this paper includes a machine
learning based framework for prediction of densito-
metric measurement from the scanned color patches
and a comparative analysis between performances
of some of the popular conventional prediction tech-
niques on the same. The success of the presented
method can result in development of much less expen-
sive and easy to operate system for density meas-
urement since the commercially used densitometers
are considerably expensive and often not available in
small presses, while scanner is available in most of the
presses.

2. Methods

Prior to the experimentation, a test target was devel-
oped. Since the work involved characterizing the
behaviour of a scanner, the test target was made in
line with IT 8.7/2. The patches were designed with
CIE L*a*b* values from a reference file obtained online.
Since this target is a standard that is used worldwide,
it was seen fit to use it for the work. The target con-
tains 264 color patches and 24 gray patches. Once the
target was developed, it was printed using a CMYK
inkjet desktop printer on an optical brightening agent
(OBA) free photopaper. The target was then scanned
using an Epson Perfection V19 Photo scanning device.
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Since any changes that might be done to the image dur-
ing scanning or processing might lead to alteration of
pixel intensity values of the image, and it might lose
its fidelity to the original, the scan was done in RAW
mode, without any further processing like color cor-
rection, sharpening and exposure control. The image
was scanned with linear Gamma at 8-bit RGB color and
1200 dpi resolution. The scanned image was stored in
uncompressed TIFF format.

The image was analyzed using Image] (Pérez and
Pascau, 2013). The mean pixel intensity values for indi-
vidual patches were extracted using the software from
the scanned image of the target. Since optical density
is a measure of the logarithmic ratio of incident and
reflected light (Merton, 1924), the incident light (I;)
has been considered here as the highest possible pixel
intensity value for an 8-bit RGB image, i.e., 255, while
the reflected light (/) is mean pixel intensity obtained
for a patch, as given in Equation [1].

0D = log () (1]

The mean pixel intensity was extracted from the
individual patches, and the optical density (OD) was
derived for the patches using Equation [1].

For characterizing the behaviour of the scanner, two
models were developed. The first was comparing the
densities obtained from mean pixel intensities (OD) of
the patches to their corresponding actual optical densi-
ties (MD) obtained from a densitometer. Hence, for this
model, OD was the independent variable and MD was
the dependent variable. This will be further referred to
as the MD model. The second model involved extract-
ing the L* values of the said patches using a spectro-
photometer. The L* refers to the lightness of luminance
component (Ledn, et al.,, 2006) of a color and is chroma-
independent. The CIE L*a*b* color space is percep-
tually uniform and as such it is a metric that can
define the darkness or lightness of a patch. A Techkon
SpectroDens spectrophotometer was used for measur-
ing the L* values for the patches in the test target. The
M1 measurement conditions were used with D50/10°
illuminant/observer. Equations [2] and [3] describe the
method to compute L* values.

1

Y \3 Y
L= 116(—) — 16, if (—) > 0.008856 [2]
| Yy
Y Y
L*=903.3 (—), if (—) < 0.008856 [3]
Y, Y

where L* is the CIE lightness value (Ebner, 2007), and
Y, is the Y tristimulus value for the reference white
used for measurement. The Y tristimulus value repre-
sents the percentage luminance factor. The ratio Y/Y,
when raised to the one third cube represents a percep-
tual attribute of lightness (Sharma, 2018). The value
of Yis 100 for perfect white patches and 0 for patches
that absorb no light (Hunt and Pointer, 2011). Thus, this
metric can be used for converting the L* values to opti-
cal density, as the ratio (Y/Y,) correlates to the ratio
(1/1,) as given in Equation [1]. This results in the fol-
lowing equations:

LD =1 ( 116 )3 it L > 0.008856 4

= 10810 ' +16 ;lyn—- [4]
9033\ Y

LD = log,, (—) if — < 0.008856 [5]
5 Y,

Equations [4] or [5], depending on satisfying the given
condition, were used for converting the L* values to
optical density (LD) for the measured patches. These
are the actual density values for the patches (dependent
variable) that were used along with OD (independent
variable) for modelling the behaviour of the scanner.
This will be further referred to as the LD model. An
example of scanned patches and corresponding mean
intensity and L* values is shown in Figure 1.

Along with the density-based model (MD), the L* based
model (LD) was also considered owing to two reasons:
L* is an indicator of darkness or lightness of a patch
and having two distinct models for prediction would
allow scope of cross-validation of results. For both the
models, i.e, MD and LD, four regression techniques
were applied to find the best prediction model; namely
LR: linear regression, PR-2: second-order polynomial
regression, SVR: support vector regression, and DT:
decision trees. A brief of these algorithms has been
provided below for ready reference. In this work, for

1 2 3 4 & 6 8 9 10 =1l 13
g

Mean

14 15 M

19 B 22
| .

pixel 3500  38.81 42.67 45.19 6633 72.56 7676 77.29 127.88 133.36 139.45 137.02 203.55 20646 203.73 20042 19897 201.52 20276 2522 41.62 5891

intensity

L*value 17.17 1823 1991 2097 3215 33.57 3458 3395 5833 5976 60.63 5863 7949 79.52 79.46 79.57 79.71 80.18 80.02 10.89 18.58 24.84

Figure 1: Example of scanned printed patches and corresponding mean intensity and L* values
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Table 1: Pseudocodes of used regression algorithms

Linear and polynomial regression Support vector regression

Decision trees

General form of representation:
YV =0+ ax + ax’ ..+ a,x"

For linear regression n =1

Run the algorithm to find the
coefficients (ay, a;, ay, ..., a,)

represented as:

I
following the least square method ) llall
where the sum of squared residuals
(S) is calculated as below and

Unlike linear and polynomial
regression the goal is to minimize
the L2 norm of the coefficients

where the error term is included in
terms of a constrained presented as

This algorithm learns the decision
rules from the training data. It
starts with a root node and then
keep on splitting into child node
in order to reduce entropy (E) and
increase information gain (IG) that
are calculated as follows:

N
E= Z —pilogz(p)
i=1

K
IG=E - Z Ejr41
j=1

minimized. lyiaix] < e
n

S=) 1 where ¢ is the maximum acceptable
i=1 error.

where

=y~ f(xa)

where [ is the iteration and j is the
index of subject in total number of
subset K in that split.

all the models, 60 % of the total number of patches
were used for training, 20 % for model validation and
remaining 20 % for testing.

The stated regression algorithms were subjected to
10-fold cross-validation to arrive into the model param-
eters to be used for testing. Among these algorithms
DT needs to have two important user specified param-
eters, i.e., maximum depth of tree, which regulates the
maximum number of splits a tree can make, and min-
imum number of sample leaf, which conveys the min-
imum number of samples or observations needed to
make a leaf under a parent node. From the literature
review (Dogru, Buyrukoglu and Ari, 2023; Hou, et al,,
2023; Yazu, et al,, 2022) and trial- and-error runs with
different combinations of values, it has been found that
40 for depth of tree and 10 for minimum sample leaf
may be optimal for this work. Nevertheless, scope of
optimizing the DT parameters is still open and has not
been considered under the focus of this work. The LD
and MD based models were then assessed based on
their accuracy and error metrics.

2.1 Regression algorithms

Regression algorithms are commonly used for pre-
diction of continuous real values. Regression analysis
corresponds to the mathematical process of identi-
fying the relationship between a dependent variable
and one or more independent variable. Among dif-
ferent algorithms, linear and polynomial regression
(Weisberg, 2005; Seber, 2012; Ostertagova, 2012), sup-
port vector regression, (Vapnik, Golowich and Smola,
1997; Vapnik, 1999; Drucker, et al., 1996), and decision
trees (Kingsford and Salzberg, 2008; Kotsiantis, 2013;

Breiman, et al., 1984) are the popular algorithms that
have been explored in this work. The pseudocodes of
these algorithms are shown in Table 1.

3. Results

The results of 10-fold cross validation runs have been
provided in Table 2, where the best folds have been
highlighted in bold.

Table 2 shows that LR, SVR and DT perform equivalently
while PR-2 shows better performance in comparison to
other algorithms under consideration. The betterment
is reflected in the average and standard deviation val-
ues as well. In case of PR-2, the average value is higher
than others and standard deviation value is lower.
Table 2 also shows that LD model provides visibly bet-
ter prediction performance than the MD model for all
the regression models under consideration.

Figures 2 and 3 show the prediction plots of the MD
model and LD model, respectively, for the regression
models under consideration. In these plots the diag-
onal line presents ideal line where predicted values
exactly match the actual values. Hence, the deviation
of the scattered points from the diagonal line shows
the goodness of the prediction.

The accuracy of prediction can further be visualized
using residual plots shown in Figure 4 and Figure 5
for the MD based and LD based models, respectively.
In these plots the differences in percentage between
actual and predicted values have been plotted. The
differences between predicted and actual values were
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Table 2: Results of 10-fold cross-validation for different regression algorithms for both MD and LD models

LR PR-2 SVR DT
MD LD MD LD MD LD MD LD
Fold 1 0.8781 09555 0.8721 0.9855 0.8683 0.9855 0.7610 0.9855
Fold 2 0.6435 09805 0.6835 0.9555 0.6541 09555 0.7090 0.9555
Fold 3 0.7600 0.9627 0.7900 0.9805 0.7550 0.9805 0.7742 0.9505
Fold 4 0.6302 09792 0.8172 0.9627 0.6494 09627 0.5840 0.9627
Fold 5 0.7562 09642 0.8232 0.9792 0.7506 0.9792 0.6978 0.9592
Fold 6 0.8476 09743 0.8500 0.9912 0.8832 09642 0.8149 0.9642
Fold 7 0.7229 09866 0.8120 0.9743 0.6978 0.9743 0.7474 0.9743
Fold 8 0.7238 09715 0.7842 0.9866 0.7038 0.9866 0.6779 0.9766
Fold 9 0.8137 09521 0.8847 0.9715 0.7894 09715 0.7882 0.9515
Fold 10 0.6358 0.9555 0.7829 0.9521 0.6309 09521 0.7386 0.9521
Average 0.7411 09682 0.8099 0.9739 0.7382 0.9712 0.7293 0.9632
Standard deviation 0.0878 0.0113 0.0568 0.0126 0.0883 0.0115 0.0661 0.0113
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Figure 2: Prediction results with the MD model for different regression algorithms;
(a) LR, (b) PR-2, (c) SVR and (d) DT

interpreted in percentage values using Equation [6].
The straight line at ‘0’ is the reference line that would
result if the predicted values were exactly same as the
actual values.
X — Y
Residual value (%) = % x 100 [6]

4

where x; and y; are individual actual and predicted val-
ues, respectively.

Apart from the visual presentations, the results of
predictions were further evaluated against some of
the popular metrics (Naser, 2020; Ostertagova, 2012),
namely, mean squared error (MSE), mean absolute
error (MAE) and R-squared (R?) values. The first two
metrics represent goodness of the prediction model by
small values, while higher the R? values the better pre-
diction performance. The results of evaluation for the
MD and LD models are presented in Table 3.
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Figure 3: Prediction results with the LD model for different regression algorithms; (a) LR, (b) PR-2, (c) SVR and (d) DT
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Figure 4: The residual plots with the MD model for different regression algorithms; (a) LR, (b) PR-2, (c) SVR and (d) DT
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Figure 5: The residual plots with the LD model for different regression algorithms;
(a) LR, (b) PR-2, (c) SVR and (d) DT

Table 3: Performance evaluation of the models with various regression algorithms

Regression MSE MAE R?

algorithm MD LD MD LD MD LD

LR 0.1261 0.0060 0.2967 0.0559 0.7204 0.9753
PR-2 0.1235 0.0013 0.2998 0.0256 0.7262 0.9932
SVR 0.1188 0.0069 0.2779 0.0627 0.7366 0.9718
DT 0.1423 0.0098 0.2839 0.0756 0.6845 0.9597

4. Discussions

From the MD model prediction results that can be
seen in Figure 2, it is clearly evident that the predicted
points are widely spread out away from the diagonal
line, indicating poorer goodness of fit. From the pre-
diction results of all four regression algorithms, it is
further evident that the dependent (MD) and inde-
pendent (OD) variables most likely do not share a lin-
ear relationship.

The prediction results shown in Figure 3 for the LD
model show that in all the cases the predicted points
are in close proximity to the diagonal line, which

reflects the goodness of fit. The figure also conveys
the low degree of relational non-linearity between OD
and LD. Due to such relation, simple regression mod-
els like LR and PR-2 have also shown good prediction
results.

Figure 4 describes the residual plots for the MD model.
The residues are again more widely spread out for all
the regression algorithms as compared to the LD model.
The overall spread for the residues has increased as
can be seen from the increased limits for the axes that
vary within +45 for LR, PR-2 and SVR algorithms and
from +55 to -150 for the DT algorithm, indicating poor
predictors.
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Residual plots in Figure 5 for the LD model show that
residues are denser near the origin, scarce away from
it and have no apparent patterns when moved along
the x-axis, which are characteristics of good plots. The
residual plots validate the model performance and
increase the confidence in its accuracy. The plots for
PR-2, LR and SVR suggest that most of the data resides
within #10 % from the origin. There is no obvious
patterns observable in the residuals. The plot for DT
model contained more residuals away from the origin
in comparison to other models. And it is quite noticea-
ble that the residuals for PR-2 are concentrated along
the origin line more than for any other model. This is
in line with the observations from the earlier findings.
From the results discussed, it may be understood that
the PR-2 model performed better than other models
for this experiment.

Table 3 shows that in terms of the accuracy of the four
regression algorithms, the PR-2 model with the R? error
at 0.9932 performs the best among all. The results for
MSE and MAE also are the lowest for the PR-2 model.
This can be verified with the fact that the independent
variable is one-dimensional and is highly correlated with
the dependent variable. The R? error for PR-2 and LR
are similar, yet MSE and MAE values for PR-2 are sig-
nificantly higher than for LR. It is interesting to note
that performance of models LR and SVR is almost com-
parable. It may be due to the fact that SVR performs
well for multidimensional input variables. It seems
that DT has performed relatively poorer in modeling
the scanner behavior. The reason might be attributed
to the fact that DT results in over-fitting frequently,
hence there are comparatively more cases where DT
could not perform well in predicting unknown obser-
vations. However, if their variables had higher degree of
non-linearity, DT could have performed well compared
to LR and PR-2. Although the R? values are indicative of
the accuracy of the model, other metrics are required
to validate the models. Residual plot might be useful
in visualizing and validating the performance of the
regression algorithms and MAE and MSE values may
act as the validator for R? results.

Table 3 also presents the error metrics for MD model.
As evident, the error metrics for all the regression algo-
rithms have poorer values when compared to those
obtained from the LD model. Of the four regression
algorithms used for the MD model, PR-2 performed

Acknowledgement

better than the rest. When compared to their LD coun-
terparts, the MD regression algorithms fell short by
more than 24 % in R? error, by more than 73 % in MAE,
and by more than 93 % in MSE. This finding is in line
with the prediction and residual data discussed earlier.

When compared to the MD model, the LD model cer-
tainly not only outperformed it but also predicted
results with substantial accuracy. Overall, the results
are encouraging and lead to the inference that using
the PR-2 regression algorithm of the LD model, the
scanner behavior can be characterized and the scanner
as such can be used for the purpose of densitometric
measurements.

5. Conclusion

This work provides an insight into a new regres-
sion-based investigation that may be used for char-
acterizing a scanner for using it as a densitometer.
Two models were tested, one based on actual density
measurements and the other based on density meas-
urements obtained from L* values. Multiple regression
algorithms were implemented for both these models in
data analysis and the results suggested that PR-2 algo-
rithm of the LD model outperformed other machine
learning algorithms. One reason behind this might
be the fact that the independent input variables were
one-dimensional and machine learning algorithms
with higher computational complexity deal well with
complex multidimensional data. The scope of this
work included estimation of density of patches printed
using inkjet technology on a single type of paper.
While working with photopapers, the measurement
condition is important. It might be prudent to use the
polarizing filter along with M2 measurement condition
for substrates that are glossy and fluorescent. Further
work may include measuring density on a wide variety
of substrates printed with multiple technologies and
collecting other data along with pixel intensities. In
such cases, machine learning algorithms might prove
efficient in handling larger multi-variate data. Instead
of measuring the density of individual patches, a single
scan can provide the density of hundreds of patches,
resulting in increased efficiency of process control
during print production. The reported work thus can
be a promising step towards mapping scanned print
patches into possible densitometric measurements.
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