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Rapid autofocusing is essential for many microscopic imaging applications. Existing methods either require com-
plicated hardware implementations or slow z-stack image acquisition. In this work, we develop a new approach to
achieve fast autofocusing using the neuromorphic event sensing technology, which detects the sparse brightness
changes asynchronously and responds quickly to the specimen movement. A simple yet efficient autofocusing

system is tailored for fast acquisition and processing of the non-redundant event data, allowing for autofocusing
in only tens of milliseconds, which is thousands of times faster than current technologies. Experimental results
show a substantial performance improvement and capability for biopsy specimen inspections. To the best of our
knowledge, this is the first reported work on a neuromorphic methodology for autofocusing microscopy.

1. Introduction

Optical microscopy is foundational in many areas of clinical diagno-
sis and biomedical research. Due to the shallow depth of field (DOF) in
microscopy systems, rapid and accurate autofocusing is essential in or-
der to capture sharp images for the subsequent analysis. Nevertheless,
it is a challenging process for many microscopy applications, such as
whole slide imaging [1,2], light sheet microscopy [3] and high content
screening [4], due to the stringent requirements on speed and precision.

Existing autofocusing methods can be broadly categorized as hard-
ware methods and software methods. Hardware methods directly cor-
rect the changes in the focal plane by measuring the distance between
the objective lens and the specimen. They tend to have a high focusing
accuracy and rapid response, but generally require expensive hardware
modifications, such as infrared laser interferometry or confocal pinhole
detection [5,6]. Consequently, software methods are more preferred for
practical applications. They determine the optimal focus position by cal-
culating the sharpness of a set of differently focused images [7-9]. While
these methods are rather flexible, they are more time-consuming due to
the heavy computation and the speed is fundamentally limited by the
frame rate of the imaging sensors.

Inspired by biological visual systems, neuromorphic event sensors
are a new type of electronic sensors where each photodetector works
asynchronously and responds only to brightness changes as ON and OFF
events. This brings many advantages, including high temporal precision,
low power consumption, wide dynamic range, and redundancy reduc-
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tion [10,11]. The neuromorphic event sensing has facilitated many inno-
vative applications recently, such as depth estimation [12,13], motion
sensing [14-16], and gesture recognition [17]. This technology is also
attractive for microscopy applications such as neural imaging [18] and
microparticle tracking [19,20].

In this work, we demonstrate the usage of the neuromorphic event
sensing to achieve rapid autofocusing. To the best of our knowledge,
this is the first report showcasing the application of event sensors in
autofocusing microscopy. The rest of the paper is organized as follows:
in Section 2, we review the existing autofocusing methods in microscopy
and commonly used focus metrics. Then, in Section 3, we explain the
details of our approach, including the mathematical derivation of the
wavefront distribution and the event generation model. In Section 4,
we present the experimental setup and analyze the performance of our
proposed method in rapid scanning and real biopsy specimens. Based
on the above, we draw the conclusions in Section 6.

2. Existing methods
2.1. Rapid autofocusing microscopy

Traditionally, autofocusing is achieved using what can be known as
focus map surveying [21]. By capturing a stack of images from an axial
scanning and assessing the degree of focus of each image, the focus posi-
tion can be determined by maximizing a certain focus metric. (Common
choices of the metric will be discussed in the next section.) This method
is widely applied in many commercial automated microscopy systems
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Table 1
Commercial autofocusing microscopy systems [21].
Vendor Sensor Method
Leica TDI Focus map/Dual sensor [32]
Zeiss CCD Focus map
Nikon CCD Triangulation [33]
Olympus CMOS Focus map/Triangulation

due to the simplicity in hardware and robustness against various con-
ditions. However, a major hurdle is the trade-off between speed and
accuracy. To cover the correct focus position in the z-stack, we need to
have a large sample size at different depths. Consequently, it can take
many seconds or even up to several minutes for a conventional video-
rate camera to complete the procedure.

Alternatively, reflective-based methods have been proposed to im-
prove the autofocusing speed. They typically do not require a complete
z-stack, thus significantly reducing the time for data acquisition. Instead,
they detect a reference plane to locate the sample plane rapidly. One
way of localizing the reference plane is through a confocal pinhole de-
tection, where the refractive index differences in the sample space is
used to identify a strong peak during an axial search. Then, a refine-
ment search for the precise focus position can be performed within a
small neighborhood. There are more efficient methods, such as triangu-
lation and low-coherence interferometry [22-24]. However, they often
require a complicated hardware system or an active illumination, which
can be a burden for many applications.

Another line of work accelerates image-based methods by using a
separate focusing sensor. Traditionally, the same imaging sensor is used
for both focusing and image acquisition, which potentially limits the
performance. A dual-sensor system uses a separate sensor for the focus
survey where high-resolution images are captured by the main imag-
ing sensor once the focus position is determined by the focusing sen-
sor. A beam splitter array or phase modulation induced by some coded
masks can further integrate the different focus information through a
single-shot acquisition [25-27]. However, a higher level of multiplex-
ing inevitably reduces the autofocusing accuracy, thus this approach is
applicable only to a short focal range. Furthermore, these methods re-
quire careful calibrations and rely heavily on the quality of captured
images.

In recent years, learning-based methods have also been explored for
autofocusing [28-31]. While they are shown to be rather effective to
either predict the defocus distance or refocus the blurry image, a con-
siderable amount of data is generally required for training the neural
networks. The algorithms may also fail for new features that are out of
the training distribution.

The sensors and methods used in commercial autofocusing mi-
croscopy systems are listed in Table 1. Focus map surveying is the
most widely used method due to its robustness and universality. Besides
the commonly used charge-coupled device (CCD) and complementary
metal oxide semiconductor (CMOS) image sensors, time delay integra-
tion (TDI) sensor is also adopted with its better performance in photon-
limited applications.

2.2. Focus metrics

The principle of z-stack surveying is shown in Fig. 1. The sample
is axially scanned at different depths, and a camera is used to acquire
the z-stack images. When the sample is in focus, the image would give
sharper edges, larger contrasts, and a larger intensity variance. When the
sample departs from the focus position, convolution with the defocus
point spread function (PSF) blurs the image. This attenuates the high
frequency components of the images and critical details are inevitably
lost. We can therefore design various measures, so that the best score is
attained for an image that is sharply in focus.

Optics and Lasers in Engineering 160 (2023) 107247

e Focus position
\ I’
Objective
Lens 9
£
=
wn
@
Q
=
«»
N 3
. b o
>
A)uall //8’7 e
scanning =~ & ./,,/

(a) (b)

Fig. 1. (a) The sample is axially scanned at different focal depths, and a z-stack
of images is obtained. (b) The focal plane can be determined by maximizing a
certain focus metric.

Over the years, many focus metrics have been proposed. They can
generally be divided into four groups: gradient methods, statistical
methods, histogram methods, and intuitive methods [34]. In what fol-
lows, we select one from each group [35-38]:

(#,-norm of the gradient) M, = Z (|ux| + |uy|>, M
X,y
(image variance) M, = Z (l (x,y) — /4)2, (@)
Xy

I

(histogram entropy) M5 = — Z pilog, (p;), 3)
i=1

(image power) M, = 2 (I(x, y))z- 4)

Xy

In these equations, u, and u, stand for the image gradient at pixel (x, y),
u denotes the mean intensity of I(x,y), p; is the probability of a pixel
with intensity value i, and / is the number of gray levels.

Besides these focus measures, we also quantitatively evaluate the
performance from two aspects: range and reproducibility [9]. Range
represents the length of the extreme value. It is given by the full width
at half maximum (FWHM). Reproducibility is computed as the width at
80% of the extreme value. A smaller reproducibility corresponds to a
sharper peak in the statistics.

3. Neuromorphic event-based autofocusing
3.1. Principle of neuromorphic event sensors

The working principle of a neuromorphic event sensor is presented
in Fig. 2. Information of the scene is transmitted as ON and OFF events
when the brightness changes exceed the predefined threshold. The
mathematical representation of the event generation process is given
as

|L(x,y,1) = L(x,y,t = AD| = C, ®

where L represents the brightness signal which can be interpreted as log-
arithmic intensity in uniformly-illuminated scenes, ¢ denotes the times-
tamp, At is the time elapsed since the previous event triggered at the
same pixel, and C is the predefined threshold. The sign of the bright-
ness change is recorded using a binary polarity p.

Due to the unique design of signal processing circuitry, the event
sensors can monitor fast changes in the signals with microsecond res-
olution, i.e., At is in the order of microseconds. Moreover, each sensor
pixel works independently and asynchronously. An output is instantly
triggered and transmitted once a pixel detects a sufficient brightness
change, so there is no need to use a shutter or set an exposure time. The
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Fig. 2. The working principle of the neuromorphic event sensor. A continuous
brightness (logarithmic intensity) signal is converted as a sequence of ON and
OFF events.

event sensor sends a stream of continuous output and each of them en-
codes the pixel location, timestamp, and polarity into a four-dimensional
vector, which can be mathematically represented as

eg = (X, Vs Py Bg)s 6)

where s is the index of the event stream.

New methods should be developed to extract information from the
event stream due to its unique data structure. Existing event data pro-
cessing algorithms can be broadly categorized into two classes. The
first group of algorithms operate on an event-by-event basis, which up-
dates the current state according to the mismatch information from each
incoming event [39,40]. These methods exploit the asynchronous at-
tribute of the event stream and can process real-time tasks with minimal
latency. However, to do so, they require some additional information,
such as grayscale images or a global map. The second class of algorithms
aggregate a group of events into an event frame. This representation is
then compatible with existing image-based methods, such as machine
learning with a support vector machine (SVM) and deep learning with a
convolutional neural network (CNN) [41,42]. These methods generally
have a high signal-to noise ratio (SNR), at the expense of losing temporal
correlation.

3.2. Wave distribution in the axial direction

In order to harness the neuromorphic event sensing for autofocus-
ing, we first determine how the detected brightness at the sensor plane
changes as a result of the sample’s movement in the axial shifting. We
consider an imaging system that consists of a single convex lens with a
focal length f. An on-axis unit impulse of wavelength A is positioned at
a distance z; from the center of the lens on one side, and the sensor is
positioned at a distance z, on the other side. The unit impulse produces
a spherical wave before the lens, with a paraxial approximation written
as [43]

U(xa,ya;zl,O_)

1 Jk 2 o
= exp | =— + s 7

JjAzy P [2z1 (x“ y”) ™
where k =2z /4 is the wave number and (x,,y,) denotes the aperture
plane coordinates. The convex lens performs a phase transformation to
that wave and induces a modulated converging spherical wave after the
lens, which is given by

1 Jjk (1 1
U(xgs ¥a3 21, 0%) = Taz ACa ya)exp [7 <;1 - 7) (x5 + yﬁ)], ®)
where A(x,,y,) = 1 for a point (x,, y,) inside the aperture, and 0 other-
wise. Finally, the field propagates a distance z, to the sensor. By Fresnel
diffraction approximation, the amplitude complex field arriving at the
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sensor plane (x, y) can be described as

+oo .
UGyizizm) = [ Uiz, 0 exp [ £ (2 +52)]
ik dx,d
+: exp [Zz (xxg+ yya)] x,dy, ©
= [ A(x,.y,)exp [#(xg + yg)]
—0
jk
X exp [jz_z (xx, + yya)]dxadya,
where f = (zl + zi - %) It can be seen that we have ignored the phase
1 2

variation that precedes the integral, since we only consider its intensity
distribution. In order to measure the brightness changes when the object
is axially shifted, we further simplify the equation by setting x = y =0,
since most of its energy is concentrated at the center position, and the
central magnitude effectively models the major source of the brightness
changes that can be detected by an event sensor. At x = y = 0, we obtain

+o0
ik
U(O,O;zl,z2)=//A(xa,ya)exp [%(x§+y§)]dxadya. (10)
—oo

By converting into polar coordinates, namely x, = pcos(¢) and y, =
psin(¢), we rewrite the relationship between the source and destination
amplitude fields with respect to the depth z; and z, as

U®©,0;2,25) = fi" Jiexp [”‘%”z]pdpdqa

>in<%> :Sinc(ﬁaz )’ (11)

7fa>

& 21
24

where a is the radius of the aperture. Hence, for a microscopy system, the
axial wave field follows a sinc distribution with a different magnification
factor. Assuming that the PSF is shift-invariant, an off-axis point source
(u, v # 0) results in the same pattern as the on-axis one of the same depth,
but centers at its corresponding image point.

3.3. Autofocusing from an asynchronous event stream

The next step is to determine the focus position from the event data.
During the axial scanning procedure, the sample is axially shifted, and
the events are monitored at a fixed image plane. Hence, z, is a fixed
parameter in Eq. (11). For simplicity, we use z to refer to the variable
z, in the following equations to represent the depth of the sample. The
detected brightness signal can be mathematically modeled by

L(x, y;2) = log (f(x, ) ® h(x, ; 2)), (12)

where L(x,y; z) denotes the detected brightness at location (x, y) of the
sensor with respect to the sample at depth z, while f(x, y) denotes the 2D
intensity value of the sample, A(x, y; z) represents the PSF and ® stands
for the convolution operator. The PSF can further be derived from the
wave distribution as

hex, v = [UGe 2| (13)

Assuming that the axial movement of the sample is linearly related
to time by a velocity v (i.e., z = v - t), from Eq. (5), we can obtain the
relationship between the event generation and the sample’s position as

[L(x,y;z) — L(x,y;z — Az)| > C, (14)

where Az represents a small axial displacement of the sample. An event
is triggered if the above inequality is satisfied. By taking a sufficiently
small displacement Az, the number of events at each axial position z is
linearly related to the absolute value of the brightness gradient and is
given by

L(x,y;z) — L(x,y,z — Az)
Az

0L(x,y;z)

2 . (15)

~ ‘
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Fig. 3. (a) During the axial scanning, events are mainly triggered symmetri-
cally at both sides near the focal plane and almost undetectable at the in-focus
position. (b) The proposed method gives a focus measure that follows an “M”
shape, and the focus position is located at the valley between the peaks.

In order to demonstrate the relationship between the depth and the
generated events, a scatter plot of the events is shown in Fig. 3 a where
a sample with an opaque letter “e” on a transparent background is ax-
ially scanned using bright-field microscopy. The red pixels represent
ON events, and the blue pixels represent OFF events. In bright-field
microscopy, the background has a higher brightness level than the il-
luminated sample. Therefore, when the sample is shifted from an out-
of-focus position to an in-focus position, the brightness decreases at the
edges of the pattern and OFF events are generated in this process. Simi-
larly, ON events are generated when the sample is moving away from its
in-focus position. Since the wave distribution can be modeled as a sinc
function as given in Eq. (11), the brightness maintains its highest value
at the central peak. Consequently, events are almost undetectable when
the sample moves to the in-focus position, i.e., the interval between the
bunches of ON and OFF events in the scatter plot. Such variations in the
event generation can be utilized to indicate the focal plane effectively.

In our method, the recorded data stream is processed by accumu-
lating the events generated between z and z + Az irrespective of their
polarities. The depth is transformed to the time domain according to the
known velocity, giving rise to the metric

t+At

Ms= " Y le,l, (16)
Xg.Vs Zg=Z
where [e,] denotes the number of triggered events expressed in Eq. (6).
As shown in Fig. 3 b, the curve describes the theoretical autofocusing
measurement with the proposed metric. The proposed method gives a
focus measure that follows an “M” shape, and the focus position is lo-
cated at the valley between the peaks. The distance between the two
peaks is about a few dozens of micrometers depending on the numerical
aperture (NA) of the objective lens, tube length and scene geometry. In
practical experiments, the scanning distance may be contained in the in-
terval between the two peaks and results in a “V” curve in the numerical
plot. Under such a circumstance, the proposed method can be regarded
as unimodal, with the minimum of the focus measure indicating the in-
focus position.

We also plot several event frames for a better visual inspection of
the event generation at different depths. When the sample is far away
from the focus position, the sample is completely out-of-focus and ax-
ial movements cause very few brightness changes at each pixel, hence
very few events are monitored. The detected brightness changes signif-
icantly when the sample moves near the focus position and reaches to
its maximum at position z* that can be estimated by

* _ IL(x.y:z)
z = argmax, | — ==

dlog (f()®h(xy:2)
oz an

log |U(0.0:2)|?
oz

= arg max,

A arg max,

5

where U (0, 0; z) can be modelled as sinc(ﬁz—‘f) according to Eq. (11).
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Table 2
Technical parameters of the APS and the DVS in the DAVIS346 neuromorphic
event sensor.

Parameter APS DVS

Pixel size 18.5 um x 18.5 ym 18.5 um x 18.5 um
Pixel number 346 x 260 346 x 260
Temporal resolution 25 ms 1ps

Dynamic range 56.7 dB 120 dB

4. Experiments and results
4.1. Experimental setup

The experimental setup is shown in Fig. 4 a. The microscope (Eclipse
Ni-U, Nikon) uses a 100W Halogen lamp as the light source. The
sample is axially shifted using a motorized linear translation stage
(WN262TA20, Winner Optics) and the data is captured using a neuro-
morphic event sensor (DAVIS346, iniVation). The DAVIS event sensor
integrates a conventional image-based active pixel sensor (APS) and an
event-based dynamic vision sensor (DVS) [44], so that in the meantime
of recording event data, image frames can be captured as well. The tech-
nical parameters of the APS and the DVS are summarized in Table 2.
In the experiments, we use the DVS event sensor to test our proposed
method and use the APS sensor to capture image frames as comparison.

To show a real example of the APS output and DVS output of the
event sensor, we capture a moving pollen specimen with a 10x/0.25 ob-
jective lens. The APS captures the absolute intensity value in the whole
field of view (FoV) as an 8-bit RGB image frame, which is shown at the
top of Fig. 4 b. Both the pollen and the background are clearly captured
in the scene. The asynchronous event stream is reconstructed into a 2D
event frame by accumulating the events within a 10 ms time window,
shown at the bottom of Fig. 4 b. The reconstructed event frame clearly
shows the outline of the pollen as ON and OFF events and filters out the
background. For a rough comparison of their data efficiency, the image
frame encodes the scene information using the full pixels, resulting in
346 x 260 = 89,960 values being recorded. On the other hand, the event
frame only consists of 1435 events in this case since only the pixels that
detect brightness changes transmit information.

4.2. Image-based autofocusing

First, we demonstrate the experimental results using the conven-
tional image-based autofocusing methods. The test sample is a resolu-
tion target (HIGHRES-2, Newport), which has opaque lines on a clear
background. We use a 40x/0.65 objective lens with a 2 pm DOF in the
experiment. The sample is axially shifted for 50 um with a step size of
1 pum. Twelve focal images taken at a step size of 4 um are presented
in Fig. 5 a. As the position of the sample shifts along the depth axis,
the focal images turn from blurry to sharp, and blurry again. Since the
conventional imaging sensors could only capture clear images of static
scenes, the moving stage spends a significant amount of time pausing,
accelerating and decelerating for each image frame. As a result, it takes
over one minute to acquire the z-stack of 50 images using the APS with
the exposure time of 1 ms. Besides, data redundancy could be a problem.
A sequence of 50 image frames of 346 x 260 resolution takes 1.24 MB to
store in 8-bit RGB format, most of which are repetitive information.

Using our naked eyes, it’s difficult to determine which image is best
focused in Fig. 5 a since they have very slight differences. Hence we
numerically analyze the whole 50 z-stack images using the focus mea-
sures in Egs. (1)-(4). The results are normalized within the range of
[0,1] and are shown in Fig. 5 b. The histogram entropy method fails
in predicting the correct focus position due to the lack of variety in
sample intensities. All the other three focus measures indicate that the
focus position is at about 19 um. The mean reproducibility is 0.58
and the range is 0.83. We also record the computation time for the
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Fig. 4. (a) Experimental setup of the autofocusing
bright-field microscope. (b) APS (top) captures the ab-
solute intensity values of the whole FoV while DVS
(bottom) only records the brightness changes on the
edges.
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Fig. 5. (a) A z-stack of images is obtained when the sample is shifted at different focal depths. (b) Numerical results using different focus metrics.

four autofocusing methods. The average computation time is 342.3 ms
on a computer with an Intel i5-6500@3.20GHz CPU and MATLAB
R2020a.

4.3. Event-based autofocusing

Then, we perform the same set of experiments on our proposed
event-based autofocusing method. In this experiment, we continuously
shift the sample at a uniform speed of 5 mm/s and record the data using
the DVS. Our method allows for the continuous shifting of the sample,
which saves a major amount of time in data acquisition. For the same
moving distance of 50 um, it takes only 10 ms to acquire all of the
event data. Unless otherwise specified, we use the same scanning speed
and distance in the following experiments. A total of 53,274 events are
recorded during the whole process, and they consume only 130 KB for
storage. It is a substantial improvement compared with the one-minute
data acquisition time and 1.24 MB storage consumption using the image-
based autofocusing methods.

Although our method works directly on the asynchronous event data
and does not depend on the frame representation, we transform them
into event frames for better visualization and comparison with the con-
ventional methods. Unlike ordinary imaging sensors, where the frame
rate cannot be adjusted after the data acquisition, the number of event

frames can be user-defined after the data acquisition by setting different
integration window time. As such, we reconstruct the event frames into
the same step size of 4 um as the image-based autofocusing experiment
by integrating the events in every 0.8 ms.

The z-stack of 12 event frames is presented in Fig. 6 a. Compared
with the image frames in Fig. 5 a, each event frame has remarkable
differences. As the position of the sample shifts along the depth axis,
the recorded events gradually become sparse, and become dense again.
From 0 um to 20 um, many negative events are detected since the
opaque patterns become darker when the sample gets focused. From
20 pm to 44 um, the patterns become brighter as the background light
disperses to those regions, so that many positive events are detected.
As previously discussed, the axial movement of the sample near the in-
focus position will not cause significant brightness changes, hence very
few events occur in this region. Using our naked eyes, we can easily
assert the focus position is at the depth of 20 um according to Fig. 6 a.

In order to achieve higher precision, we analyze the event data us-
ing the proposed algorithm in Eq. (16) and the numerical results are
presented in Fig. 6 b after smoothing. The y-axis presents the number
of events within every 50 us integration time. As the moving speed is
5 mmy/s, the step size in the x-axis is 0.25 pm. The experimental data is
shown to be “V”-shaped since the scanning distance is within the range
between the two peaks in Fig. 3 b. The minimizer is at 18.75 um and
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Fig. 6. (a) The z-stack event frames are reconstructed at different depths of the sample. (b) Numerical results using the proposed event-based autofocusing method.
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Fig. 8. (a) The z-stack event frames of the negative sample with a step size of 4 pm. (b) Numerical results using the proposed event-based autofocusing method.

this result accords with the visual inspection of the event frames and
the image-based autofocusing methods. The reproducibility of the pro-
posed method is 0.15 and the range is 0.295. The computation time is
4.2 ms on the same computer with an Intel i5-6500@3.20GHz CPU and
MATLAB R2020a.

4.4. Performance comparison

The comparison between the event-based autofocusing and image-
based autofocusing is summarized in Table 3. Image-based autofocusing
methods rely on the intensity images, which cost more time to acquire
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Fig. 9. The frame image of the negative sample at corresponding estimated
depth of 25.25 pm.

Table 3
Comparison between the event-based autofocusing and image-based autofocus-
ing.

Image-based autofocusing Event-based autofocusing

Data 50 images 53,274 events
Acquisition time 1 min 10 ms

Data storage 1.24 MB 130 KB
Processing time 226 ms-425 ms 4.2 ms
Precision 1 pm 0.25 um
Reproducibility 0.58 0.15

Range 0.83 0.295

and process. In contrast, the proposed event-based autofocusing method
significantly reduces both autofocusing time and storage consumption.
Moreover, high precision can be achieved using the event sensing tech-
nology with microsecond temporal resolution, while image-based meth-
ods are physically limited to lower frame rates. The proposed method
also outperforms the image-based methods in reproducibility and range,
which demonstrates its superiority.
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5. Discussion
5.1. NA and integration time

In the above experiments, we have shown the substantial perfor-
mance improvement using the proposed event-based autofocusing. In
applications such as whole slide imaging, a set of micrographs have to
be captured using different objective lenses. Accordingly, the settings of
the focusing camera, such as the frame rate and exposure, need to be
changed due to the different NA and DOF. If the camera is not set prop-
erly, biased predictions will be made using the image-based autofocus-
ing algorithms. However, the settings of the event sensors can be consis-
tent when using different objective lenses, since the scene information
is automatically monitored at a high temporal resolution. Moreover, the
integration time is a user-defined parameter and can be adjusted after
the data acquisition. Such characteristics provide convenience for prac-
tical applications.

We conduct comparative experiments using a 10x/0.25 objective
lens and a 40x/0.65 objective lens. The DOF of these objective lenses are
16 pm and 2 um, respectively. Theoretically, when using an objective
lens with a large NA or using a long integration time setting, a large
amount of events will be counted in each time window, and this re-
sults in the distinct numerical differences in the y-axis with higher SNR.
However, it will also cause a compromise in the temporal resolution and
reduce the precision. Hence, it is necessary to adjust to a proper inte-
gration time setting for different objective lenses to achieve the balance
between SNR and precision.

We then test the proposed algorithm with different integration time
ranging from 50 ps to 500 ps. The corresponding precision can be calcu-
lated as ranging from 2.5 pm to 0.25 pm. The results for the two tested
objective lenses are shown in Fig. 7a and b, respectively. Comparing the
two figures, the objective lens with a smaller NA has a flatter curve in
the statistics and the focus position can only be distinguished using a
500 ps integration time with 2.5 pm precision. In comparison, the ob-
jective lens with a higher NA has a much sharper peak in the statistics
and the focus position can be distinguished using a 50 ps integration
time (see Fig. 6 b) with 0.25 pm precision. Hence, when using small
NA objective lenses, a longer integration time can help to increase the
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Fig. 10. (a)-(c): Autofocusing results of testis, pulmonary vessels, and onion cells. (d) - (f) Focal images taken at corresponding estimated depths.
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SNR and a short integration time can be adopted to indicate the focus
position with a higher accuracy when using high NA objective lenses.

5.2. Negative sample

In applications such as fluorescence microscopy, the sample has a
higher brightness level than the background. Here, we simulate such a
scenario using a negative sample (R3L3S1N, Thorlabs) with a 40x/0.65
objective lens. The z-stack of 12 event frames is presented in Fig. 8 a
with a step size of 4 um. The event frame with the sparsest events is
around the depth of 24 um from visual observation. Compared with the
experimental results of a positive sample in Fig. 4 a, the background has
a higher level of noise in the negative sample because the event sensor
responds to logarithmic brightness changes and is more sensitive in the
dark. The numerical results are presented in Fig. 8 b. The integration
time is set to be 50 us and the precision can be reached up to 0.25 um.
According to the metric in Eq. (16), the minimizer is at 25.25 um, which
is close to the visual inspection of the event frames. We also capture the
frame image at the estimated axial distance in Fig. 9. The sharpness of
the frame image confirms the accuracy of our method.

5.3. Biopsy specimen

Last but not least, we examine the validity of our method on real
biopsy specimens including testis, pulmonary vessels, and onion cells
using a 10x/0.25 objective lens with 16 um DOF. The autofocusing re-
sults using the proposed method are shown in the upper row of Fig. 10,
where the integration time is set to be 100 pus and the precision is 0.5 pm.
The curve represents the changes in the detected event number with
their minimum value indicating the focus position. The corresponding
images captured at the indicated depths are shown in the bottom row of
Fig. 10. They are all visually clear and sharp, which show the validity
of our proposed method in biopsy specimen inspection. The processing
time is less than 3 ms in all three cases, demonstrating the efficiency of
our method.

6. Conclusion

In this work, we propose a new method to use the neuromorphic
event sensing for rapid autofocusing in microscopy. The wave distribu-
tion in the axial direction and the event generation model during the
autofocusing process are mathematically analyzed. Our method takes
advantage of the high temporal resolution of the event sensor to achieve
millisecond speed and sub-micrometer accuracy at the same time with-
out using complicated hardware. Experimental results show the validity
and efficiency of our method on biopsy specimens. Our work will be
beneficial for fast-moving object observation and high throughput mi-
croscopy.
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