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ABSTRACT
For better perception and analysis of images, good quality and
high resolution (HR) is always preferred over degraded and
low resolution (LR) images. Getting HR images can be cost
and time prohibitive. Super resolution (SR) techniques can
be an affordable alternative for small zoom factors. In med-
ical imaging, specifically in the case of histological images,
estimating an HR image from an LR one requires preserva-
tion of complex textures and edges defining various biolog-
ical features (nuclei, cytoplasm etc.). This challenge is fur-
ther aggravated by the scale variance of histological images
that are taken of a flat slide instead of a 3D world. We pro-
pose an algorithm for SR of histological images that learns a
mapping from ZCA-whitened LR patches to ZCA-whitened
HR patches at the desired scale. ZCA-whitening exploits the
redundancy in data and enhances the texture and edges ener-
gies to better learn the desired LR to HR mapping, which we
learn using a neural network. The qualitative and quantitative
validation shows that improvements in HR estimation by pro-
posed algorithm are statistically significant over benchmark
learning-based SR algorithms.

Index Terms— Image super-resolution, histological im-
age, neural network.

1 Introduction and Related work
In single image super resolution (SISR), a perceptually plau-
sible high resolution (HR) image needs to be computed from
a single low resolution (LR) image. Image quality, including
resolution, of a captured image is limited by the complexity
of optics of the imaging system and imaging conditions such
as camera shake etc. HR is desirable in various applications
where details are critical, such as in surveillance, forensics,
medical and satellite imaging. In medical imaging such as for
digital biopsies, HR images offer more detailed morpholog-
ical features which are preferred by medical experts due to
their high perceptual clarity. However, the main challenge is
the time it takes to scan a whole slide in HR.

As a specific example, in breast cancer MITOS-ATYPIA-
14 contest 1, the experts graded mitosis and nuclear atypia
at 40× magnification instead of available 20× or 10× due
to high perceptual quality of 40× images, which takes much
more time to scan. Hence, more information is available at
the expense of time, which is critical for timely diagnosis and
treatment. Although SISR is clearly not a replacement for

1http://mitos-atypia-14.grand-challenge.org/

a higher native resolution based on upgraded optics or faster
scanners, it can be a much cheaper and time-saving alternative
for small zoom factors.

SISR is an ill-posed problem. For an HR image that is
of the size s × s times larger than the given LR image, there
are s2 unknown pixels for each known pixel. Strong priors
capturing image statistics are used to constrain the solution
space. Although SISR techniques are well-developed for nat-
ural images, histopathological images are different from nat-
ural images owing to their fixed depth and consequent lack of
scale-invariance. Therefore, as the magnification increases,
the tissue structures become more perceivable and detailed.
Unlike for natural images, SISR algorithms for histology have
to be tailored for the desired scale.

SISR techniques can be broadly classified into interpolation-
based, reconstruction-based, and learning-based techniques
[1]. Interpolation-based methods such as bicubic interpola-
tion remain the bulwark of digital zooming in various soft-
ware and devices, but produce blurring or ringing artifacts,
while reconstruction-based techniques produce water-color
like artifacts. State-of-the-art SISR performance has been
achieved using learning-based techniques such as the ones
proposed and compared in this paper [2] [3]. In learning-
based SR methods, a mapping from LR patches to their
corresponding HR patches is learnt using exemplar LR-HR
patch pairs. Most of them are memory and computation in-
tensive due to formation of an LR-HR patch database [4] or
searching LR-HR patch pairs within the same image [5] [6].
Direct nonlinear regression mapping between LR and HR
patches gives good results with memory and time efficiency
[7].

In this paper, we present a simple yet powerful SISR al-
gorithm that implicitly takes into account the cross-scale re-
lationships of digital biopsies at different magnifications. As
the histology images have multitude of edges and texture like
features [8], we propose to enhance the edges through ZCA-
whitening [9] during optimization of the neural network for
better HR reconstruction. Further, we propose to use a larger
LR spatial context than the HR patch being estimated in or-
der to disambiguate the HR patches that can be downsampled
to give the same LR pixel, on the lines of [7]. Additionally,
we also test and compare the performance of two other state-
of-the-art SISR methods proposed for natural images on his-
tology images. Now we present the details of the proposed
algorithm.

http://mitos-atypia-14.grand-challenge.org/


2 Proposed Algorithm
We propose to learn the desired LR to HR functional mapping
using LR-HR RGB color patch pairs. Let g(.) be the desired
mapping from a vectored LR patch, y ∈ Rn×n×3 (n being
odd), to the vectorized HR patch, x ∈ Rs×s×3, corresponding
to s × s × 3 SR of the central LR pixel of the LR patch.
We formulate learning this mapping as a nonlinear regression
problem with 3n2 inputs, and 3s2 outputs. SR factor s is
part of the problem and n represents a tradeoff between SR
accuracy and learning efficiency both in terms of training time
and samples required. Note that n > 1 represents a larger LR
footprint than the s × s HR pixels being estimated to bring
larger spatial context.

2.1 Objective function for learning LR to HR mapping

The general objective function to learn the desired mapping
is described as follows:

argmin
g
||x− g(y)||22 (1)

We used feed-forward neural networks (NNs) to learn the
desired mapping g(.) of equation (1). It’s due to powerful
universal function approximation capabilities of NNs. Our
hope was that given enough examples of such patch pairs
that span the entire subspace of histological image patches at
given scale pairs, the learnt mapping using NNs would gener-
alize to unseen patches of test LR images.

2.2 Concentrating optimization energy on edges using ZCA

Given the importance of edges for visual perception, we
propose that the desired functional mapping should penalize
visually salient errors that occur along the edges and other
fine texture. Let T be a transformation required to extract
edges.ZCA whitening is a linear transform that amplifies vi-
sually salient high-frequency components from images by
normalizing the variance of the data in the direction of each
eigenvector [9]. ZCA can be applied to K vectorized LR
patches as follows:

a. Compute and save the mean µk of a vectorized LR
patch, yk ∈ R3n2×1, ∀ k ∈ {1, 2, . . . ,K}

b. Compute mean centered vector ŷk ∈ R3n2×1 by sub-
tracting from each element of vector yk its’ mean µk.

c. Arrange all K mean centred vectors {ŷ1, . . . , ŷK} in
columns of matrix Ŷ ∈ R3n2×K and compute the co-
variance matrix CŶ.

d. Compute eigenvalues and eigenvectors of CŶ. Stack
the eigenvectors of CŶ in columns of matrix U and let
D be the diagonal matrix of the corresponding eigen-
values.

e. Compute and save the ZCA rotation matrix that whitens
the data by redistributing the energy of eigenvalues:

ZY = UD−1/2UT (2)
f. For each mean-centered vector ŷk compute the corre-

sponding ZCA whitened vector as TY(yk) = ZYŷk.

Similarly, we compute the vectorized ZCA whitened patches
TX(xk) = ZXx̂k from vectorized HR patches xk ∈ R3s2×1

corresponding to the children of the central LR pixels in LR
patches yk ∈ R3n2×1, ∀ k ∈ {1, 2, . . . ,K}. We learn the
proposed functional mapping from whitened patches TY(y)
to TX(x) instead of from y to x in equation 1.

2.3 SRNN algorithm
Algorithm 1 presents the proposed SISR procedure.
Algorithm 1 SRNN algorithm
Input: A dataset of training images, an input LR image of size M ×
N × 3, desired integer SR factor s, LR window size n.
Output: Desired sM × sN × 3 HR image.

Training (Learning inter-scale mapping):
1: Extract a large sample (e.g. 10,000) of vectorized, n × n × 3

(n being odd) LR patches, y ∈ R3n2×1, with one pixel overlap
from LR training images ILR

i and their corresponding vector-
ized s × s × 3 HR child patches, x ∈ R3s2×1, corresponding
to only the central pixel of the patches from HR training images
IHR
i .

2: Apply ZCA whitening (section 2.2) to the vectorized LR and
HR patches, and save the ZCA rotation matrices.

3: Train a feed-forward neural network (NN), to learn the de-
sired mapping from ZCA whitened parent LR patches TY(y) ∈
R3n2×1 to child HR patches TX(x) ∈ R3s2×1.
Testing (HR image reconstruction):

4: Extract vectorized, n× n× 3 (n being odd) patches from given
test LR image with one pixel overlap, apply ZCA whitening us-
ing the saved rotation matrices found in step 2, and use ZCA
whitened vectorized patches to form the input matrix for the
NNs.

5: Compute the desired child HR pixels using vectorized patches
of step 4 as input to the trained NN of step 3.

6: Invert the ZCA whitening, re-arrange vectorized HR pixels at
their respective locations, and return the reconstructed HR im-
age. Note that the corresponding LR parent pixel value is used
in lieu of the unknown HR s× s× 3 patch mean.

3 Experiments and Results
We compared our algorithm against the ubiquitous bicubic
interpolation, Kim et.als state-of-the-art algorithm for SR of
natural images (henceforth, Kim)[2] and joint low-high reso-
lution dictionary learning for general image super-resolution
(henceforth, SCSR for sparse coding based super resolution)
[3]. We conducted experiments on two commonly used stains
– H&E and Feulgen. For the first experiment that used H&E
images, we used one patient data with 112 images made avail-
able for the MITOS-ATYPIA-14 contest, in which LR images
could be paired with their ground truth HR images. That is,
for 20× images corresponding 40×were available. This pair-
ing of real 20× with 40× was needed because histology im-
ages are not scale-invariant unlike natural images. We had to
register the LR-HR pairs for training and testing. This was
done as follows. We first registered the 20× images with the
corresponding 40× images rigidly by (bicubic) up-scaling the



20× to create synthetic 40× and registering it to real 40× and
then down-scaling the synthetic 40× to get a registered 20×.
In the second experiment on Feulgen stained prostate histol-
ogy images, we didn’t have paired LR images, so we created
synthetic LR-HR pair by bi-cubic down-scaling of the avail-
able 40× HR images to form corresponding synthetic LR im-
ages. This didn’t require any registration. For testing in both
experiments, we kept a set of images exclusively for testing
such that no data from them were used in training the NN.

Structural similarity index (SSIM), is a popularly used
metrics in evaluation of super-resolution algorithms that mea-
sure only the preservation of structure in chrominance, while
color cues are also important in the histology images to give
complete information such as contrast between different ep-
ithelium and stroma. We, therefore, used quaternion struc-
tural similarity index (QSSIM) because it measures both lu-
minance and chrominance degradation [10] and peak singal
to noise ratio (PSNR) for evaluation.

Experiment on H&E stained breast tissue: A total of
112 registered LR-HR image pairs were divided into 64 for
training and 48 for testing. The LR and HR images were of
sizes 768×688 and 1536×1376 respectively. From the 64
such training image pairs, 128,000 patch pairs of size 5×5×3
were randomly sampled for training Kim[2], SCSR[3], and
the proposed SRNN. We found that for 2×2 SR (s=2), an in-
put window size of 5×5 (n=5) to be optimal which is same as
that reported in [3]. For SRNN, the neural network had a sin-
gle hidden layer of 300 neurons, 5×5×3=75 input neurons
and 2×2×3=12 output neurons (sample input-output sizes
for NN). Activation function was sigmoid for the hidden neu-
rons and linear for output neurons. A quasi-newton convex-
optimization method known as L-BFGS [11] was used to op-
timize weights through back-propagation. For the SCSR, the
best setting of dictionary size and sparsity regularization were
1024 and 0.15 respectively [3]. For testing, we randomly
sampled 240 sub-images of size 140×140 from the LR test
images, and their corresponding HR testing sub-images as
ground truth. Each predicted HR sub-image was compared
with the ground truth to evaluate QSSIM and PSNR metrics.
The resultant box-plot statistics are presented in the Figure
1a-1b. As shown, our method outperformed the Kim and
SCSR (p<0.001 by Wilcoxon signed-rank test).

Experiment on Feulgen stained prostate tissue: From a
dataset of 19 HR images of sizes varying from 1400×1600 to
2100×2600, 13 were used for training and 9 for testing. For
each HR image, corresponding LR images were formed by
bicubic downscaling. We found the 7×7 (n=7) to be the op-
timal input window size for 2×2 SR (s=2). From 13 training
image pairs, we randomly extracted 168,000 LR-HR training
pairs of input size 7×7×3=147 and output size 2×2×3=12.
These extracted pairs were ZCA-whitened to train the pro-
posed SRNN. The trained algorithms were evaluated on the
574 testing LR sub-images of size 140×140 randomly ex-
tracted from testing data. QSSIM and PSNR were calculated
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Fig. 1. (a) QSSIM and (b) PSNR for H&E, (c) QSSIM and
(d) PSNR for Feulgen, between predicted HR by methods
M1 (Bicubic), M2 (Kim)[2], M3 (SCSR) [3], M4 (Proposed
SRNN) and ground truth

between HR predictions by a method and ground truth. As
shown by box-plot in Figure 1c-1d, the proposed method out-
performed the Kim and SCSR (p<0.001 by Wilcoxon signed-
rank test).

Qualitative results of super-resolution by Kim[2], SCSR
[3], and proposed approach are shown in Figure 2. When
zoomed in (the circle), it can be seen that the details around
the high contrast edges estimated using proposed SRNN are
closer to ground truth as compared to the other algorithms as
shown by arrows. While bi-cubic spline blurs the edges to
a large extent, SCSR blurs to a lesser extent, and Kim over-
sharpens them. SRNN seems to strike the right balance and
produces images closest to the ground truth, which is also
reflected in the quantitative results.
Effectiveness of ZCA whitening transform on neural net-
work: We used H&E stained breast tissue data to analyze the
performance of NN with and without ZCA transform. The
HR predictions on the testing data were compared with the
ground truth to get QSSIM and PSNR metrics. The box-plots
in Figure 3 confirm that NN with ZCA whitening does much
better prediction than without ZCA whitening (here again,
p<0.001 by Wilcoxon signed-rank test).

4 Discussion and Conclusions
Applying super-resolution algorithms on histological images
is not straightforward since the histological magnification is
not scale invariant. A high resolution histological image has
richer information than its low resolution counterpart. These
scale-dependent cues are not known beforehand and should
be learned from a standard histology LR-HR data and cannot
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Fig. 2. Visual comparison of HR predictions by different alternatives including proposed SRNN
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Fig. 3. Comparison of the proposed method SRNN with (M1)
and without (M2) ZCA whitening

simply be interpolated. Therefore, learning-based SR tech-
niques outperform others. Among the learning-based tech-
niques, ours was based on ZCA-transform and direct map-
ping from LR patches to HR, which outperformed other tech-
niques. Based on the abundant edges and textural features in
histological images, ZCA-whitening of the input and target
output data helps in better reconstruction by concentrating
optimization energy on these features. The ZCA whitening
transform exploits the redundancy of pixels and enhanced the
optimization energy at the edges for learning a better inverse
mapping function by a single hidden layer NN.

As an extension of this quantitative study, we are also
working on an analysis of perceptual quality through experts
grading of HR predictions by different SR algorithms. We are
also extending this work to other dyadic scale pairs, where the
coarser scale allows fast scanning and search in whole slides,
while the finer scale understanding of nuclear and sub-nuclear
structures.
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