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Summary
Evaluating whole slide images of histological and cytological samples is used in pathology for diagnostics, grading and
prognosis . It is often necessary to rescale whole slide images
of a very large size. Image resizing is one of the most common applications of interpolation. We collect the advantages
and drawbacks of nine interpolation methods, and as a result
of our analysis, we try to select one interpolation method as
the preferred solution. To compare the performance of interpolation methods, test images were scaled and then rescaled
to the original size using the same algorithm. The modified
image was compared to the original image in various aspects.
The time needed for calculations and results of quantification performance on modified images were also compared. For
evaluation purposes, we used four general test images and
12 specialized biological immunohistochemically stained tissue sample images. The purpose of this survey is to determine
which method of interpolation is the best to resize whole slide
images, so they can be further processed using quantification
methods. As a result, the interpolation method has to be selected depending on the task involving whole slide images.

Introduction
Interpolation is a well-known method of estimation of values
of data between two known values. Fundamentally, interpolation changes the image from a discrete matrix of samples into
a continuous image. The basis to perform the interpolation is
the hypothesis that data are continuous and can be defined at
any given point. The scope of use for interpolation is extensive: from basic one-dimensional (1D) signal interpolation, to
2D and 3D data-like images or stacks of images. Whenever it
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is required to get the value between two discrete samples of
data, interpolation is used.
The most common 2D signal for interpolation is image. Interpolation is often used during a preprocessing stage of the
more complicated process. Also, it is a part of complex algorithms, commonly used in image processing. Some of its uses
are geometric operations, resizing, compression, correction of
spatial distortion, image decomposition and is crucial to subpixel image registration. Simple geometric operations such as
rotation, translation and scaling often need subpixel coordinates.
Interpolation is crucial for tasks like medical image processing. For example, use of inverse Radon transform requires
interpolation in computer tomography and in magnetic resonance imaging for image reconstruction, and fitting one set
of data to the other for multimodal imaging. Changing the aspect ratio is sometimes necessary when the scanner (or other
device) does not have a homogenous resolution of chargecoupled device (CCD) sensor (and frame grabber) to acquire
pictures (Lehmann et al., 1999). To preserve the true aspect
ratio, interpolation has to be used. Cameras also use the interpolation with Bayer filter to perform demosaicing, which
yields a typical colour image.
One of the most popular applications of interpolation is image resizing. It can be used to rescale and resample the image.
Zooming and scaling are not to be confused (Sellaro et al.,
2013), because zooming does not need image resampling.
That is why the role of image interpolation is so vital while
evaluating whole slide images (WSI) (Korzynska et al., 2010;
Slodkowska et al., 2011; Neuman et al., 2013) of histological
(Bueno et al., 2012; Korzynska et al., 2014; Lopez et al., 2014)
and cytological (Markiewicz et al., 2009; Rojo et al., 2010;
Callau et al., 2015) samples. Since those are images enormous
in size, it is often necessary to lower their resolution or rescale
them.
Digital images resizing is the main problem in this paper, and
it concerns certain types of images: immunohistochemically
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stained tissue samples images. These types of images are
collected and quantified using internet platform MIAP
(Markiewicz, 2011; Swiderska et al., 2015; Markiewicz, 2016)
for pathologists, researchers and students. To achieve comparability of the results with an automated computer-aided
quantification method implemented on the MIAP, the images
and WSI from various acquisition tools uploaded by users
should be unified in pixel size.
The immunohistochemically stained tissue sample images
vary in size and pixel size depending on the acquisition devices.
A significant aspect is the quality characteristics inherited by
the basis interpolation function. A survey is used to choose an
interpolation method that preserves image features important
for quantification methods and is suitable to implement a parallel function to achieve decrease of time of large-size images
processing.
Image interpolation is nowadays commonly implemented
in most image processing programs like Photoshop and
Corel (commercial) or Gimp and ImageJ (freeware). Most
often, we have a very limited number of methods available, or no choice of methods at all. So it was decided to
compare some known methods and evaluate them on a
set of standard images known in image processing and on
a set of the immunohistochemically stained tissue samples
images.
In this survey, we try to answer the following question:
‘Which is the best method of interpolation to process whole
slide images to be further processed using quantification methods based on colour, texture, objects size and shape?’
Image artefacts introduced by interpolation. Errors introduced
in an image are undesired alterations in pixel values, called
artefacts. Many artefacts were named after the visual effect
that can be observed in result image such as blurring, aliasing, ringing, blocking and colour distortion (Thevenaz et al.,
2000). Each type of artefact has different effect on the image characteristics relevant to quantification methods that
are based on the colour, size, shape and texture. Examples of
artefacts are presented in Figure 1.
Blurring causes a mismatch between the original image
and the interpolated image. It can occur after downsampling
as well as oversampling. The interpolated image is smoother
than the original, and appears to be out of focus. The shape is
kept, but the texture and coarseness (especially of the object’s
borders) is lost (see Figure 1B). Analysing blurred images with
quantification methods results in objects extended in size and
with changed texture; the latter is critical to identify objects of
interest.
Aliasing often occurs simultaneously with blurring. It is
one of the main problems with downsampling. It causes two
different signals (objects) to become indistinguishable after
interpolation. While downsampling, it is not always possible
to keep the coarseness with less samples, and it is impossible
to return to the original state of the image. When aliasing

is present in the image, we can observe it as a moiré effect
and less frequently as texture. The quantification methods,
which analyse images with aliasing, tend to have incorrect
(decreased) number of found objects of interest.
Blocking is the problem of piece-wise interpolation methods,
generally when the interpolant is finite. Since interpolation
can be evaluated for a limited amount of data, it is visible in
the outcome as blocks. It is especially visible in the nearest
neighbour algorithm (see Figure 1C). As blocking strongly
influences texture, it causes problems for the quantification
methods.
Ringing is most visible near sharp edges. It happens when
the interpolation functions are oscillating. While interpolating with subpixel lengths in spectral domain, it tries to represent the image as a sum of smooth oscillating waves. This is
strongly connected with the Gibbs effect. Sometimes it is possible to recover the original image even when there are a lot of
visible ringing effects present in the interpolated image. Unfortunately, this strongly affects the results of the quantification
methods in images with ringing as oscillating waves distort
shape size and texture (see Figure 1D).
Colour distortion: While interpolating images in red, green
and blue (RGB) colour space, the values representing colour
are changed. For medical application of the quantification
methods, the colour information is so important that any
changes are forbidden.
Interpolation methods
Nearest neighbour. It is the most simple, nonadaptive, method
of interpolation (Jain, 1989). The nearest neighbour algorithm is very simple to implement and is commonly used. As
this method copies available values and does not introduce
new values to the data, it is not technically an interpolation
method. The nearest neighbour algorithm is based on the distance between data points. This algorithm treats the image as
a grid with values of pixels on grid nodes. Then, the position of
the interpolated (new) pixel is overlaid on the original image,
and the distances between the new pixel and its neighbouring
points are calculated. The value of nearest point to each grid
node of new image is assigned.

f (x) =

1 for 0 ≤ |x| < 0.5
0 other wi se.

(1)

Linear/bilinear. If the coordinates of two data points are
known, the linear interpolant is the straight line between these
points. In this method, both neighbouring points influence the
value of interpolated data point (new pixel value). The values
are weighted by their distance to the interpolated point.
Bilinear interpolation method (Meijering, 2002) is an extension of linear interpolation method for 2D variables, such
as images. For bilinear interpolation four pixels are taken into
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Fig. 1. Typical artefacts introduced by downsampling and upsampling interpolation methods on images of tissue sample stained immunohistochemically
with 3,3’-Diaminobenzidine (DAB) and haematoxylin. (A) Unprocessed image fragment; (B) same fragment from A with blurring introduced by bilinear
method (scale 0.8); (C) same fragment from A with blocking introduced by nearest neighbour algorithm; and (D) fragment of whole slide images (WSI)
with visible oscillation on tile border.

account. Direct neighbours in both directions influence the
value depending on the distance. The closer they are, the
greater effect.

1 − |x| for 0 ≤ |x| < 1
(2)
f (x) =
0
other wi se.
Bicubic. Compared with bilinear interpolation algorithm,
bicubic interpolation algorithm (Keys, 1981) extends the influence using more points. To calculate the value of interpolated pixel, values of 16 adjacent pixels are weighted according
to their distance to the analysed pixel.

f (x) =

⎧
⎪
⎪
⎨
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2

−1
⎪ 2
⎪
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|x|3 −

|x| +
3

5
2

5
2

|x|2 + 1

for 0 ≤ |x| < 1

|x| − 4 |x| + 2
2

for 1 ≤ |x| < 2

(3)

other wi se.

0

Cosine. This method is similar to linear interpolation. A
smoother interpolating function is often desirable, so instead
of linear function it uses cosine function (Scheiber, 2011).
Between two points with known values and coordinates the
interpolant is a line defined by cosine function. Cosine function
provides a more smooth transition between points.
1 − cos( pi ∗ T )
f (x) = x1 +
∗ (y2 − y1 ).
2

(4)

Sinc. The sinc function is defined by si nc(x) = si n(x)/x where
x = 0 and si nc(0) = 1. The sinc interpolation formula is
f (x) =

∞

n=−∞

f n si nc

π
(x − nT ) ,
T

(5)

where T is the sampling period, f n original signal and f (x) is
interpolated signal. This is a representation of linear convolution between the signal f n with scaled and shifted samples
of the sinc function. Sinc (Meijering et al., 1999) filter is an
‘ideal’ low-pass filter in the frequency sense. It is an idealized
filter that removes all frequency components above a given
cutoff frequency, and allows the perfect passing of low frequencies. Sinc function is the theoretically optimal kernel for
convolution-based interpolation of originally band-limited im
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ages. Real examples have finite spatial support, and it is not
possible for the sampling frequencies to satisfy the Nyquist criterion. Consequently, it is impossible to retrieve the original
images exactly from the resulting samples by means of sinc
interpolation. Additionally, it cannot be computed in practice,
except in the case of periodic images, which are not likely to
occur in medical imaging (Meijering et al., 2001). A frequently
used approach to obtain a sinc-approximating kernel is modelling the shape of the sinc kernel by piecewise polynomials.
b-splines. Splines are used to describe a curve by mathematical
means. Representation is based on a series of points at specified
intervals and by a function. Consequently, this allows calculating position of additional points within an interval. B-spline
(Hou & Andrews, 1978; Unser et al., 1991) is short for basis
spline, and the points on which spline is set are called control
points. Valuable feature is that spline curves are continuous
at the control points.
f (x) =

+∞


Bk,n+1 (x) • f (xk ).

(6)

k=−∞

Hermite. This method uses spline in Hermite form (Spitzbart,
1960). It requires values of four known points, to produce
higher degree of continuity. Each piece is a third degree polynomial specified by values of the points and first derivatives at the
end points. As a result the spline, as well as its first derivative,
is continuous. Hermite interpolation keeps the monotonicity
of the original data. That means the original and interpolated
data points have local extrema at the same positions.

f (x) =

N

i =0

f (xi )h i (0) (x) +

N


f  (xi )h i (1) (x).

(7)

i =0

Lagrange. This method finds a polynomial function that is defined by the Lagrange interpolating polynomial (Rowland,
1979). The polynomial must pass through several control
points, which can be specified. It this paper, we use four and
six control points. The passband characteristics are improved
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by raising the order (the number of control points) of the Lagrange kernel.
f L agr a nge 4 (x) =

⎧
⎪
⎪
⎨

1
|x|3 − |x|2 − 12 |x| + 1
2
|x| + 1
− 1 |x|3 + |x|2 − 11
6
⎪ 6

⎪
⎩

0

f or 0 ≤ |x| < 1
f or 1 ≤ |x| < 2 (8)
other wi se.

Catmull-Rom splines. This method is based on splines (Twigg,
2003; Yuksel et al., 2009). To calculate a point on the curve,
two points on either side of the desired point are required.
One of the distinctive characteristics of this method is the created curve passing through all of the control points. Generally, the created spline consists of continuous segments. The
first derivatives of created curve are continuous. The second derivative is linearly interpolated within each segment,
causing the curvature to vary linearly over the length of the
segment.
⎧
⎪
9 |x|3 − 15x2 + 6
⎪
1⎨
f (x) =
−3 |x|3 + 15x2 − 24 |x| + 12
6⎪
⎪
⎩
0

for |x| < 1
for 1 ≤ |x| < 2

(9)

other wi se.

Moreover, two additional methods were considered. Interpolation by quadratic polynomial equation (Schafer &
Rabiner, 1973; Dodgson, 1997) and interpolation developed
by Mitchell–Netravali (Mitchell & Netravali, 1988), which are
based on parameterized cubic filters. It was believed that it
keeps equilibrium between sharpness and smoothness resulting in superior image quality. Both methods were only used for
theoretical considerations. We decided to exclude them from
this evaluation due to an extremely long processing time.

Peak signal-to-noise ratio method (PSNR) (Huynh-Thu &
Ghanbari, 2008) is the ratio between the maximum possible
value of pixel and the value of noise that corrupts the fidelity in
comparison to the original image. This feature is related to MSE
as it is used in the calculations as a measure of noise. Typical
values for the PSNR in lossy image and video compression
are between 30 and 50 dB, provided the bit depth is 8 bits,
where higher is better (Welstead, 1999; Hamzaoui & Saupe,
2006). This type of evaluation is also quite simple to calculate
and has a clear interpretation, but it does not match human
perception.
P S N R = 20log 10 (M AX I nt ) − 10log 10 (MS E ),

(11)

where M AX I nt is the maximum possible pixel value of the
image.
Another measure is structural similarity (SSIM) (Wang et al.,
2004; Rouse & Hemami, 2008). It is matched to perceived
visual quality, as image interpretation is performed using the
perception-based model. The SSIM is a quality measure of
reference image with perfect quality to interpolated image with
distortions. As MSE and PSNR give absolute errors, the SSIM
is a perception-based model. The degrading of the image is
treated as perceived change in structural information also
taking into consideration occurrence of luminance masking
and contrast masking:
SSIM(x, y) =

(2μx μ y + c 1 )(2σxy + c 2 )
.
μ2x + μ2y + c 1 σx2 + σ y2 + c 2

(12)

Evaluation dataset
Evaluation
To compare the performance of interpolation methods, test images were scaled and then rescaled to their original size with
the same algorithm. The modified image was compared to the
original image in various aspects. The time needed for calculations and results of quantification performance on modified
images were also compared. All tested algorithms were developed in MATLAB R2015b implemented on Intel(R) Core(TM)
i7-4710MQ @2.50 GHz CPU, 16.0 GB RAM.
Image evaluation
The mean squared error (MSE) is the most simple and widely
used technique. It can be calculated by averaging the squared
intensity differences of reference image and after interpolation
image pixels. This method of evaluation is quite simple to
calculate and has a clear interpretation. However, it is quite
incomparable to human perception.
MS E =

m−1 n−1
1 
[I (i, j ) − K (i, j )]2 .
mn i =0 j =0

(10)

For evaluation purposes, we used four general test images
and 12 specialized biological tissue sample images used in
pathology diagnostics, grading and prognosis. The general test
group consists of (1) well-known standard test image ‘Lenna’
(in colour); (2) Indian head (Kay, 1949) (black and white)
test pattern used from 1940 to make adjustments on cameras
and monitors; (3) typical PAL colour test pattern (PM5544)
used for calibration; (4) multiburst test pattern used to establish the frequency response of a video system. The biological
image group consists of 12 images of breast cancer tissue received from Molecular Biology and Research Section, Hospital
de Tortosa Verge de la Cinta, Institut d’Investigacio Sanitaria
Pere Virgili (IISPV), URV, Spain, and Pathology Department
of the same hospital. These images are cropped (to squares of
1000 pixels) fragments randomly selected from the bigger set
of experimental images captured during previous investigation (Korzynska et al., 2013). Images were cropped to achieve
relatively fast evaluation. Tissue presented in the images varies
from very dark to light and with sparse and compact architecture of cells. All images are focused and the qualities of the
images are typical for this type of biological data.
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Fig. 2. Comparison of mean mean squared error (MSE) estimator with mean time elapsed during calculations for tested interpolation methods.

Runtime evaluation
The main problem of interpolation is computation time. Unfortunately, to achieve better results, the calculations require
more time. For this reason, it is very important to find the
best bias between acceptable results achieved in considerable
amount of time. A significant aspect is the quality characteristics inherited by the basis interpolation function. The useful
feature of interpolation method is separability. It is easier to
use parallel computing when the calculation can be done lineby-line and column-by-column.

Quantification performance evaluation
We tried to evaluate the influence of the interpolation methods on the results of automated computer-aided quantification methods. This comparison was based on the number of
cells segmented from the tissue images after interpolation processing in comparison with segmentation on original image.
We used two methods developed previously by our research
team; method1 published previously (Neuman et al., 2010) and
method2, a recent method called Metinus (Roszkowiak et al.,
2016).

Results
We compared the means of MSE for 10 different resizing scales
varied from 0.5 to 2. Mean errors are showed in comparison
to mean time elapsed during calculations, as seen in Figure 2.
From this comparison, we can assume that the nearest neighbour algorithm performs the best and the bilinear the worst, in
the sense of mean distance between each pair of pixels in original and processed images. Spline and sinc methods perform
acceptably well. The rest of methods are clustered with simi
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lar performance. The difference is in time consumed; bilinear,
bicubic and nearest neighbour algorithms need fundamentally less time than the others. The reason is that these three
methods are internal MATLAB function optimized by the developers. Among these other methods, the Hermite and spline
methods are faster than cosine or Lagrange methods whereas
Catmull-Rom and sinc methods are the most time consuming.
Next, similarly to MSE, we compared mean PSNR to time
of evaluation as seen in Figure 3. The nearest neighbour is a
very quick method with the lowest error values. The second
best is the sinc method, but it is one of the slower methods. Unfortunately, both of those methods are not stable as they give
very different results depending on the upscaling or downscaling. This effect can also be observed for SSIM evaluator, see
Figure 4. Above the threshold of 40 dB, we have a cluster
of very similar performance with different speed consisting of
spline, cosine, Lagrange and Catmull–Rom methods.
A similar comparison was done for SSIM estimator. The
spline method has the greatest similarity, whereas Lagrange,
Catmull–Rom and Hermite methods also produce images very
similar to the original. The nearest neighbour and sinc methods have very good performances, whereas interpolated image
is bigger than the original but suffers losses with scale below
one. Comparison of mean SSIM estimator with mean time
elapsed during calculations is presented in Figure 4. Based on
this comparison, we can assume that the best method is spline
and the second best is Lagrange interpolation method.
The comparison of runtime performance is presented in
Figures 2–4. In Figure 5, methods are ranked from fastest to
slowest depending on overall mean of 10 different scale values.
The first three methods that have original implementation in
MATLAB are definitely the fastest. We tried to keep a similar
implementation procedure for the rest of the methods so the
times of computation are comparable.
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Fig. 3. Comparison of mean peak signal-to-noise ratio method (PSNR) estimator with mean time elapsed during calculations for tested interpolation
methods.

Fig. 4. Comparison of mean structural similarity (SSIM) estimator with mean time elapsed during calculations for tested interpolation methods.

The last comparison was based on the quantification
results of the tissue images after interpolation processing in
comparison with quantification of original images. In Table 1,
we present the mean of difference between the number of
objects found in original image and number of objects found
in the image after rescaling with particular interpolation
algorithm. We used two methods developed previously by
our research team; method1 published previously (Neuman
et al., 2010) and method2, a recent method called Metinus

(Roszkowiak et al., 2016). Both methods are based on
selection of brown objects of interest according to colour,
then segmenting the area of object based on size, texture and
shape criteria. According to results presented in Table 1, all
methods influence the possibility of identification of objects
of interest using segmentation techniques. Based on this
comparison, nearest neighbour and sinc methods give the
best results, followed by Lagrange, Catmull-Rom and spline
methods.
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Fig. 5. Comparison of mean runtime performance calculated for 1000 × 1000 pixel size images. Presented as ranking from fastest to slowest method.

Table 1. Object segmentation comparison for two methods of segmentation. Mean and standard deviation of difference between objects found
in original image and number of objects found in image after rescaling
with interpolation algorithm (mean diff. = mean difference; std. dev. =
standard deviation).
method1

Nearest neighbor
Bilinear
Bicubic
Cosine
Sinc
Spline
Hermite
Lagrange4
Lagrange6
Catmull–Rom

method2

Mean diff.

Std. dev.

Mean diff.

Std. dev.

0.361
0.653
0.139
0.417
0.194
0.292
0.292
0.151
0.264
0.139

1.577
2.314
1.833
1.919
1.562
1.533
1.788
1.604
1.565
1.577

–0.083
3.986
1.472
2.236
0.097
0.625
1.569
1.027
0.514
0.903

0.989
5.285
2.162
3.204
0.808
1.261
2.337
2.075
1.547
1.770

Discussion
In this section, methods of interpolation are presented in
the order of increasing usefulness for the resizing of the
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immunohistochemically stained tissue sample images before
quantification.
The nearest neighbour interpolation algorithm is the simplest and extremely fast algorithm. It does not introduce new
values to the interpolated image, so it preserves the original
noise distribution. Unfortunately, this method does not have
subpixel accuracy, so it often generates strong discontinuities
(distortions) that can be observed as mosaic and saw tooth
effects. Furthermore, the maintenance of texture is quite poor.
The quality of interpolation result is not scale independent,
and this method is applicable for upscaling rather than downscaling. All in all, it has very few advantages apart from great
speed, so we can recommend it for upscaling of parts of images that do not include any vital information, that is, vast
background.
A more complex method is the bilinear interpolation. The
calculations are performed in a continuous manner, so there
are no discontinuity flaws like in the nearest neighbour. This
method works similar to low pass filter, so that the highfrequency component (edges and details in image) is reduced
and contours become blurry. Another disadvantage is the
aliasing beyond the low frequencies cutoff point. This effect
can be observed as poor evaluation results, specifically higher
MSE and lower SSIM. Also, the number of segmented objects
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Fig. 6. Comparison of interpolation performance. Comparison is performed for brown (B) and blue (C) object and background (D) fragment, marked by
colour segments on the white profile line (A). Original values (black line) are compared with values after interpolation performed with recommended
functions: Catmull–Rom (red dotted line), sinc (green dashed line) and Langrange (blue dash-dot line). For clarity only blue channel (of RGB) is showed.
Interpolation scale: 0.9.

in images rescaled with bilinear algorithm is the most different from the original. Because the complexity of calculation
is higher, this method is also slower than nearest neighbour
algorithm. Because of all the disadvantages, this method is not
recommended.
Next on the complexity ranking is the bicubic interpolation.
This method needs even more computation than the two previous methods. Bicubic method gives average results for all
three estimators. Alas, the segmentation of image rescaled using bicubic method results in quite high variability of found
objects (see Table 1) mostly because of its tendency to blurring.
Although this method is considered to be a fine compromise
between speed and satisfactory results and is most commonly
used in many popular image processing software, it is not recommended to be used with immunohistochemically stained
tissue sample images.
In general, the idea to use spline interpolation is to increase
smoothness of the result image. Since this method is working

as a low pass filter, the edges are visibly smooth but a little
blurred. There are no instances of saw tooth phenomenon
while using this method. The main disadvantage is that the
interpolated curve may not pass through the original control
points, which results in changes in colour for RGB images.
According to MSE and SSIM evaluators spline method gives
good results. As for PSNR, it gives an average result in comparison to other methods. It is also one of the relatively fast
methods, but still it is not recommended for the WSI interpolation mainly because of its relatively large standard deviation
in results of quantification.
Using cosine function as an interpolant removes the problem
of discontinuities, therefore giving slightly better results in
comparison to linear interpolation, with average evaluation
errors. The number of segmented objects in images rescaled
with cosine algorithm differ significantly from the original.
Because of that, this method is not recommended for the WSI
interpolation.
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The Hermite interpolation gives average results according
to all three estimators, and it is also a relatively fast method.
Smoothing the interpolated image causes losses in texture
what may be disastrous for some further processing methods.
High standard deviation of the number of found objects of
interest can be observed in Table 1, and causes this method to
be not recommended.
Catmull–Rom is similar to Hermite interpolation, but the
points along the original set of points are also present in the
spline curve. The created curvature may not be continuous
in second derivatives. This results in quite crisp interpolated
images. To sum up, Catmull–Rom interpolation yields passable
results with acceptable time of computation, and it can be
recommended for the use on immunohistochemically stained
tissue sample images.
Sinc interpolation function is an optimal interpolator for
band-limited data, and some properties can be derived from
this function. This method tries to avoid smoothing the image
and preserves high frequencies. Based on MSE and PSNR, it
gives very good results. However, the low value of SSIM parameter suggests that for human observation it might seem as
a worse interpolator than other methods. Moreover, sinc interpolation is one of the slowest tested methods. This method
produces very little variability in the number of segmented
objects of interest. Interestingly, interpolating WSI images
gives strong oscillations in the output, probably where tile
borders of WSI are located. But, it seems they do not disturb
quantification as can be observed in Table 1. This method
is recommended to be used but only if there is no time
limit.
Lagrange polynomial method has more complicated formula than other polynomial methods. It does not need evenly
spaced values to interpolate, but it may cause oscillation, similarly to other methods that use polynomial while interpolating
data with equally spaced points. This oscillation above and below the true function may grow with a number of control
points. We tried to eliminate this problem by reducing the
number of control points to 4 and 6, which causes oscillations
on the level that do not disturb quantification methods. This
method gives good results judging by MSE and SSIM. Also, the
number of elements is consistent with the use of segmentation
algorithms (see Table 1). Lagrange polynomial based method
of interpolation is strongly recommended to resize images before quantification if resizing is needed.
Conclusion
In the Introduction section we stated a question: ‘Which
method of interpolation is the best to rescale WSI to be further processed using quantification methods based on colour,
texture, objects size and shape?’, which we tried to answer with
this survey. Based on the results of comparison we can say that
there is no one method that can be ultimately used for every
purpose. Interpolation method has to be selected for every task
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involving WSI, separately, to fit specific image quantification
method.
Based on this study, the sinc, Catmull–Rom and Lagrange
interpolation methods have been chosen for resizing of images and WSI coming from various acquisition tools. In
Figure 6, fragments of images after interpolation with selected
methods are presented. It seems that all interpolation methods that introduce any low frequency filtration are rejected, as
they disturb objects colour and texture as well as its size and
shape.
If the need for interpolation of whole WSI for coarse inspection arises, then we suggest using nearest neighbour algorithm, as it is the fastest. WSI is often divided into smaller
regions of interest for purpose of image processing. It is then
possible to use slower method of interpolation, which gives
better results. In this case, we propose the use of Lagrange
polynomial interpolation. If regions of interest partly consist
of background, this part can be interpolated quickly without
worrying about information loss with the nearest neighbour
algorithm.
In the future work, we plan to optimize selected methods of
interpolation to make them work faster without a loss of performance. Moreover, we would like to verify if the results of this
study comply with other types of staining, like haematoxylin–
eosin standard stain and tissue where membrane or cytoplasm
instead of nuclei is stained.
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