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Abstract—Modern industrial cameras mainly use the Bayer
pattern as color filter array (CFA). However, this filtering limits
the resolution of the color space. As interpolation methods
cannot reconstruct the original image perfectly, they have to be
optimized for a specific application. Therefore, the interpolation
should match the purpose of the image processing system. Many
standard algorithms are optimized for the subjective impression
of a human observer which is not necessarily ideal for industrial
applications. This paper introduces a new methodology for
evaluating interpolation algorithms in industrial applications. For
this purpose, a new dataset based on printed circuit boards as
representatives for objects in industrial application is introduced.
It shows many distinct features which are typical for industrial
scenarios such as high contrast object edges, highly reflective
materials and low variety of surface colors. Furthermore, two
new error measures based on edge accuracy are presented which
are tailored to many measurement tasks which employ edges. It
can be shown in an evaluation of common CFA interpolation
algorithms that these new error measures are better suited
to identify the best interpolation algorithm for retaining edge
accuracy than conventional error measures.

I. INTRODUCTION AND RELATED WORK

For industrial applications the use of color cameras has be-
come more widespread in the last decade as color is a valuable
source for distinct image features. Due to lower production
costs cameras with single sensor chips predominate the market
of industrial cameras. They apply color filter arrays (CFA) in
front of the light sensitive CCD or CMOS sensor pixels to
sample the frequency space of the incident light rays. Nearly
all CFAs are implemented employing the scheme presented
by Bryce E. Bayer [1] as shown in Figure 1. Due to the
spatial subsampling of color information an interpolation step -
also known as demosaicing - is necessary to reconstruct color
information at each sensor pixel for full resolution images.
This interpolation is not perfect as the Nyquist condition is
violated in most image acquisition scenarios (e.g. sharp edges
on object contours). To minimize the impact of reconstruction
errors, the interpolation scheme has to be optimized for a
specific application. Optimization criteria frequently applied in
literature are the perceived image quality and the reconstruc-
tion error in natural scenes. Most algorithms were evaluated
on image data sets such as the Kodak Photo CD and the more
recent McMaster or IMAX dataset [2]. To our knowledge
scenes appearing in industrial applications have not been
properly addressed so far. This paper comprises the following

contributions: First of all, a new data set based on images of
printed circuit boards (PCBs) is created, which covers several
features of industrial scenarios. This is detailed in Section II.
Furthermore, the evaluation results of eight interpolation al-
gorithms on our newly introduced data set are presented.
CFA interpolation algorithms can be categorized into heuristic
methods, edge oriented methods, Fourier based methods and
wavelet based methods [3]. The evaluated algorithms cover
all aforementioned groups and are presented in Section III.
Finally, we present a new error measure assessing the accuracy
of the position of edges after interpolation as edges are widely
used features especially in measurement applications.

Fig. 1: Illustration of Bayer CFA. One segment is highlighted
which illustrates the combination of CFA pixels to create a
reference image (see Section II)

II. SYSTEM AND IMAGE DATA

There are several image datasets commonly used for eval-
uating interpolation algorithms. The Kodak Photo CD dataset
consists of 24 example images taken from a promotional Photo
CD by Kodak. These images were acquired with analog film
material and then digitized with a Kodak photo scanner. Thus,
no CFA was present at acquisition time. This dataset is rather
old, thus the images do not represent the current camera



technology. Another frequently used dataset is the IMAX
high quality dataset (also known as McMaster dataset) [2]
which contains 18 images with more details than in the Kodak
dataset. Algorithms optimized for the Kodak Dataset may
show suboptimal results for the McMaster dataset. Especially
the constant hue assumption (see Section III) does not hold
for the McMaster dataset.

Images in both aforementioned datasets depict everyday
scenes which are common in consumer scenarios. In contrast,
scenes in industrial applications differ significantly, as they
contain only few objects which have to undergo inspection
for measurements and quality control. These objects often
have sharp edges, metallic surfaces and a limited variety of
surface colors. To evaluate the CFA interpolation quality in
these scenes other image datasets are needed which reflect
the requirements of industrial applications. Thus, we introduce
a new dataset which meets the aforementioned requirements.
This dataset comprises 218 images of printed circuit boards
(PCBs) as they contain many features which are common in
many industrial scenes (e.g. box-like structures, sharp edges,
metallic surfaces and homogeneous areas). The images were
acquired by a 5 mega pixel RGB camera (Baumer TXG50c).
The TXG50c is a single sensor chip camera equipped with a
Bayer CFA. Thus, the acquired images cannot be employed
directly to evaluate the interpolation quality. For obtaining ref-
erence images, the images are downsampled to compensate for
the subsampling of the CFA images as described by Kashabi et
al. [4]. For this purpose, the raw CFA image is divided into
square regions with three pixel edge length (see Figure 1 for
illustration). In each region the values of the sensor elements
of each color are averaged and combined to form a single pixel
with all three components and, thus, forming the subsampled
image. A low pass filter step can be omitted as most digital
cameras are equipped with an optical low pass filter. The
remaining aliasing is negligibly small. For the evaluation of
the interpolation algorithms, the image acquisition with Bayer
CFA has to be emulated. Therefore, images of each data set
have to be stripped of two of the three color components at
each pixel according to the CFA configuration. These CFA
images form the input of the interpolation algorithms. The
results are then compared to the original images. For further
details for the evaluation process, see Section V. See Figure 2
dataset examples. The PCB dataset can be downloaded from
our website1.

III. METHODS

Due to the CFA each sensor pixel carries only the infor-
mation of a single color channel. Thus, the missing color
information has to be reconstructed to obtain the complete
full color image. Unfortunately, a perfect reconstruction is
not possible in nearly all cases because of the subsampling
of the color information and the violation of the Nyquist
criterion. Therefore, only an approximation of the original
information can be achieved. There are many approaches in
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Fig. 2: Examples for datasets: First row Kodak, second row
McM and third row PCBs

literature for CFA interpolation. An overview can be found in
the survey papers by X. Li, B. Gunturk and L. Zhang [5] and
by D. Menon and G. Calvagno [3]. These approaches can be
grouped in four categories: heuristic methods, edge-oriented
methods, Fourier-based methods and wavelet-based methods.
In the following, the evaluated algorithms, which cover all
these categories, are presented.

A. Heuristic methods

The most basic interpolation methods do not consider the
inter-channel correlations and only interpolate the missing
values in each channel based on the neighboring values. More
sophisticated algorithms make general assumption about the
content of the images such as the constant hue condition (the
hue changes only slowly between adjacent pixels) to use also
information from other color channels. These algorithms do
not adapt to the content of the images to interpolate, though.
Thus, they may be called “heuristic”.

In the following the pixel values of the red channel are
denoted r(x, y, the values of the blue channel b(x, y) and the
values of the green channel g(x, y) where x an y are the pixel
coordinates.

1) Bilinear interpolation: The bilinear interpolation was
added to the evaluation to include a classical approach as
benchmark. All other algorithms should outperform the bi-
linear interpolation as it interpolates each color channel sepa-
rately. For the green channel it is calculated by

g(x, y) =
g(x− 1, y) + g(x+ 1, y) + g(x, y − 1) + g(x, y + 1)

4
(1)

The red channel at green CFA pixel positions is calculated by

rg(x, y) =

{
r(x−1,y),r(x+1,y)

2 , if y is even
r(x,y−1),r(x,y+1)

2 , if y is odd
(2)



while the red channel at blue CFA pixels is calculated by

rb(x, y) =
1

4
(r(x− 1, y − 1) + r(x+ 1, y − 1)+

r(x− 1, y + 1) + r(x+ 1, y + 1))
(3)

The blue channel is calculated analogously.
2) Constant Hue Based: One of the first algorithms em-

ploying the correlation between the color channels is the one
by D.Cok [6]. The basic assumption here is, that the color
ratios (hue) are constant or change only slightly in an image.
The first step here is the interpolation of the green channel
by employing bilinear interpolation. Then, the color ratios Hr

and Hb at the positions where red respectively blue values are
present in the CFA image are calculated by

Hr(x, y) = r(x, y)/g(x, y) (4)

Hb(x, y) = b(x, y)/g(x, y) (5)

In the next step the missing color ratio values are interpolated
by using bilinear interpolation. Finally, the actual red and blue
values are calculated by multiplying every color ratio with the
green value at each position.

3) Improved Linear Interpolation: H.S. Malvar et al. [7]
presented an improved linear interpolation approach extending
the classical bilinear interpolation by employing the gradient
between adjacent pixels. The idea behind this extension is that
the luminance (i.e. the green values) is much more influenced
by edges than the chrominance (i.e. the red and blue values).
Thus, the information of blue and red pixels at positions where
the green pixels have to be interpolated is still useful to obtain
the real luminance values at these position. Therefore, the
actual value of the current red (respectively) blue pixel is
compared to the bilinear interpolation of its nearest neighbors.
If both values differ this pixel lies probably on an edge. This
difference is employed by modifying the interpolation of the
green value by

ĝ(x, y) = ĝB + α∆r(x, y) (6)

where the subscript B means bilinearly interpolated, α is the
gain parameter controlling the influence of α∆r(x, y) which
is the gradient of r(x, y) at that location which is computed
by

∆r(x, y) = r(x, y)− 1

4

∑
(i,j)∈S

r(x+ i, y + j) (7)

where
S = {(0, 2), (0, 2), (−2, 0), (2, 0)}. (8)

This idea is also employed for the other pixel colors accord-
ingly.

4) Effective color interpolation in CCD color filter arrays
using signal correlation: S.-C. Pei and I.-K. Tam propose
an algorithm [8] also employing the correlation between the
color channels. In contrast to the by D.Cok [6] all channels
are interpolated without interpolating the green channel first.
Instead, a difference color space is introduced:

KR(x, y) = g(x, y)− r(x, y) (9)

KB(x, y) = g(x, y)− b(x, y) (10)

At each position only one component of KR and KB is
available. The missing component has to be interpolated:

KR(x, y) =

{
g(x, y)− r(x−1,y),r(x+1,y)

2 , if y is even
g(x, y)− r(x,y−1),r(x,y+1)

2 , if y is odd
(11)

The calculations for KB are similar. The innovation of this
algorithm in comparison to algorithms such as the one by Cok
is the use of other channels to interpolate the green channel.
For example the green interpolation at a red CFA pixel is
obtained as follows:

gr(x, y) = r(x, y) +
1

4
(K ′R(x− 1, y − 1) +K ′R(x+ 1, y − 1)+

K ′R(x− 1, y + 1) +K ′R(x+ 1, y + 1))
(12)

where K ′R denotes the interpolated value. The interpolation of
blue and red channels is computed accordingly.

B. Edge-oriented methods

The next category of interpolation algorithms employs im-
age edges to facilitate the demosaicing. Classical interpolation
algorithms such as bilinear interpolation produce artifacts
especially on edges in images because of the violation of the
Nyquist criterion. Thus edge-oriented algorithms adapt to the
local edge direction.

1) Highly effective iterative demosaicing using weighted-
edge and color-difference interpolations: The algorithm pre-
sented by C.-Y. Su [9] works iteratively. In the initialization
stage the green channel is filled by a weighted, edge oriented
interpolation. At each blue or red CFA pixel position the
vertical and horizontal gradients are calculated combining the
first order derivatives of the green channel and the second
order derivatives of the blue and red channel respectively.
Depending on the highest gradient value the interpolation is
only calculated orthogonal to the gradient to retain sharp edges
in the green channel.

In the refinement stage the blue and red channels are filled
by employing the same difference color space as in algorithm
by Pei [8]. In contrast to the latter, the green channel is already
completely filled and is employed directly to interpolate the
difference colors bilinearly. In the last step of the refinement
stage the values of the green channel at red and blue positions
are updated by using the difference colors at these positions.
In the end of the refinement stage all color channels are
completely filled.

In the iteration stage, the interpolation results in all channels
are optimized iteratively. The stop condition is the variance
of the difference between each iteration step for each color
channel. If the variance is below a threshold in all three
color channels, the iteration stops. In each iteration steps the
difference color interpolation described in the refinement stage
are repeated.



2) Contour Stencils: P. Getreuer introduced contour sten-
cils [10] to the domain of CFA interpolation. [11] Here, the
idea is to find curves which minimize the total variation

TV (C) :=

∫ T

0

∣∣∣∣ ∂∂tu(γ(t))

∣∣∣∣ dt (13)

where u(γ) is the image, γ(t), 0 ≤ t ≤ T parametrizes
the curve C. If the data is interpolated along the curve with
minimal total variation the interpolation error is minimized.
Contour stencil is the discrete approximation of a set of
parallel curves which have very similar total variation values.
Each stencil encodes a scheme for interpolation directions.
Thus, the aim is to find the stencil with the lowest total
variation to get the best interpolation directions for each image
part.

C. Fourier-based method

Fourier based methods employ the frequency characteristics
of the subsampling scheme of the Bayer CFA. The basic idea
is that the amount of aliasing in the green channel is lower
than in the red and blue channels. Thus, for reconstructing
the image, high frequency information of the green channel is
used to enrich the spectrum of the red and blue channels and,
thus, to reduce aliasing artifacts.

As representative for the Fourier based methods the al-
gorithm by D. Alleysson et al. [12] was included in the
evaluation. This algorithm was inspired by the human visual
system. It is based on a color space with one luminance and
two chrominance components. Alleysson observed that the
chrominance and luminance are at different locations in the
frequency domain due to the subsampling of the Bayer CFA.
The algorithm basically calculates the luminance information
at every pixel position, subtracts it from the three demulti-
plexed color channels, which are then interpolated bilinearly.
The luminance information is then added to the interpolation
results again. [3]

D. Wavelet based method

The effects of the Bayer CFA in the frequency domain
can be also exploited in the wavelet framework. As repre-
sentative for the wavelet based methods the algorithm by
K.Hirakawa et al. [13] was included in the evaluation. This
algorithm employs the second order wavelet transform on the
subsampled image which is composed out of the green channel
and two difference images between green and red and green
and blue respectively. The difference images show a strong
decay of information in high frequencies in contrast to the
green channel. Thus, by combining the high frequency filter
responses of the green channel with the low frequency filter
responses of difference channels, the complete image can be
reconstructed with reduced reconstruction errors.

IV. EVALUATION

To evaluate the quality of the CFA interpolation algorithms,
the reconstructed images are compared to the images without

CFA filtering as described in Section II. In literature, the most
employed error measure is the color mean squared error

CMSE :=
1

3 · w · h
∑
m,n

∑
c∈r,g,b

((Îc(m,n)− Ic(m,n))2 (14)

where w and h are the width and height, respectively, of the
original image I and the interpolated version (̂Ic),c indicating
the color channel. The CMSE is a formulation for the inter-
polation error energy.

For industrial applications the measurement of image fea-
tures is of great importance. Especially edges are the basis for
many subsequent analysis steps in measurement and quality
control applications. The accuracy of these algorithms relies
particularly on the accuracy of edge detection. Therefore, we
present an error measure evaluating the accuracy of edge
detection in the reconstructed images compared to the original
images. Our error measure is based on the results of the
classical edge detection algorithm by Canny [14]. The results
of edge detection with Canny’s algorithm are binary images
in which the edges are marked. These binary images are com-
pared pixel-wise with the XOR operator ⊕. Differences are
regarded as interpolation errors. Often, only grayscale images
are used for edge detection. Therefore, the (interpolated) color
image is converted to grayscale, first. To measure errors in
grayscale image edge detection caused by interpolation we
define the edge oriented error based on the ratio of wrong
detected edge pixel to the global number of correct edge pixel.
This is defined by

EOE :=

∑
Ie ⊕ Îe∑
Ie

(15)

where Ie and Îe are the binary edge images of the original im-
age and the interpolated image (both grayscale), respectively.
CFA interpolation can cause color fringes. This effect can be
measured by an extension of the EOE, the color edge oriented
error

EOEc :=

∑
(Ie,r ∨ Ie,g ∨ Ie,b)⊕ (Îe,r ∨ Îe,g ∨ Îe,b)

3 ·
∑
Ie

(16)

where Ie,c and Îe,c with c ∈ r, g, b are the binary edge image
and the interpolated binary edge image, respectively, of the
three color channels, where each image is connected with the
logical OR operator ∨.

V. RESULTS AND DISCUSSION

The interpolation results were evaluated employing the error
measures detailed in Section IV. An example illustrating the
interpolation results for the PCB dataset is shown in Figure 3.
Blurred edges and fluctuating colors are noticeable at the char-
acters and the edge of the golden clock socket, especially for
bilinear interpolation, effective color interpolation and Fourier-
based interpolation. Nevertheless, the subjective impression of
the interpolation results is relatively similar. However, there are
differences which have an impact on the edge interpolation
accuracy, as can be seen in the error measure results. The re-
sulting error measurements are illustrated in Figures 4, 5 and 6.
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Fig. 3: Interpolation example. The area marked with a red square is enlarged in the right figure. (1) Original - (2) Constant
Hue - (3) Fourier-based Interpolation - (4) Effective Color Interpolation - (5) Contour Stencils - (6) Iterative Weighted Edge -
(7) Bilinear - (8) Improved Linear Interpolation - (9) Wavelet-based Interpolation

The interpolation algorithms are sorted in ascending order with
respect to the median error of the PCB dataset. As illustrated
in Figure 4 for the color mean square error (CMSE) the
interpolation quality is not always consistent for all datasets.
Especially for Fourier-based interpolation, iterative weighted
edge and contour stencils the results differ between datasets.
Therefore, a problem domain specific evaluation should always
be conducted to find the best interpolation algorithm for each
application(e.g. on our PCB dataset). In our comparison, the
contour stencil algorithm performs best for all datasets with
CMSE as criterion. Still, contour stencils have comparatively
high computational complexity and, thus, may be not the first
choice for time critical industrial applications.

The CMSE compares each pixel of the original image with
the interpolated image. Therefore, the CMSE is biased in
favor of large areas without any or only with little structure.
For industrial applications, edges are particularly important
as they are the basis for many measurement tasks. Thus,
the reconstruction of image edges should be as accurate as
possible. The edge oriented error (EOE) addresses this issue
by specifically comparing the edge detection results of the
interpolated image with the result of the original image. The
results of this error measure are presented in Figure 5 for
gray-scale edge detection and in Figure 6 for edge detection
in each color channel. It can be seen that the results differ
significantly from the CMSE results. While the CSME results
are nearly consistent for all datasets, the EOE shows different
outcomes for each dataset. The images of the PCB dataset
show very distinctive structures with high contrast edges.
It can be seen that the algorithms which perform better to
retain edge accuracy do not necessarily perform best with
respect to the overall interpolation performance measured by
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Fig. 4: CMSE of interpolation results

the CMSE. However, for industrial applications they may still
be the algorithm of choice due to computational complexity.
In the case of both EOE measures effective color interpolation
performs best. Still, several other algorithms perform similarly
well. Thus, algorithms with lower computational complexity
may be chosen without the risk of a suboptimal interpolation
performance. The choice between EOE and EOEC depends on
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Fig. 5: EOE of interpolation results
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Fig. 6: EOEc of interpolation results

the next processing steps of the measurement algorithm of the
respective application. If further processing is performed on a
gray-scale converted image, then EOE is the error measure of
choice. Otherwise, EOEC is a good measure for edge accuracy
after interpolation for algorithms employing all three color
channels.

VI. CONCLUSION

In this paper we presented an evaluation of Bayer CFA inter-
polation algorithms on commonly employed datasets (Kodak
and MCM) as well as on a newly introduced dataset depicting
PCBs as representatives for objects in industrial applications.
Additionally, we presented two new error measures which are
based on edge accuracy and, thus, are tailored to industrial
applications, as edges are the predominant features for many
measurement tasks. We showed that, if edge accuracy is the
most important feature for a specific application, several state
of the art interpolation algorithms show similar performance,
thus, criteria such as computational complexity may guide
the decision for an application specific CFA interpolation
algorithm. Our new error measures facilitate this process and
should be added to any CFA interpolation evaluation.
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