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Abstract— Accurate and timely onboard perception is a
prerequisite for mobile robots to operate in highly dynamic
scenarios. The bio-inspired event camera can capture more
motion details than a traditional camera by triggering each
pixel asynchronously and therefore is more suitable in such
scenarios. Among various perception tasks based on the event
camera, ego-motion removal is one fundamental procedure
to reduce perception ambiguities. Recent ego-motion removal
methods are mainly based on optimization processes and may
be computationally expensive for robot applications. In this
paper, we consider the challenging perception task of detecting
fast-moving objects from an aggressively operated platform
equipped with an event camera, achieving computational cost
reduction by directly employing IMU motion measurement.
First, we design a nonlinear warping function to capture
rotation information from an IMU and to compensate for the
camera motion during an asynchronous events stream. The pro-
posed nonlinear warping function improves the compensation
accuracy by 10%-15%. Afterward, we segmented the moving
parts on the warped image through dynamic threshold segmen-
tation and optical flow calculation, and clustering. Finally, we
validate the proposed detection pipeline on public datasets and
real-world data streams containing challenging light conditions
and fast-moving objects.

I. INTRODUCTION

Event-based cameras are novel, bio-inspired visual sensors
[1]–[3]. In contrast to traditional frame-based cameras that
produce images at a fixed rate, the pixels in an event camera
operate independently and asynchronously, responding to
intensity changes by producing ‘events’. The sensor offers
several advantages: high temporal resolution and low latency
(in the order of microseconds), a very high dynamic range
(140dB vs. 60dB of standard cameras), and low power
and bandwidth requirements, therefore benefiting challenging
perception tasks, such as high-speed target segmentation
[4]–[6], optical flow estimation [7]–[9], scene reconstruc-
tion [10]–[12] and simultaneously localization and mapping
(SLAM) [13]–[15]. This paper focuses on real-time fast-
moving object detection with an event camera onboard an
aggressive moving platform. A simple illustration of the
proposed pipeline is provided in Fig. 1.

In most aggressive motion scenarios, the frame-based
cameras show unpleasant blur effects and further hampers
motion segmentation. In contrast, event cameras generate
high-temporal resolution event streams which provide ade-
quate information and motion-sensitive signal for subsequent
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Fig. 1. Example of the proposed moving objects detection pipeline. (a)
is the raw events sampled in a time interval. (b) is the wrapped events after
nonlinear motion compensation jointed with IMU information (scattered
static events are aggregated). (c) performs dynamic threshold segmentation
according to (b), the blue points are classified as the background, and the red
points are the dynamic candidate events. Dynamic parts are segmented into
an independently moving object (d) by filtering and clustering algorithms.

motion segmentation, therefore can cope with the above
scenes well. There are two kinds of motion that trigger event
streams. First, the camera ego-motion triggers events of both
the static background and the foreground objects. Second, the
motion of objects provides overlay events to the first source.
To properly detect the moving objects in the scene only, we
need to compensate for the camera motion first.

To unlock the potential of event cameras for low-latency
perception in highly dynamic scenes, we should compensate
for the ego-motion of the camera at the least computation
cost. Some motion segmentation algorithms [5], [6], [10]
employ the gradient descent method to restore a clear event
image, but the convergence of the cost function consumes
massive computational resources. Given that the rotation of
the camera dominates background events in a short period of
time, we consider compensating for the rotational ego motion
to obtain object motion events. Specifically, we associate
batch events with IMU data in a certain time window in real-
time and derive a nonlinear motion compensation formula
based on the principle of rigid body kinematics.

After the motion compensation, the dynamic parts (the
foreground motion areas) are separated from the compen-
sated events by a linear dynamic threshold segmentation.
Finally, the detection of moving objects is achieved by
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Fig. 2. Overview of the motion compensation and moving objects detection
pipeline.

combining the DBSCAN [16] algorithm and the motion
attribute (pixel velocity) of the objects. Based on our method
described and shown in Fig. 2, the moving object detection
can be carried out efficiently on a computation-limited plat-
form, such as a micro-UAV.

The main contributions of our paper are listed as follows:
• First, we propose an 3D rotation compensation algo-

rithm1 based on a nonlinear formulation which improves
the compensation accuracy for aggressive camera rota-
tion and edge pixel events.

• Second, we achieve real-time object detection with an
event camera onboard a highly aggressive platform
based on our proposed detection pipeline.

• A thorough evaluation based on public datasets and
more challenging self-collected data is carried out. Our
compensation performance is improved by 10%-15%
compared to another sensor-aided method [17].

The rest of the paper is organized as follows: Section II
analyzes two types of motion compensation methods. Section
III presents our nonlinear motion compensation function and
object detection pipeline. The method is evaluated in Section
IV and conclusions are drawn in Section V.

II. RELATED WORK

With growing attention on applying event cameras to
robot tasks, the key playing role of motion compensation
and target segmentation becomes a research common sense.
There are mainly two ways to obtain and compensate for its
ego-motion, namely the optimization-based methods [5], [6],
[10], [18]–[20] and the sensor-aided methods [17], [21]. The
optimization-based methods iteratively descend their cost
functions to estimate the motion parameters, which costs
a lot of computing resources to achieve highly accurate
compensation results. On the other hand, the sensor-aided
methods obtain motion information directly from additional
sensors, therefore can achieve comparable compensation
accuracy at a much lower cost.

Gallego et al. [19] proposes an optimization-based method
to achieve accurate angular rate estimation of an event
camera. The algorithm solves the best rotation motion com-
pensation which can achieve the sharpest event image. In
their following work [10], the contrast maximization frame-
work is implemented as a general solution in motion, depth,
and optical flow estimation applications. Mitrokhin et al.

1The C++ implementation of the nonlinear motion compensa-
tion algorithm and the corresponding dataset are open-sourced at:
https://github.com/Jhonny-Li/Motion-compensation.

[18] proposes an optimization-based motion compensation
algorithm that is composed of a rough estimation stage and
a refined estimation stage. The two estimation stages based
on a four-parameter motion model are carried out through the
time image and the count image respectively. Furthermore,
Gallego et al. [5] uses a one-step optimization method to
complete motion compensation and hierarchical target clus-
tering. They achieve event-by-event optimization of different
categories of motions which are initially classified by optical
flows, so as to achieve image motion compensation and
hierarchical clustering simultaneously.

Parameshwara et al. [6] combine feature tracking with
motion compensation in one optimization framework. They
extract features from events and over-classify them and
assign a motion model to each class. Compensation and
classification are achieved by optimizing model parameters
and merging similar models. Zhou et al. [20] start with the
spatiotemporal graph of events and perform graph cut for
clusters. They proposed a simple motion model initialization
method to match different segmented graphs. Drawing on
[10], they use metrics such as image contrast to optimize
motion models and clusters.

The above works estimate camera ego-motion by defining
and optimizing cost functions that are related to some
event image qualities, which demonstrate good compensation
performance. Nevertheless, the optimization process requires
large computation overheads and may not be carried out in
real-time on a computation-limited robot platform.

On the other hand, the ego-motion compensation aided by
other sensors, such as an IMU, also draws some researchers’
attention. In work [21], the authors collect and pre-integrate
IMU information to recover the rotation of the camera, which
is used to create a warping field to compensate for all
events in an online fashion. In [17], an exact formula of the
warping function is given, which converts the 3D rotation
of the camera to a 2D pixel plane motion. However, its
linear approximation compensation introduces non-negligible
errors as the motion becomes more aggressive.

In this paper, we collect 3D rotational motion to construct
a nonlinear warping function to compensate for camera ego-
motion, similar to [17], [21]. Compared with optimization-
based methods [5], [6], [10], [18]–[20], our method has a
comparable compensation performance while guaranteeing
real-time processing. Different from [17], [21], we take
into consideration of the linear approximation error of the
compensation function and the effect of the pixel initial
position in the warping function formulation, therefore can
achieve a significant reduction of the compensation error
when the camera is moving aggressively.

III. IMU-BASED MOTION COMPENSATION
In this part, the motion compensation is derived from the

rigid body rotation motion model. Through the principle of
pinhole imaging, the collected camera rotation information
is applied to each event on the pixel plane to restore a
sharper image. Specifically, our algorithm moves the pixel
coordinate of the triggered event at time t along its motion
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trajectory on the image plane back to the position δt ago,
which is achieved through a warping field. In this section, we
will introduce the necessary data association and the specific
construction of the warping function.

A. Preliminaries

1) Event camera: When the cumulative brightness change
of an event pixel reaches a certain threshold, it will trig-
ger the data stream called Address-Event Representation
(AER). It contains a pixel coordinate x = (x, y)⊤ of the
triggered event, an event timestamp t, and an event polarity
p (brightened or darkened). Each pixel of an event camera
can independently perceive changes in the luminosity of the
scene. For a pixel x at time t, if the surrounding scene
brightness changes, it will cause the logarithmic intensity
of the pixel to change:

∆L(x, t)=̇L(x, t)− L(x, t−∆t), (1)

where L(x, t)=̇logI(x, t) represents the logarithmic intensity
of pixel x at time t, I is the intensity image, and ∆t is
the time since the last event at the same pixel x. When the
change reaches a contrast sensitivity threshold C, which is
∆L(x, t) = pC, p ∈ {+1,−1}, the pixel will output an
event e = {x, t, p}.

2) Data association between IMU and Event: The rota-
tion of the camera in 3D space is decomposed into the x,y
and z axes of the camera frame. And the quantities ϕ̇, θ̇,
and ψ̇ donate the tilt, pan, and roll angular rates in the three
axes respectively. The IMU which is fixed to the camera
body supplies this rotational information. Since there is an
installation transformation between the camera and IMU,
the angular rates collected by IMU need to be converted
to the camera frame through the angular rate rotation matrix
between them:

ωc = Rciωi, (2)

where ωc ∆
=

[
ϕ̇c θ̇c ψ̇c

]⊤
,ωi ∆

=
[
ϕ̇i θ̇i ψ̇i

]⊤
are

the three-axis angular rates under camera and IMU frames,
and Rci ∈ R3×3 is the angular rate rotation matrix between
them. The c and i represent the camera frame and IMU frame
respectively. We ignore the gyroscope drifts for aggressive
motion scenarios in this paper.

B. Motion Compensation with IMU

Motion compensation is based on a rigid body rotation
model and a pinhole imaging model. The algorithm restores
the picture from motion blur by first integrating the three
angular rates during a small interval δt and converting it
to the camera frame to get the total rotation angles ϕ, θ, ψ.
Then, for an event e at time t, it can be compensated from
the pixel coordinates at time t back to its previous position
at time t − δt through a warping field φ: R3 → R3, which
is (x′, y′, t) = φ(x, y, t). Here we only use the pixel address
to simplify the representation of an event at time t: xt =
(x, y) ∈ R2:

xt′ = [R(xt − c0)−T] + c0, (3)
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Fig. 3. Illustration of motion compensation. (a) shows the linear com-
pensation error. The x-axis is the captured camera rotation angle (which
is the change in the incident angle of the objects), and the y-axis is
the corresponding compensated pixels. The error curve (red) reflects the
difference between the linear method and the tan function increases as the
rotation angle increases. (b) gives the y-axis compensation displacement
when the initial coordinate of an event is not at c0. P is the event coordinate
triggered by object A. After the camera rotates θ around the y-axis, P
moves to P’. The incident angles before and after the movement are α, β,
respectively. And the compensation displacement should be the red ∆l in
the pixel plane.

where xt′ and xt are the compensated and original pixel
coordinates, respectively, and c0 ∈ R2 is the center of the
pixel plane. R ∈ R2×2 is a rotation matrix caused by z-axis
rotation and T ∈ R2 is a two-dimensional translation vector
caused by rotation around the x-axis and y-axis.

A simple plane rotation matrix can compensate the rotation
angle ψ of z-axis. For the calculation of the pixel translation
vector T, however, it is necessary to consider the triangular
tangent relationship formed by the lens focal length f and
the event pixel coordinates. In the work of Delbruck et al.
[17], this tangent relationship is approximated as a linear
relationship:

T = KΘ
Θ = [θ, ϕ]T,K = 1/tan−1(w/f)

, (4)

where K is a constant determined by the pixel size w and
the camera lens focal length f .

When the camera motion is slow, this linear approximation
can output good compensation results. But once the move-
ment becomes aggressive, the intense rotation will cause
a large change in the incident angle of the original object
point on the imaging plane, which will eventually lead to a
non-negligible approximation error in the Equation (4) (see
in Fig. 3-a). Additionally, the influence of the initial pixel
position of the event needs to be taken into consideration in
warping function, unless most of the events are triggered at
the center of the image. But more generally, the triggered
event coordinates are scattered across the pixel plane, and
their compensation displacement for the same rotation angle
should be different (Fig. 3-b).

For the above two problems, we reconstruct the compen-
sation function for rotations around the x,y axis. First, the
tan−1 function is used to replace the linear approximation
constant term K. Then the initial coordinates of the events
are added to the warping function to further reduce the
compensating error, especially for the events away from the
imaging center. For easier understanding, we assume that the
camera only rotates around the y-axis, and the initial position
of the event is on the x-axis, and the process is as follows:
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1) Calculate the angels of incidence for xt and xt′: α, β.{
α = tan−1(x ∗ w/f)
β ≈ α− θ

. (5)

2) Nonlinear displacement compensation.{
∆l = x− ρ tan(β)

ρ = f/w
. (6)

Here, x is the x-axis component of xt−c0, ∆l is the x-axis
displacement and θ is the rotation angle around the y-axis.
It should be noted that the value of β depends on the change
of rotation, and its value belongs to (−90°, 90°), that is, the
ray cannot be incident from an angle perpendicular to the
optical axis. For more general rotation motions, the improved
translation vector and rotation matrix are as follows:

T = (xt − c0)− ρ tan(β), R =

[
cosψ sinψ
− sinψ cosψ

]
, (7)

where β = [βx, βy]
T = [αx − θ, αy − ϕ]T represents the

incident angels of xt′ in x and y-axis, and αx, αy are the
incident angels of xt. Eventually, the compensated events set
C ′ ∈ R3 is generated by the initial set C ∈ R3 through the
warping function:

C ′ =
∏

{φ(C)}

=
∏

{φ(x, y, t)} = {x′, y′, t},∀{x, y, t} ∈ C.
(8)

IV. MOVING OBJECTS SEGMENTATION AND
DETECTION

Since the timestamps of the warped events are not
changed, the average timestamps of events that triggered by
an independently moving object is different from those that
triggered by the background motion. And this enables seg-
mentation and detection of moving objects. Specifically, the
event clusters belong to the independent moving objects are
distributed relatively discretely on the compensated image,
while the background are more concentrated. This will be
reflected on the average timestamp of the pixels, so as to
detect the moving parts [18], [21].

A. Objects Segmentation

With Equation (8), we gather the static background ac-
cording to the trajectory of the camera, and the edges of it
become clear and sharp on the image plane. In contrast, the
events caused by moving parts are still scattered over the
image as the motions of them are random and independent
of the camera motion. Therefore, with the immutability of
event timestamp, the average timestamp of events on a pixel
can be an indicator to distinguish dynamic parts from the
static in the picture.

To obtain the average timestamp of the image T , we first
calculate the count-image I. It is a matrix consisting of the
number of events contained in each pixel:

ξij = {{x′, y′, t} : {x′, y′, t−δt} ∈ C ′, i = x′, j = y′}, (9)

where ξij is the set of events contained in one count-image
pixel (i, j), and Iij = |ξij | records the number of it, and

here, the Iij ∈ I. Next, the time image T can be formed by
the average event timestamp of each pixel:

Tij =
1

Iij

∑
t; t ∈ξij . (10)

Then, we normalizing T to get T . A threshold λ can be used
to distinguish the dynamic and static parts in T :

Tij =

Tij − 1
n

∑
Tij

δt
, λ = a ∥ω∥+ b. (11)

If Tij > λ, then the pixel (i, j) belongs to a dynamic target,
otherwise it belongs to the static background. Our nonlinear
compensation algorithm improves the ability to filter out
static background events. And to enhance the robustness
of the process, the threshold parameter λ is dynamically
adjustable. It is a function linearly related to the angular
rate ω of camera motion, and the parameters a and b are
determined by experiments in real scenarios.

B. Objects Clustering

In order to detect objects with different motions, a joint
clustering method is employed to gather events belonging to
the same motion attributes. The DBSCAN algorithm [16]
is a density-based clustering method, which obtains the
noise resistance and low average time complexity. It is of
great help to event data with low signal-to-noise ratio and
can maintain the real-time performance of the algorithm.
However, the classification principle based on point density
is not effective in distinguishing two adjacent targets (e.g.,
when the projections of two moving objects are close on the
image plane). Events are triggered sequentially on the time
axis, so we decided to use the timestamp value of the event
to calculate its velocity, i.e. 2D optical flow, to provide a
prior to distinguish two adjacent objects. But, robust object
detection results are still not available for event streams with
poor signal-to-noise ratios. We found that the spatio-temporal
properties of events can be exploited to achieve good noise
suppression: Trajectories triggered by moving or stationary
objects are continuous in space and time, while the noise
is random. Eventually, the clustering metric is given by the
combination of event 3D position and 2D optical flow:

Ci,j(p, v) = wp ∥pi − pj∥+ wv ∥vi − vj∥ , (12)

where p ∈ R3 is the spatio-temporal coordinates of the
three-dimensional event point composed of x, y and t. v is
the optical flow velocity of the event point. The indices i, j
represent two different event points, and w = [wp, wv]

T is
the weight vector similar to that in the work [21]. In addition,
we also perform median filtering on the compensated image
to filter out salt and pepper noise.

V. EXPERIMENTS & EVALUATION

Overview. We run our algorithm on public datasets [18],
[22] and real-world scenes to evaluate the motion compen-
sation module and target detection capabilities under chal-
lenging conditions. Qualitative and quantitative experiments
and analysis are performed to compare our method with
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Fig. 4. Motion compensation comparison with the sensor-aided method. From left to right are the experiments of the three-axis fast rotational motions
and edge motions, respectively. The red rectangular area is the local zoom-in to see the details.
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Fig. 5. Pixel-event density curves. In the figures, the x-axis represents the different experimental sequences and the final averaged results, and the y-axis
is the density value.

other sensor-aided [17] and optimization-based [10], [18]
methods. At the same time, we give an evaluation metric,
the pixel event density D, to quantify the performance of
motion compensation. It is calculated from the total number
of triggered pixels and the count-image I:

Dδt =

∑
Iij∑
pij

, (13)

where Dδt represents the density of compensated events in
time window δt and pij is the pixel that is triggered by the
warped events. Equation (13) shows that if most of the events
are gathered on fewer pixels, the greater the density of events
and the sharper image. And therefore, a larger value of D
represents a better compensation.

In this section, we will show the good performance and
low latency of the improved motion compensation algorithm
for intense motions and edge events conditions. Besides
that, the robust ability of the algorithm to detect moving
targets (single or multiple objects) in public datasets and self-
collected data streams is presented. Through the experiments,
the ability of our pipeline to perceive moving objects in
highly dynamic scenes is demonstrated, which is mainly
reflected in : (i) The sensor-aided nonlinear compensation
algorithm improves the compensation performance under
both intense camera motion and image edge compensation
situations, and its accuracy is comparable to that of state-of-
the-art optimization methods. (ii) The low latency of motion
compensation enables the robustness of the detection pipeline
for real-time object detection in high-speed scenes.

Datasets and Hardware. The experiments tested diverse
scenarios and public datasets. First, the EED dataset [18]
was recorded under extreme lighting conditions, including
high-speed single and multi-target motions in a variety of
scenarios, which is challenging for traditional target detection
algorithms. Second, the ”shapes rotations” scene in dataset
[22] contains high-speed rotation motion. Third, the self-

TABLE I
AVERAGE PIXEL EVENT DENSITY FROM FIG. 4.

Motions / Sources Original Events Method [17] Ours
Pitch Rotation 1.3015 2.1277 2.4440
Yaw Rotation 1.5812 3.4232 3.7279
Roll Rotation 1.1807 1.8254 1.9960
Edge Motion (star1) 1.1968 2.1210 2.3258
Edge Motion (star2) 1.3570 2.2779 2.4484
Edge Motion (car) 1.6531 2.6832 2.8842

collected data stream was recorded in real scenes by hand-
held, containing single or multiple moving objects. The
movement of the camera is mainly composed of rotation
around three axes, and it is more intense, with the maximum
angular rate reaching more than 500 deg/s. Datasets [18],
[22] were collected by DAVIS240 series sensors which have
a resolution of 240×180 with a pixel size of 18.5 µm
and support RGB frame output. While the hand-collected
data was collected by a higher-resolution Dvxplorer sensor,
reaching 640×480 with a pixel size of 9 µm, but no frame
output. The pipeline Synchronizes events and IMU data
within a time window of 10 ms, and runs the object detection
task in real time on the Intel NUC11PAHi7 (i7-11700)
platform.

Motion Compensation Evaluation. We conduct com-
parative experiments with the same sensor-aided [17] and
the state-of-the-art optimization-based [10], [18] methods,
using real-sense data stream and public dataset [22]. In
the comparative experiment with [17], we use the hand-
drawn patterns of stars and cars (Fig. 4) with rich texture
information as the capturing object to test the ability of al-
gorithms to compensate for detailed textures. And the curves
in Fig. 5 present the quantitative results of the two sensor-
aided approaches. Our method results in sharper images and
higher pixel event densities. Furthermore, we reproduce two
optimization-based works [10] and [18], which build opti-
mization problems based on local optical flow and 4-DOF
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OF

Fig. 6. Motion compensation comparison with optimization-based ap-
proaches. The first column is the three original events from dataset [22],
the second column is the compensation results from the local optical
flow optimization in [10], the third column is the 4-DOF motion model
optimization results in [18], and finally, our results are in the fourth column.

TABLE II
PIXEL EVENT DENSITY FROM FIG. 6.

Motions
/Sources

Original
Events Method [10] Method [18] Ours

Roll
Rotation 1.8505 2.6805 3.3484 2.6300

Yaw
Rotation 2.7175 4.0836 4.3002 4.2454

Pitch
Rotation 3.3143 4.6879 5.0446 5.1115

motion models, respectively (Fig. 6). The local optical flow
in [10] lacks global consistency, resulting in partial overlap
of images, which can be improved by increasing the size
of the local block, but will also invalidate the local optical
flow consistency. The performance of our method is close to
[18], which demonstrates the accuracy of the improved com-
pensation method. A more quantitative description can be
found in Table I,II, they list the comparison of average pixel
event density values for several sequences under different
scenes. Algorithm latency. The time consumption of sensor-
aided methods is much lower than that of optimization-based
methods. Our method has the same low latency as another
sensor-aided method [17] (within 10ms). Conversely, one
single iteration of the two optimization frameworks at a
resolution of 240×180 takes at least 15 ms, not to mention
a higher resolution, so it is difficult to process in real time.

Results of Object Detection. Experiments on multiple
real throws and datasets [18] verified the capability of the
algorithm to detect fast-moving objects. We choose basket-
ball and tennis as throwing objects. The balls are thrown
into the field of view from an arbitrary angle while the
camera moves randomly. The preprocessing of the motion
compensation module brings a clear background image and
highlights the properties of dynamic objects (the layered
color part in Fig. 8), which makes object detection more
accurate and robust. Several scenarios in [18] were also
tested: ”Fast drone”, ”Multiple objects”, ”What is a Back-
ground?”, ”Strobe”, etc. In some scenes with slow-moving
objects, due to the low resolution of davis240, the dynamic
object information is limited under small targets and extreme
illumination, resulting in an extremely low signal-to-noise
ratio. At this time, motion compensation does little help to
segmentation. To ensure the success of detection, the anti-

Fig. 7. Experimental results of our pipeline on public datasets. The first
three columns are the motion compensation results on dataset [22]. From top
to bottom: image frame, raw data layered by timestamp (the red represents
the latest events and the blue is the oldest), the compensated image, and
the comparison between the compensated and the original. The remaining
columns are the object detection results on dataset [18].

noise ability of the algorithm should be strong enough. Our
algorithm combines spatiotemporal event filtering, median
filtering, and an anti-noise clustering algorithm, which is
sufficient to achieve stable target detection for the above
scenes. These, however, also introduce some costs. Multi-
stage filtering will more or less filter out some useful target
contour information, leading to a partial loss of the target
(Fig. 7: Columns 4, 5, 6). Nevertheless, Once the movement
of the target relative to the camera becomes more significant,
the benefits of motion compensation will be greater, and the
detection of the moving target will be better (Fig. 7: Columns
7, 8, 9). Besides, higher image resolution will alleviate the
above problems. Given the low computational load of our
algorithm, the pipeline supports running at higher image
resolution (Fig. 8). In general, the proposed algorithm has
obtained relatively accurate and robust fast-target detection
results in both extreme datasets and real scenes.

Fig. 8. Self-collected data experiments (collected by the higher resolution
camera Dvxplorer, no frame output).

VI. CONCLUSION

In this paper, we present a motion compensation and fast-
moving target detection pipeline based on sensor fusion,
which can work in the cases of fast self-rotation or fast-
moving targets with a good anti-noise ability. We have lower
computation costs than optimization-based methods, enable
robust sequence detection, and run in real-time on higher-
resolution images. Compared with the same sensor-aided
methods, the algorithm restores clearer and more detailed
pattern information, providing good sources for subsequent
visual tasks. After extensive experimental validation, our
method has the potential for engineering application.
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