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ABSTRACT

Dynamic speckle analysis (DSA) is a non-contact method to detect movements of the inspected objects. By
illuminating the observed sample using a coherent light source, motion information can be obtained from a series
of reflecting speckle patterns. Conventional DSA methods record the intensity of the speckle patterns using a
frame-based imaging sensor. Here, we propose a novel implementation of DSA using the event sensor which
captures the brightness changes of the dynamic speckle patterns with high temporal resolution and low latency.
Our method is based on the block matching algorithm in which the captured event stream is divided into many
non-overlapping blocks and motion information can be computed by searching for the blocks with the highest
similarity. The experimental results demonstrate the feasibility of our method in different dynamic levels, and
this work will be beneficial for various applications, such as biomedical imaging and material science.
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1. INTRODUCTION

Speckles are generated by the multi-path reflection of coherent light waves on the diffusive surface and have high
sensitivity to subtle changes of the refractive index.1 Speckle phenomenon frequently occurs in various imaging
modalities and is the basis for many measurement techniques.2,3 One of them is dynamic speckle analysis (DSA)
which is a non-invasive optical method to evaluate the scene motion.4–7 DSA has been applied to various fields
including biology, industry and medicine.8–10

As shown in Figure 1a, DSA uses a concise experimental implementation. The observed sample is illuminated
by a coherent laser source and the reflected time-varying speckle patterns are captured using an imaging sensor.
Then statistical analysis is performed to either extract the numerical motion indicators or visualize regions
with higher or lower dynamic levels across the sample surface.11 Conventional DSA methods use a frame-based
imaging sensor, such as charge-coupled device (CCD) or complementary metal oxide semiconductor (CMOS)
to record the intensity of the speckle patterns. The speckle pattern captured using a CMOS sensor is shown
in Figure 1b. The 8-bit intensity image records the speckle pattern where each pixel has different gray values
varying from 0 to 255.

In contrast to the conventional frame-based imaging sensors that record the visual scenes as static images
at the fixed rate, the event sensor captures pixel-wise brightness changes in an asynchronous data stream.12,13

The event sensor generates an independent event once it detects a pixel-wise brightness changes beyond the
threshold and transmits it in only a few microseconds.14 Therefore, event sensor has very low latency and high
temporal resolution compared with conventional frame-based sensor and is able to capture fast motions without
any motion blur. The speckle pattern captured using an event sensor is shown in Figure 1c. Only some pixels
of the sensor that detect brightness changes are activated hence the output is very sparse. The binary ON and
OFF events are represented as red dots and blue dots, respectively.

The event sensor has many advantages including high temporal resolution, high dynamic range, and reduced
temporal redundancy. The unique characteristics of the event sensor make it a promising approach to detect
the motions of fast-moving objects. Relevant researches about the event-based vision grow a lot in recent years
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Figure 1: (a) The schematic of the DSA setup. The sample is mounted on a motorized translation stage with
its rough surface being illuminated by the coherent laser source. The reflected speckle patterns are captured
using an imaging sensor. (b) The speckle pattern captured by a CMOS sensor with each pixel representing the
gray-scale intensity value. (c) The speckle pattern captured by an event sensor with only part of the pixels are
activated, hence the output is sparse. Red dots and blue dots stand for ON events and OFF events, respectively.

and various methods have been proposed to utilize the event sensor for computer vision tasks such as feature
tracking,15–17 object recognition,18,19 and image reconstruction.20,21 Although many works have been done to
utilize the event sensors for computer vision tasks, nevertheless, the field of event-based dynamic speckle analysis
is not fully explored.4,22

2. METHOD

A variety of DSA algorithms have been developed to obtain information from the intensity speckles such as coarse
quantization,11 wavelet transform analysis,23 and time history speckle pattern.24 However, these DSA methods
rely on intensity information and cannot be directly applied to the event data which has a different data structure
and only records the binary brightness changes. The events are saved as a four-dimensional matrix (x, y, p, t)
where (x, y) is the spatial coordinate, p ∈ {1, 0} stands for the binary ON and OFF event polarities, and t
denotes the timestamp of the event occurs. In order to obtain the motion information from the asynchronous
event data, we first slice the event stream according to their timestamps and accumulate the event polarities
with the same pixel location. This can be mathematically expressed as

E =
∑
t∈∆t

p · δ(x, y), (1)

where E is the event slice, t is the timestamp, ∆t denotes the time range, p stands for the polarity, and δ
represents Kronecker delta function. Then we implement block matching algorithm to analyze the dynamic
speckles in the form of event slices.

As shown in Figure 2, each event slice reconstructed using Eq. 1 is cropped into several non-overlapping blocks
of size M ×N and each block in the reference slice is matched with every candidate blocks in the adjacent slice.
The goal is to find the displacement of the blocks with highest similarity, which is also known as the emotion
vector.25,26 The search range is selected for comparing the possible blocks and larger motion requires larger
search range which also costs more expensive computations. Then, for each location within the search range, we
compare the similarity between the two blocks in the adjacent event slices and the motion vector is determined
between the two best matching blocks. We use mean absolute difference (MAD) as the cost function, which is
given by

MAD =
1

MN

M−1∑
i=0

N−1∑
j=0

|Pc(i, j)− Pr(i, j)| , (2)
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where M and N represent the block size, Pc(i, j) and Pr(i, j) stand for the pixels in the candidate block and
reference block. We use the exhaustive search which compares all the candidate blocks and computations can
be further reduced by more efficient searching strategies such as three step search27 and diamond search.28 The
dynamic level is estimated according to the pixel offset from the calculated motion vector

∆U = β ·∆u · p, (3)

where ∆U is the measured motion displacement, β is a constant coefficient that compensates the system mis-
alignment, ∆u is the estimated motion vector, and p is the pixel size of the imaging sensor.

Figure 2: Proposed dynamic speckle analysis using event-based block matching algorithm. The event stream
is converted into many event slices according to their timestamps and each time slice is divided into several
non-overlapping blocks. Motion information is obtained by searching for the best matching blocks in adjacent
event slices within the search range.

3. EXPERIMENTS AND RESULTS

Experiments were conducted to demonstrate the validity of our proposed method. The experimental setup is the
same as shown in Figure 1a. The imaging sensor is CeleX5 event sensor (OmniVision, China) with 1280 × 720
pixels spatial resolution and 9.8 µm pixel size. The sample is a piece of white paper with optically rough surface
to reflect the 532 nm laser light source (CivilLaser, China). The sample was controlled by a linear translation
stage (Winner Optics, China) to shift at different moving speed for testing the proposed approach at various
dynamic levels. The event sensor continuously monitored the tested sample surface and recorded the generated
event stream of the speckle patterns.

We controlled the sample to move along the x axis at different motion speed varying from 0.5 mm/s to 2 mm/s
representing different levels of scene dynamics. The central 512×512 pixels are cropped from the recorded event
data and is sliced for every 30 ms according to Eq. 1. The event slices of different dynamic levels are shown in
Figure 3a - Figure 3d. We can find that along with the dynamic level increases, the brightness changes more
rapidly in the speckle patterns and results in a higher density of generated events.

The event-based block matching algorithm is implemented with the block size to be 100× 100 pixels. Each
block in the reference slice is compared with the candidate blocks in the adjacent event slices, resulting in a
5 × 5 motion vector matrix. Due to the speckle pattern is shift-invariant within the memory effect,29 different
parts of the object surface should have the same speed. The block matching results in different dynamic levels
are visually shown in Figure 3e - Figure 3h. The arrows are the motion vectors that indicate the direction and
distance between the reference blocks and the best-matched blocks in the form of pixel offset. The actual object
motion can be estimated using Eq. 3 and β is 0.8 according to calibration process. The experimental results are
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Figure 3: (a) - (d) Event slices of different dynamic levels. (e) - (h) Computed motion vectors using the proposed
event-based block matching algorithm.

summarized in column 3 of Table. 1 by calculating the mean value of all 25 motion vectors across the sample
surface. The experimental results accord well with actual values, whereas the relative error is less than 4.7 %
and total error is less than 2.1 % which proves the validity of our proposed method.

Table 1: Experimental results in different levels of scene dynamics
Motion
speed

Actual
motion

Pixel
offset

Measured
motion

Relative
error

Total
motion

Total
error

0.5 mm/s
15 µm 2 15.7 µm 4.7%

45 µm 2%15 µm 1.92 15.1 µm 0.7%
15 µm 1.92 15.1 µm 0.7%

1.0 mm/s
30 µm 3.8 29.8 µm 0.7%

90 µm 0.9%30 µm 3.86 30.3 µm 1%
30 µm 3.92 30.7 µm 2.3%

1.5 mm/s
45 µm 5.8 45.5 µm 1.1%

135 µm 2.1%45 µm 5.92 46.4 µm 3.1%
45 µm 5.86 45.9 µm 2%

2.0 mm/s
60 µm 7.68 60.2 µm 0.3%

180 µm 1.2%60 µm 7.8 61.2 µm 2%
60 µm 7.76 60.8 µm 1.3%

4. CONCLUSION

In summary, we propose an alternative method to analyze dynamic speckles using the event sensor. Unlike
conventional intensity-based DSA methods that rely on the low-frame rate speckle images, our approach utilizes
the event stream which carries binary information of the brightness changes induced from the dynamic speckles
with much higher temporal resolution. Our method is based on the block matching algorithm which divides the
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event stream into many non-overlapping blocks and estimates the object motion by finding the best-matching
blocks with. Experimental results prove the validity of our proposed approach in different dynamic levels.
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