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Abstract. Pre-processing techniques are an essential step in image analysis, especially
so when the image quality is degraded. This paper presents an iterative sharpening
algorithm designed for use on the OpenFlexure microscope, to bring z-stack images back
into focus. Three different sharpness metrics are trialled and evaluated on a z-stack of 50
images of an onion epidermis sample, with a measurement of the full-width-half maximum
of intensity peaks in the image being the most accurate method for the particular data
set.

1. Introduction
In diagnostic medicine, microscopy is essential in imaging and deciphering conditions at
a cellular level, especially in the early stages [1]. Modern microscopes capture digital images enabling the use of a plethora of automated enhancement and analysis techniques.
These techniques range from commonly known bright-field microscopy to fluorescence and
super-resolution microscopy. Depending on the approaches, they find application in clinical and research scenarios. Once these platforms are realised, current state-of-the-art
approaches such as machine learning add modalities that can enhance the imaging and
eventual recognition for informed decision making. Such methods have shown success in
detecting various cancers, neurodegenerative and cardio-vascular diseases [2, 3, 4, 5].
The methods and algorithms used for diagnosis, fundamentally, rely on separation of
features in the image, i.e. resolving objects. The resolution of any system is determined by
the optical system used and its ability to distinguish edges in the features so as to separate
them from each other. Herein lies the true value of image ‘sharpness’. Blurring is caused
by light from outside the focal plane and is a common limitation in microscopy [6]. Image
enhancement is an essential step in the workflow, maximising the amount of data that can
be obtained from each image and retrieving useful insights [7]. The 3D printed OpenFlexure microscope [8] is an affordable alternative to professional grade microscopes, widening
research both in established scientific groups as well as in new communities. Examples
include research in areas of economic depravity, such as its use for malaria diagnosis as
well as an educational resource in Tanzania and Kenya [9, 10]. Whilst the microscope
system is largely unaffected by drift, images are still susceptible to blurring due to untrained usage and/or vibrations during data collection which are not sufficiently damped
due to the lightweight design. This problem statement forms the basis of this research
project, wherein errors in image acquisition are fixed after data collection to retrieve the
best resolved image. It can also be assumed that the end-users of the microscope may
not be trained optical engineers, hence an algorithm to correct images following capture
is necessary.
In this research project, a comparative analysis of statistical approaches using the
intrinsic pixel values of the captured images is performed. The solution achieved is a
semi-autonomous method to remove blur and improve image sharpness after acquisition.

The image processing methodology presents a refocusing algorithm necessary to restore
the data. Sequences of images taken by moving the microscope (known as a z-stack) were
collected by the microscope. The data set includes in- and out-of-focus images within each
stack. The contribution of this paper are (1) a image processing workflow, programs and
test data [11] and (2) an evaluation of three proposed sharpness metrics with which the
algorithm relies upon. The work complements the motivations of the microscope, making
precision microscopy accessible to people of all technical levels by facilitating de-blurring
post-collection. Data can be optimised despite errors made during acquisition.
2. Microscopy
The OpenFlexure microscope [8] is an easy to assemble, 3D printed microscope capable
of a range of imaging methods. Depending on the choice of the hardware, the microscope
is capable of basic imaging or scientific grade bright-field and fluorescence imaging. For
the more basic use cases, hardware costs around £15, increasing to around £200 for more
advanced features. The translational stage, which permits movement in the x, y and z
directions by less than a micron, is achieved through utilising the material’s natural flex
[12]. Such methods have increased the capability of this microscope to achieve very highprecision microscopy similar to microscopes valued at x100 the price [8]. The microscope
has also been modified to achieve other methods such as super-resolution imaging [13].

Figure 1.
The OpenFlexure microscope is built from 3D printed parts that house
a microscope objective (x100 magnification), lenses, an 8 megapixel Pi camera and a
Raspberry Pi system. This complete system is capable of imaging, only needing computer
peripherals for accessing the Raspberry Pi and operating the mechanical stage.
The microscope was built in-house using a number of components, figure 1 shows it fully
assembled and set up to image various animal and plant slides. This particular Delta Stage
OpenFlexure microscope consists of a x100 magnification microscope objective, x40 RMS
threaded microscope objective lens, a 5MP Raspberry Pi camera (V1.3) and computer,
a white LED for illumination and a selection of 3D printed parts to house the optics
and facilitate movement of the stage [14]. The original lens on the raspberry pi camera
module was removed in place of the above microscope objective lens [15]. The 3D printed
components were made with plastic, by an in-house 3D printer and assembled following
the instructions linked on the OpenFlexure website. The test data was collected from
a microscope with integrated motorised control to ensure the highest possible precision,

however mechanical versions are also available. For these, rubber bands connected to
plastic cogs allowed controlled flexing of the plastic facilitating the movement of the
microscope stage.
3. Data Collection
Z-stack images provide information about individual layers of a sample with depth. Here
the z-stacks are taken at a cellular level; this is analogous in theory and analysis to medical
images such as CAT scans which provide images of anatomy through tomography. The
microscope images are acquired via an automatic system built-into the microscope, which
first finds the focal point then sweeps through z-stacks either side. The process utilises
a motorised stage which adjusts the distance from the objective to the sample. In this
case, 50 images are taken either side of the focal point in sequential steps of 200 nm. The
resulting z-stack comprises images taken at 100 subsequent steps with the central image
being the most in-focus, each at 200 nm interval in the z-direction. To illustrate this image
stack, figure 2 shows image numbers 1, 25, 50, 75 and 100 from the z-stack of three plant
slides.

Figure 2. Selected images from Z-stacks of a Sunflower Stem, Pine Leaf and Onion
Epidermis taken using the OpenFlexure microscope. Image 50 in each stack of 100 is the
most in-focus, having been taken at the focal point. Subsequent images are taken in steps
of 200nm away from the focal point and become increasingly blurred.
A significant drift in the X-Y axis can be observed in the first half of the images. A
small amount of this can be attributed to the 3D printed parts of the microscope being
more flexible and subject to movement than solid traditional microscopes. The fact this
drift is so large and only occurs in the first half of the z-stack suggest this is not due to
inherent drift in the microscope design (reported to experience a drift of less than 20µ in a
week) [12]. A more likely cause is from creep, which arises from deformation of the plastic
components following significant movement [12]. The data acquisition procedure involved
an initial movement of 10µm which is likely to have caused this. Since the microscope is
incredibly lightweight, the design is subject to vibrations in the local area, such as heavy
footsteps or some impact on the table it’s placed on. The microscope was put on a piece
of foam to attempt to dampen these vibrations. Significant drift such as this poses an
error to the focusing algorithm which is why the first half of the data was removed for
algorithm development.
4. Image processing approach
The approaches of fixing blur and out-of-focus errors in an image lie within the realms
of image enhancement to maximise data quality prior to analysis. All image processing
and analysis techniques (including sharpness evaluation and image focusing) rely on the
fact that digital images contain pixel values (numbers) which can be manipulated using
various mathematical operations [16]. Colour images typically contain three data channels

of red, green and blue (denoted as RGB). Each of these channels record pixel intensities
in the range of 0-255 (for 8-bit sensors). These values signify how red, green or blue the
pixel is and the combination of the pixel values in each channel result in the final image,
as captured. Although the colour images do provide spectral information, the focus of this
work is to enhance the sharpness. This is a spatial operation and therefore, the images are
converted to simpler, grayscale images before any analysis. Image enhancement is limited
by the quality of image data, and often the most significant limiting factor is the resolution
of the camera used. In this case, the Raspberry Pi camera used on the OpenFlexure
microscope cannot be expected to produce the same quality images as scientific imaging
systems complemented with enhanced algorithms. Whilst image enhancement techniques
such as this focusing algorithms can improve the data following the capture, a precise
system and a high resolution, scientific camera cannot be matched when operating at the
focal point.
5. Sharpness Metrics
To investigate the effect of sharpening processes on the images in the z-stack, three metrics
(SM1, SM2, SM3) were used. Each rely on the principle that sharper images will have a
greater gradient across pixel values where a distinct feature is present. Every image can
be deconstructed spatially into local neighbourhoods, which provide context to individual
pixels. The choice of the size of these neighbourhoods varies between methods, and the
choice itself is key. The quality of such metrics affects the applicability of the sharpening
algorithm. When presented with multiple images, it is necessary for the metric to correctly
identify the sharpest one.
5.1. Sharpness Metric 1: Sharpness Score
In image processing, convolutions with various operators are common-place to apply
various filters (also known as kernels) to images. These can have a blurring effect to an
image or can detect discontinuities by comparing pixel values in the local neighbourhood.
The latter is a technique used in edge detection and its theory forms the core of most
Computer Vision, Machine Learning and Artificial Intelligence (AI) applications [17].
Multiple filters exist to detect different properties and shapes, one of the most basic being
Sobel filters which calculate the first order derivatives in the X and Y axes to detect vertical
and horizontal lines respectively [17]. The Laplacian operator, Lxy , is an alternative edge
detection filter which uses a second order differential to detect discontinuities with any
orientation. This technique can often amplify noise, therefore it is commonplace to apply
the Laplacian operator following a Gaussian blur [18].

Lxy



0 1 0
= 1 −4 1
0 1 0

Figure 3 demonstrates how the Laplacian Operator is used to measure sharpness in an
image. Two matrices representing images are shown, containing diagonal white lines of
different sharpness. Lxy is applied to each image via a convolution. In this process, the
operator (acting as the kernel) acts like a sliding window which moves over the image. In
each step, the overlapping pixels are multiplied and added to produce a new pixel value
which is assigned to a new, compressed matrix. This matrix maintains spatial information
in the image, such as shapes and edges, despite being compressed. This is especially useful
for the efficiency of convolutional neural networks (CNNs) which handle vast amounts of
data. To detect sharpness in this case, the new matrix is simply squared and averaged
to produce a ‘sharpness score’ [19]. Here, a lower score represents a greater amount of
blurring. This process can be applied across all images in a data set to identify the sharpest.
Natural images in general present challenges in edge detection due to shading and blur
arising from the point spread function which one should be wary about if intending to
perform edge detection [20]. However, this is not a concern within the scope of this study.

Figure 3. Demonstration of how the Laplacian Operator can be used to distinguish
between images of different sharpness. A convolution between the image and this Operator
produce a compressed matrix retaining key image features. This resultant matrix can be
squared and averaged to produce a ’sharpness score’, which a computer algorithm can use
to find the sharpest image in a data set.
5.2. Sharpness Metric 2: FWHM
The second metric presented considers a specific neighbourhood in an image as opposed
to the image as a whole. In contrast to the previous method, which records sharpness
over a whole image, the full width half maximum (FWHM) method, or Sharpness Metric
2 (SM2) considers the sharpness of a single feature. A user input is required to select two
points on the image between which a line is plotted, ideally, this should be perpendicular
to a key image feature. An example of this can be seen in figure 4 where a blue line crosses
a cell boundary in the microscopy image of an onion epidermis. The intensity of the pixel
values at each point on the line is plotted as a function of position, yielding peaks which
correspond to the features in the image. Examples of these plots can also be seen in the
same figure. The FWHM of the most prominent peak is obtained using a built in peak
finding package in python. These values are used directly as a measure of sharpness, as
a larger FWHM value corresponds to a larger spread in pixel values (characteristic of a
blurred image). Inversely, a narrow FWHM is indicative of an in-focus, sharp image. The
effect of blurring on the FWHM of the peaks can be easily seen in figure 4. For image 50,
taken at the focal point, the peak is narrow and defined whereas the more blurred image
75 exhibits both a different shaped curve as well as a larger FWHM as expected. Markers
A and B indicate the features producing the turning points of the peak. A step function
represents the ideal case, where a maximum sharpness is achieved. This is not likely to
occur in natural images such as these, and therefore a curved peak is always expected.
5.3. Sharpness Metric 3: Number of Peaks
A third metric was realised following observation of the curves in figure 4. The plot
detailing the changing pixel intensity contained a single large peak across the target feature
(the cell wall) as well as numerous smaller peaks corresponding to other features in the
line path. For the sharper image, additional features in the cell are clearly visible. These
can be seen both in the image itself as well as in the form of small peaks in the graph.
These become harder to distinguish as the images blur, and so arises a clear relationship
between the number of peaks in the graph and the sharpness. This observation leads to
Sharpness Metric 3 (SM3), where the number of peaks identified by the algorithm, given

Figure 4. An alternative approach for determining image sharpness (SM2 and SM3). A
line is plotted perpendicular to the cell wall in an image of an onion epidermis and the
intensity of the pixel at each point on the line is plotted as a function of the row number.
Points A and B mark the position of the cell wall and subsequently the turning points
of the resultant peak. The FWHM and number of peaks is measured their value used to
compare image sharpness.
a threshold, is used to distinguish relative sharpness of images in the stack.
6. Focusing Algorithm
The algorithm used for focusing images works in a straightforward, iterative approach
to fine-tune the variables for low pass filters. The low pass filtering is performed and
the outcome is assessed using the proposed sharpness metrics. The images in figure 5
show a single image from the onion epidermis z-stack being passed through the algorithm.
First it is sharpened by different degrees using low pass filters of different size. Sharpness
metrics then evaluate the set of sharpened images and decide which is optimal based on
their individual measures. The output for each out-of-focus image is the sharpest versions
of that image as predicted by each metric. From these, the effectiveness of each metric
can be confirmed visually. Following this evaluation, the most accurate metric (if any) is
integrated into the final algorithm.
The method used to sharpen each image is by applying a low pass filer (LPF) via a
convolution, like that depicted in figure 3. This attenuates high frequency regions in an
image and passes the low frequency (blurred) ones. The new image containing only the
blurred regions, is subtracted from the original to produce a sharpened image. High-pass
filters are also available to perform high-frequency extraction from images without the
added step of subtracting. This method was opted against since it amplifies the finer
details in an image, including noise [21]. Smoothing filters, such as the LPF have the
opposite effect with regards to noise. A LPF is constructed using an nxn matrix filled
with values of 1/n. Increasing the value of n will similarly increase the amount of blurring

done to an image, to an extent. There exists an optimised value for n which produces the
best image, past which an image will degrade again.

Figure 5. A flowchart detailing the image optimisation process of the presented focusing
algorithm. A single image is sharpened by various nxn low pass filters, then each sharpness
metric attempts to find the optimal n value which produces the sharpest image. The
resultant images are used to evaluate the accuracy of each metric visually.

7. Results and Discussions
7.1. Comparison of Sharpness Metrics
To evaluate and compare each metric, the recorded measures for each image were plotted
as a function of distance (from the focal point). This was converted from image number
(referring to a certain image in a stack). Image 50, having been taken at the focal point,
represents an x value of 0nm. Image 51 was captured 200nm away from the focal point,
and so on, with the 100th image being taken 10µm away. There are five data points at
each distance value, representing the original image, and those sharpened by nxn LPFs
(values 3, 4, 5 and 6). Figure 6 displays the graphs, and from these the optimal n value
predicted by each metric is determined.

Figure 6.
Comparison of the responses of three sharpness metrics to images in the
onion epidermis z-stack, having been sharpened by different nxn low pass filters. Optimal
n values for the low pass filer are reflected by the largest sharpness score and number of
peaks, and the lowest full width half maximum.
The x-axis of the graphs represent how far the images were taken from the focal points.
Since the distance between each image is a fixed value of 200nm, it is expected that

the sharpness of the images decrease linearly. A good sharpness metric should reflect
this. Both SM1 and SM3 initially display the expected decrease with distance, due to
the images becoming increasingly blurred, however they then flatten, exhibiting more of
an exponential trend. This is an indication that neither of these metrics are sensitive to
increased blurring past a distance of 3µm.
SM2 and SM3 data points have significant spread, and thus best fit lines were calculated to establish trends. This variation most likely arises from errors within the peak
finding module in python. As an example, it can be seen in figure 4 that blurring to
the image causes the turning points either side of the peak to change value in the y-axis.
This modifies the perceived height of the peak, and thus impacts the FWHM measurement. Similarly for calculating the number of peaks, the error in height measurement may
include/exclude peaks from the count depending on the threshold. This raises concerns
over the reliability of these methods, since they depend highly on the quality of the line
plotted. This effect can be minimised by plotting the line as perpendicular as possible to
an image feature, however this leaves a lot of room for human error even for a trained individual. Another limiting factor to the FWHM metric could arise from the separation of
peaks during sharpening. A blurred image may present a single line which may comprise
of multiple features only revealed after sharpening. If such a feature is selected then this
metric becomes inaccurate.
The most important requirement for the metrics to satisfy is that they predict the
correct optimal n value, which forms the nxn LPF used for sharpening as described in
section 6. Both SM1 and SM3 have sharpness measures whose values increase for sharper
images, the arbitrary ’sharpness score’ and the number of peaks. The n values which
they predict are optimal are thus those which yield the highest y values. SM2’s sharpness
measure, the FWHM, instead decreases for sharper images, so for that the n value yielding
the lowest y values are noted. The correct optimal n value for the onion epidermis data set
is confirmed by comparing the sharpened images by eye, and determining the best quality
image. In this case, the n value should be 5. The only metric to correctly determine
this was SM2, which also conveniently exhibits the expected liner trend, indicating it is
sensitive to changes past 3µm. SM1 and SM3 predict n to be 4 and 6 respectively, which
as can be seen in the images in figure 5 are improved, but not optimal. It should be noted
that data points for the original image as well as the 3x3 and 4x4 low pass filtered images
overlap, indicating these filters poses no sharpening effect. It can be seen from the printed
images that this is not the case, highlighting a potential flaw in this method.
7.2. Evaluation of the Focusing Algorithm
The algorithm as a whole relies largely on the effectiveness of the metrics, discussed above,
as well as the image sharpening process itself. It was built and calibrated using the onion
epidermis data set, for which SM2 was the most effective. The algorithm was updated
with this single metric. Z-stacks for pine leaf and sunflower stem samples were reserved as
test data sets and following the identification of the superior sharpness metric, these were
passed through the algorithm to observe how well it performed given different images.
The algorithm was unsuccessful in optimising the images of the Sunflower Stem, as it
seemed that the LPFs had no sharpening effect on the images. This could perhaps be
a result of the images having no low frequency regions, in which case the images could
not be sharpened further. The Pine Leaf z-stack was also trialled and this time the LPF
sharpened the images as expected. The algorithm however failed to correctly identify the
optimised image, choosing n to be 4 instead of 5.
The initial success of SM2 is a consequence of the onion epidermis images having a
distinct cell wall, uncontaminated by other features. From this, a defined peak could be
produced making it easier for the peak finding python package to measure the FWHM.
Without such a feature, the optimisation process is hindered for the other data sets. The

line choice as mentioned previously also impacted the results. Under further evaluation,
the n value even for the onion epidermis z-stack changed when plotting different lines.
Drift is another factor affecting the accuracy of the sharpness metrics. All three of
the data sets collected using the OpenFlexure microscope experienced significant drift
in the first half of the data set (see figure 2). SM2 and SM3 largely rely on the line
overlapping the same place in each image, therefore even a small amount of drift could
impact the accuracy of the metrics. Similarly, SM1 would be effected if features present
in the image change, as this would effect the sharpness score. For uniform samples with
repeated patterns, this error would be minimised.
8. Conclusions and Future Work
This research project presents a semi-supervised sharpening algorithm which optimises
the z-stack of an onion epidermis. After detailed consideration of three possible sharpness
metrics, the FWHM metric proved to be the most accurate in this case. After trialling
this algorithm with other data sets, it became clear that the effectiveness of a metric has a
strong dependence on the content of the input. For the onion epidermis, there was a single
thick cell wall crossing the image which produced a defined intensity peak. Other data sets
did not have the features to facilitate this. Further work is needed to make this sharpening system fully autonomous, as the individual metrics are not a ’one size fits all’ solution.
Another algorithm to categorise images based on their contents may improve the accuracy of the optimised sharpening. An appropriate metric can then be chosen based on
this information. For example, identification of a single central feature would suggest that
SM2 would be most appropriate for optimising the images. Alternatively, if an image had
regular repeating patterns, SM1 may perform better. Many filters exist to detect edges,
using different weightings than the Laplacian kernel used in SM1. These variations should
also be considered in further research, with a method for doing this being via a convolutional neural network (CNN). Involving more advanced AI techniques such as a CNN
makes sense considering the vast amount of possible inputs and variations of the metrics. This way, the network can be trained to identify which metrics should be used for
different inputs based on their spacial data. Another suggestion for further development
would be to integrate the focusing algorithm with the microscope software. Images can
therefore be sharpened in real time, and the downloaded data would already be optimised.
The development of such an algorithm allows images to be enhanced post-collection,
which is especially important since the OpenFlexure microscope will frequently be used
by those with little to no microscopy experience. Mistakes made during collection can
be rectified, meaning time, data and samples can be prevented from going to waste. The
microscope already makes itself accessible to this cohort, by being low cost and portable.
The addition of the focusing algorithm contributes to this goal, by helping users collect
good quality images. Improved accessibility to microscopy ultimately allows for increased
contribution to research, especially in the field of medicine. The algorithm helps achieve
this.
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