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Abstract: Laser speckle imaging (LSI) is a powerful tool for motion analysis owing to the high
sensitivity of laser speckles. Traditional LSI techniques rely on identifying changes from the
sequential intensity speckle patterns, where each pixel performs synchronous measurements.
However, a lot of redundant data of the static speckles without motion information in the scene will
also be recorded, resulting in considerable resources consumption for data processing and storage.
Moreover, the motion cues are inevitably lost during the “blind” time interval between successive
frames. To tackle such challenges, we propose neuromorphic laser speckle imaging (NLSI) as an
efficient alternative approach for motion analysis. Our method preserves the motion information
while excluding the redundant data by exploring the use of the neuromorphic event sensor, which
acquires only the relevant information of the moving parts and responds asynchronously with a
much higher sampling rate. This neuromorphic data acquisition mechanism captures fast-moving
objects on the order of microseconds. In the proposed NLSI method, the moving object is
illuminated using a coherent light source, and the reflected high frequency laser speckle patterns
are captured with a bare neuromorphic event sensor. We present the data processing strategy to
analyze motion from event-based laser speckles, and the experimental results demonstrate the
feasibility of our method at different motion speeds.

© 2022 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Motion analysis aims to identify changes in the physical position of an object with respect to
fixed coordinates. Traditional methods require physically attached sensors, such as inertial
measurement units (IMU) and accelerometers [1]. However, they have low spatial resolution and
often suffer from large drift errors. Optical motion analysis is a non-contact approach to estimate
the object movement through detecting features in sequential image frames [2–4]. In recent years,
lens-free motion estimation attracts much research interest due to its simplicity and low-cost
structure without using any lens element. It has facilitated various innovative applications in
user-interfaces, auto-navigation and structural engineering [5–8].

Lens-free motion analysis generally requires coherent illumination. When coherent light, such
as laser, is reflected by a moving object with an optically rough surface, a noise-like pattern,
called laser speckle, can be observed using a bare image sensor due to the interference of the
scattered coherent light [9]. The statistical properties of laser speckle patterns from a random
medium are independent, and object motion or flow results in characteristic fluctuations of the
speckle intensity with time. The laser speckles have extreme motion sensitivity due to their
high frequency. Small motions of the object on the order of micrometers could result in large
movements in the corresponding speckles, which can be used to estimate the surface motion
[8,10,11]. Many approaches have been developed to retrieve motion information from a series of
speckle patterns, such as dynamic light scattering (DLS) and dynamic speckle analysis (DSA)
[12,13].
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However, these methods often rely on intensity images that are captured by frame-based
cameras with charge-coupled device (CCD) or complementary metal oxide semi-conductor
(CMOS) sensors. These sensors measure the intensity values of each pixel synchronously at a low
sampling rate, which leads to a loss in dynamic scene information. Yet, advances in high-speed
camera technology have enabled the capturing of fast-moving objects with higher frame rates,
though at the expense of costly storage space and bandwidth. Moreover, the frame-based sensors
generate a large amount of redundant data for static background, a situation that is more severe
with high-speed cameras. High computation cost is also needed for processing the entire frame
sequence, including those constant pixels without any additional motion information in the
successive frames.

In contrast to standard frame-based sensors that encode dynamic visual scenes with static
images at a fixed rate, neuromorphic event sensors are inspired by biological retinas and
only report local intensity changes as spiking events. These output events are recorded and
transmitted asynchronously by each pixel as an event stream. Such unique mechanisms of the
neuromorphic event sensor bring several advantages, including high temporal resolution, reduced
data redundancy, and low power consumption. In recent years, this type of sensing technology
has facilitated many applications including particle tracking [14,15], object recognition [16,17],
and optical flow estimation [18–20]. Neuromorphic event sensors are well suited to capture
dynamic scenes. Inspired by motion-compensated event images [21], Stoffregen and Kleeman
[22] first proposed a greedy algorithm where motion-compensated images with fine edges and
contours of the object are generated by clustering events. Further improvement was made in the
clustering algorithm to achieve a more accurate joint estimation of the objects and their motion
[23]. Incorporating deep learning and neuromorphic event sensors, Mitrokhin et al. [24] tackled
the problem that moving objects are challenging to be detected and masked in harsh conditions
(e.g., fast motion and poor lighting). Nevertheless, motion analysis is fairly unexplored in the
field of event-based vision.

In this work, we propose the neuromorphic laser speckle imaging (NLSI) as an efficient
alternative approach for lens-free motion analysis. The paper is organized as follows: first,
existing methods of dynamic laser speckle imaging are reviewed in Section 2. Then, the working
principle of neuromorphic event sensor and event-based data processing strategy are introduced
in Section 3. Afterwards, NLSI algorithm for motion analysis is explained in Section 4. The
experimental setup and results are presented and evaluated in Section 5. The paper concludes in
Section 6.

2. Existing approaches

2.1. Frame-based methods

Many frame-based approaches have been proposed for laser speckle imaging including time
history speckle pattern (THSP) [25], co-occurrence matrix (COM) [26], inertial moment (IM)
[27] and absolute value of the differences (AVD) [28]. The THSP method analyzes the dynamic
speckles by selecting M pixels from N successive frames and reconstructing a new image of size
M × N. Each line in the reconstructed image represents the intensity variations and the THSP
image becomes more random along with a higher dynamic level. The COM method statistically
summarizes the intensity transition in THSP and is defined as

COM[i, j] =
M∑︂

m=1

N−1∑︂
n=1

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
1, if THSP[m, n] = i

and THSP[m, n + 1] = j,

0, otherwise

(1)
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where THSP[m, n] represents the pixel (m, n) in the THSP image and i, j stand for the intensity
value range varying from 0 to 255 for 8-bit images. The IM method quantifies activity from
COM by calculating the second-order statistics and is defined as

IM =
∑︂

i

∑︂
j
{COM[i, j] ∗ (i − j)2}. (2)

Meanwhile, the AVD method is similar, though it quantifies activity from COM through
calculating the first-order statistics and is defined as

AVD =
∑︂

i

∑︂
j
{COM[i, j] ∗ |i − j |}. (3)

The computational complexity of these frame-based methods depends on the bit depth of the
image intensities. If intensity images are captured with bit depth of b, the range for i, j will be
2b. For THSP image with size M × N, both IM and AVD have computational complexity of
O

(︁
MN(2b)2

)︁
.

2.2. Event-based methods

Event-based approaches mainly analyze the dynamic laser speckles based on the 2D images
integrated from the event stream. Some techniques proposed in our previous work include
event time history speckle pattern (ETHSP), event co-occurrence matrix (ECOM), and event
absolute summation (EAS) [29,30]. The ETHSP method analyzes the dynamic speckles from
the event data by randomly selecting M pixels from N successive integrated event images and
reconstructing a new image of size M × N. Every pixel in the ETHSP only has three possible
states ∈ {positive, negative, none} representing whether events are detected and their polarities.
The ETHSP image has higher density of detected events along with a higher dynamic level. The
ECOM method statistically summarizes the states in ETHSP and is defined as

ECOM[s] =
M∑︂

m=1

N∑︂
n=1

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
1, if ETHSP[m, n] = positive

or ETHSP[m, n] = negative

0, if ETHSP[m, n] = none

(4)

where s represents the discrete event states ∈ {positive, negative}. The EAS method quantifies
activity from ECOM through calculating the first-order statistics and is defined as

EAS =
∑︂

s
{ECOM[s]}. (5)

For ETHSP image of size M × N, event-based EAS method has computational complexity of
O(MN). The computational complexity drops considerably compared with the intensity-based
methods owing to the intensity change detection mechanism and binary output.

3. Neuromorphic event sensor

3.1. Working principle

Neuromorphic event sensors, also called dynamic vision sensors, are biologically inspired to
capture pixel-wise brightness changes in an asynchronous and sparse data stream [31]. Each pixel
detects logarithmic intensity changes and sends out an event with its location, timestamp, and
polarity. An independent event is generated once an intensity change that exceeds the threshold
is detected at a pixel. Therefore, high temporal resolution can be achieved by the neuromorphic
event sensors to capture fast motions without motion blurs.
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The differences in the working principles of conventional frame-based sensor and neuromorphic
event sensor are compared in Fig. 1(a) and Fig. 1(b), where a time-varying intensity signal
is sampled by the two types of sensors. As shown in Fig. 1(a), the frame-based sensor takes
synchronous measurements of intensity value regardless of how the signal changes. For example,
the frame-based sensor makes two measurements at time t5 and t6 while the intensity values
does not change too much within the time interval. Such sampling principle results in a waste of
data storage and power consumption. In comparison, as shown in Fig. 1(b), the neuromorphic
event sensor detects logarithmic intensity changes at a much higher sampling rate. As long as the
logarithmic intensity signal changes above the threshold, the sensor generates an asynchronous
output named event. On the other hand, no events are generated when the logarithmic intensity
only has small changes within the threshold. The corresponding outputs are shown in Fig. 1(c)
with binary polarities that denote logarithmic intensity increase or decrease. Moreover, in the
frame-based sensor, all the pixels work simultaneously and every pixel value needs to be sampled
and recorded. Hence, the temporal resolution of the frame-based sensor is quite low and normally
20–30 frames can be sampled per second. On the other hand, in the neuromorphic event sensor,
every pixel works independently and only the active pixels that detect brightness changes generate
outputs. As a result, it has a much higher sampling rate on the order of microseconds.

3.2. Event data processing

In order to take advantage of the neuromorphic event sensor and extract useful information from
the asynchronous event stream, it is necessary to develop specific methods to process such event
data. Current processing approaches can be divided into two categories. The first is to convert the
event stream into a sequence that is compatible with algorithms such as long short-term memory
(LSTM) [32,33] or neural ordinary differential equations (NODE) [17,34]. These methods exploit
the temporal attribute and can perform real-time tasks with very low latency, but at the expense of
retaining little information to reflect the dynamics in the global scene. The second class maps the
event stream to a dense representation (e.g., 2D matrix) compatible with image-based methods
such as convolutional neural network (CNN) [35,36]. These approaches have simple structures
and are widely used for various tasks [18,29,37–40].

In the neuromorphic event sensor, each pixel detects logarithmic intensity changes asyn-
chronously and an event will be generated as soon as the intensity change exceeds the threshold
[31]. The event generation process can be described mathematically as

log [I(x, y, t)) − log(I(x, y, t + τ)]>ξ, (6)

where I(x, y, t) represents the intensity value of the pixel (x, y) at time t, and τ is the time interval
between two measurements on the order of microseconds. The variable ξ is a user-defined
threshold. Each event is encapsulated into a four-dimensional tuple

ek = (xk, yk, pk, tk), (7)

where pk ∈ {−1, 1} is the polarity representing intensity decrease or increase. Here, we define a
two-dimensional image E(x, y) to represent the integration of events during a small time window
∆t

E(x, y) =
∑︂
ek ∈e′
δ(x − xk, y − yk)δ(t − tk) (8)

where δ is a Kronecker delta function, and e′ contains all the events within the time interval
(t, t + ∆t). The motion of the sample can be obtained through analyzing the amount of intensity
changes in each pixel during the time window. If the time window ∆t is small enough, the scene
can be regarded as static and the intensity changes are triggered only by the moving texture [38].
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Fig. 1. (a) A time-varying intensity signal is recorded by a conventional frame-based sensor.
The timestamps for capturing each frame are indicated by red dots. (b) The neuromorphic
event sensor records logarithmic intensity changes. The timestamps for detecting each
event are marked by blue step curves. (c) The corresponding event stream only contains
binary polarities that denote intensity increase or decrease. Faster changes in the logarithmic
intensity leads to a higher rate of generating events.
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4. Neuromorphic laser speckle imaging

4.1. Event-based laser speckles

Conventional LSI methods require continuous monitoring of high-resolution intensity-based
speckle patterns. An example of the frame-based laser speckle sequence is shown in Fig. 2(a)
with a spatial resolution of 512 × 512. It is captured using a normal CMOS sensor at 20 fps,
and each frame has a time interval of 50 ms. Only 5 frames can be recorded during the 200 ms
time interval and the information between two successive frames is inevitably lost. Also, the
requirements for the data acquisition are very strict: the exposure time should be small enough
to avoid averaging of speckles and the frame rate should also be carefully set to keep the time
speckle patterns correlated [41]. However, such restrictions can be relaxed in our proposed NLSI
method. Taking advantage of the neuromorphic event sensor, high temporal resolution can be
achieved without setting the exposure time and frame rate.

Fig. 2. Dynamic laser speckles captured by a conventional frame-based CMOS sensor and
event-based neuromorphic sensor. (a) The CMOS sensor with 20 fps records the absolute
intensity of the dynamic laser speckles at a low sampling rate. (b) The neuromorphic event
sensor records logarithmic intensity changes as binary events with a much faster sampling
rate. The red dots and blue dots represent positive and negative events, respectively.

The recorded event-based laser speckles in the same 200 ms time interval are plotted in
Fig. 2(b), where the events are marked as red rots and blue dots representing ON event (intensity
increase) and OFF events (intensity decrease), respectively. The spatial resolution is 512 × 512,
and each event is recorded asynchronously according to the nature of the neuromorphic event
sensor. It records events at a temporal resolution of a few microseconds, which is thousands of
times faster compared with conventional CMOS sensors.

4.2. Neuromorphic laser speckle correlation

In the proposed NLSI, the moving object is illuminated by a coherent light source and every
point on its rough surface can be regarded as a secondary light source. The laser speckle pattern
captured by the bare sensor is the superposition of all spherical wavefronts. The speckle imaging
can be represented as a convolution process between the object and the point spread function
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(PSF) of the optical system
EN(x, y) = EO(x, y) ∗ P(x, y), (9)

where EN(x, y) denotes the value at pixel (x, y) in the captured neuromorphic laser speckle pattern,
EO(x, y) denotes the value at pixel (x, y) in the moving object, P(x, y) stands for the PSF, and ∗ is
the convolution operation. The auto-correlation of the speckle pattern is given as

EN(x, y)⋆EN(x, y) =
[︁
EO(x, y) ∗ P(x, y)

]︁
⋆
[︁
EO(x, y) ∗ P(x, y)

]︁
=

[︁
EO(x, y)⋆EO(x, y)

]︁
∗ [P(x, y)⋆P(x, y)]

= EO(x, y)⋆EO(x, y) + C,
(10)

where ⋆ represents the correlation operation, and C is the constant background term caused by
the residual statistical speckle noise [42]. An example of neuromorphic laser speckle pattern is
shown in Fig. 3(a) with a spatial resolution of 512 × 512 and 30 ms integration time. Positive
events account for 45% and negative events account for 55%. Its auto-correlation result is shown
in Fig. 3(c), which is approximately a Kronecker delta function with a sharp peak.

When the object is shifted by a small displacement ∆l in the lateral plane (e.g., moving
direction parallel to the sensor plane), it causes a global translation of the corresponding speckle
pattern. This phenomenon is known as the optical memory effect (OME). As long as the moving
displacement ∆l is within its OME range, the two laser speckle patterns captured at time t1
and t2 have the same distribution except for a local shift [43–45]. The PSF can be regarded as
shift-invariant within this range. The cross-correlation between the two neuromorphic laser
speckles captured at timestamp t1 and t2 can be derived from Eq. (10) as

EN
t1 (x, y)⋆EN

t2 (x, y) =
[︁
EO

t1 (x, y) ∗ P(x, y)
]︁
⋆
[︁
EO

t2 (x, y) ∗ P(x, y)
]︁

=
[︁
EO

t1 (x, y)⋆EO
t2 (x, y)

]︁
∗ [P(x, y)⋆P(x, y)]

= EO
t1 (x, y)⋆EO

t2 (x, y) + C.
(11)

The second neuromorphic laser speckle pattern after a small displacement along the x-axis is
shown in Fig. 3(b), and the cross-correlation result in Fig. 3(d). The latter has the same pattern
compared with the auto-correlation result before object motion, but with a shifted peak. In order
to obtain the pixel offset, we plot the horizontal line across the central point of the auto-correlation
map and cross-correlation map in Fig. 3(e). The pixel offset is the distance between the peak
locations of the cross-correlation and auto-correlation. Then, the motion of the object can be
estimated through

∆u′ = β · ∆L · p, (12)

where β is a coefficient that compensates for the misalignment, ∆L is the pixels offset between
the peaks of auto-correlation and cross-correlation shown in Fig. 3(e), and p is the pixel size of
the imaging sensor.
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Fig. 3. Motion analysis via neuromorphic laser speckle imaging. (a) The original
neuromorphic laser speckle pattern. (b) The neuromorphic laser speckle pattern after a
small displacement. (c) The auto-correlation map of the speckle pattern. (d) The cross-
correlation map of the two speckle patterns with a small displacement. (e) The results of the
auto-correlation and cross-correlation are delta functions with peaks indicating the relative
movement.
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5. Experiments and results

The schematic of the experimental setup is shown in Fig. 4. The 532 nm laser source (LSR532NL,
CivilLaser) is positioned 50 cm in front of the object. The output power is set to 50 mW using a
circular neutral density filter (GCO-0704M, Daheng Optics) and the laser beam is collimated
using a beam expander (BE10M-A, Thorlabs). The moving target is a piece of white paper
that is mounted on a motorized translation stage (WN262TA20, Winner Optics). The sample
is controlled to shift in uniform motion ranging from 0.5 mm/s to 2.5 mm/s with a step size of
0.5 mm/s. The neuromorphic event sensor (CeleX5, OmniVision) has 1280 × 800 pixels spatial
resolution and 9.8 µm pixel size. It is positioned 40 cm away from the sample without using any
lens element between the sample and the sensor. We use the default settings of the sensor with
the threshold value set to be 171, and record the reflected dynamic laser speckles for 5 seconds.
We repeat the experiment using a conventional CMOS sensor (MV-GE134GM-T, MindVision)
with 1280 × 1024 pixels spatial resolution and 4.8 µm pixel size for comparison. The frame rate
is 20 fps and exposure time is 50 µs.

Fig. 4. Schematic of the laser speckle imaging setup. The sample is mounted on a motorized
translation stage and its rough surface is illuminated by the coherent laser source. The
reflected speckle patterns are captured using a bare event sensor without a lens. BE stands
for beam expander and CNDF stands for circular neutral density filter.

To compare the data usage of the two types of sensors, each frame image set (20 fps, 5
seconds, 1280 × 1024 spatial resolution) has an uncompressed file size of 105 MB, containing
131,072,000 intensity values with 8-bit grayscale regardless of motion speeds. On the contrary,
the data storage of the event data sets depends on the motion speeds. The uncompressed file
sizes for the event stream (5 seconds, 1280 × 800 spatial resolution) vary from 29 MB to 156
MB, containing event numbers that range from 4,732,628 to 26,397,155 with binary polarities.
Although the saving of data storage is not significant here, but it should be noted that when using
a high frame-rate camera to achieve similar sampling rate as the neuromorphic event sensor, the
data consumption for storing the intensity frames will become tremendous, as the data usage is
proportional to the frame rate.

The laser speckles captured using the CMOS sensor at different speeds are shown in the first
row of Fig. 5(a). Since the frame-based sensor only records the absolute intensities, it is hard
to detect different speckle dynamics in one single image. The laser speckles captured using
the neuromorphic event sensor at different speeds are presented in the bottom row of Fig. 5(a)
with 30 ms integration time. In comparison, the intensity changes can be easily detected by the
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neuromorphic event sensor and we can notice that the event density increases with a faster motion
speed.

Fig. 5. (a) The laser speckles captured using the CMOS sensor and the neuromorphic event
sensor at different speeds varying from 0.5 mm/s to 2.5 mm/s with a step size of 0.5 mm/s.
The exposure time of the CMOS sensor is 50 µs and the integration time of the event data is
30 ms. (b) THSP images of the frame-based intensity speckle patterns. (c) ETHSP images
of the event-based neuromorphic speckle patterns.

Next, we evaluate the dynamic laser speckles using the THSP and ETHSP methods that are
introduced in Section 2. 512 pixels are selected from 50 successive frame-based speckle patterns
to form the THSP, and the results are shown in Fig. 5(b). Similarly, 512 pixels are selected from
50 successive neuromorphic speckle patterns to form the ETHSP, and the results are shown
in Fig. 5(b). Compared their results and we can find that the correlation among the lines only
exist in the first two THSP images and the other three THSP images are very noisy and cannot
distinguish their differences due to the low frame rate and high-speed object motion. On the
other hand, the neuromorphic method indicates the higher dynamic levels with a larger number of
detected events in all scenarios. The experimental results using numerical descriptors including
IM, AVD and EAS are summarized in Table 1. The frame-based IM and AVD methods grow
with higher motion speeds at the beginning, but reach their maximum at 1.5 mm/s, where the
intensity frames are not correlated anymore due to the low sampling rate. On the contrary, the
event-based EAS method can still indicate the speckle dynamics correctly.

Then, we estimate the actual object motion using the proposed NLSI method. Two successive
laser speckles with the time interval of 200 ms are analyzed for a large pixel offset. The
correlation is calculated using Eq. (11) and the computational complexity can be reduced through
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Table 1. Experimental results of IM, AVD and EAS for dynamic speckle analysis. All numerical
descriptors indicate higher dynamic levels with larger values.

Motion speed IM AVD EAS

0.5 mm/s 383994 10561 374

1.0 mm/s 696481 14388 683

1.5 mm/s 782517 15144 965

2.0 mm/s 776457 15071 1169

2.5 mm/s 765034 15003 1322

the cross-correlation theorem

EN
t1 (x, y)⋆EN

t2 (x, y) = F −1
(︂
F

(︂
EN

t1 (x, y)
)︂∗

· F

(︂
EN

t2 (x, y)
)︂)︂

, (13)

where F and F −1 stand for the Fourier transform and inverse Fourier transform, ∗ denotes the
complex conjugate and · represents element-wise multiplication.

The detected speckle size on the imaging sensor mainly depends on the sensor pixel size,
and is also affected by the imaging geometry, including the distance from the sensor to the
sample and the angle between the incident light and reflected light. In order to calibrate the
imaging setup and determine the mapping between the speckle size and sensor pixel size, we shift
the object for 1 mm and use a CMOS sensor with 9.8 µm pixel size to capture the two speckle
patterns before and after motion. The pixel offset of one speckle is 128 pixels, hence β is set
to be 0.8 according to Eq. (12). The experimental results are summarized in Table 2 by taking
3 successive measurements. The experimental results show the validity and robustness of our
proposed method in a wide range of motion speeds, whereas both the relative error rate and the
total error rate are less than 2%.

Table 2. Experimental results of NLSI at different motion speeds.

Motion speed Actual motion Pixel offset Measured motion Relative error Total motion Total error

0.5 mm/s
100 µm 13 101.9 µm 1.9%

305.7 µm 1.9%100 µm 13 101.9 µm 1.9%

100 µm 13 101.9 µm 1.9%

1.0 mm/s
200 µm 26 203.8 µm 1.9%

611.4 µm 1.9%200 µm 26 203.8 µm 1.9%

200 µm 26 203.8 µm 1.9%

1.5 mm/s
300 µm 38 297.9 µm 0.7%

909.4 µm 1.0%300 µm 39 305.8 µm 1.9%

300 µm 39 305.8 µm 1.9%

2.0 mm/s
400 µm 51 399.8 µm 0%

1207.4 µm 0.6%400 µm 52 407.7 µm 1.9%

400 µm 51 399.8 µm 0%

2.5 mm/s
500 µm 64 501.9 µm 0.4%

1489.6 µm 0.7%500 µm 63 493.9 µm 1.2%

500 µm 63 493.9 µm 1.2%
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6. Conclusion

In this work, we propose a new speckle imaging method to analyze motion with a concise
lens-free implementation. Unlike conventional LSI methods that rely on the intensity-based
speckle images with low frame rates, our approach utilizes the neuromorphic event sensor which
captures binary information of the intensity changes with a much higher temporal resolution. The
data processing strategy is presented to analyze motion from event-based laser speckles and the
experimental results demonstrate the feasibility of our method in different motion speeds. This
work will be beneficial for detecting fast-moving objects in various fields, such as biomedical
imaging and material science.
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