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Abstract—Many visual and robotics tasks in real-world scenarios rely on robust handling of high speed motion and high dynamic range
(HDR) with effectively high spatial resolution and low noise. Such stringent requirements, however, cannot be directly satisfied by a single
imager or imaging modality, rather by multi-modal sensors with complementary advantages. In this paper, we address high performance
imaging by exploring the synergy between traditional frame-based sensors with high spatial resolution and low sensor noise, and
emerging event-based sensors with high speed and high dynamic range. We introduce a novel computational framework, termed Guided
Event Filtering (GEF), to process these two streams of input data and output a stream of super-resolved yet noise-reduced events. To
generate high quality events, GEF first registers the captured noisy events onto the guidance image plane according to our flow model. it
then performs joint image filtering that inherits the mutual structure from both inputs. Lastly, GEF re-distributes the filtered event frame in
the space-time volume while preserving the statistical characteristics of the original events. When the guidance images under-perform,
GEF incorporates an event self-guiding mechanism that resorts to neighbor events for guidance. We demonstrate the benefits of GEF
by applying the output high quality events to existing event-based algorithms across diverse application categories, including high speed
object tracking, depth estimation, high frame-rate video synthesis, and super resolution/HDR/color image restoration.
Index Terms—Computational hybrid cameras, event-based imaging and vision, joint filtering

F

1

I NTRODUCTION

T

HE complexity of real-world vision and robotics underlines
the importance of high performance imaging and sensing.
Ideally, a high performance imaging system shall be able to
acquire high speed motions without blur and capture high dynamic
range (HDR) images, with high spatial resolution and low sensor
noise. However, traditional imaging sensors, e.g., CMOS, fall short
in addressing all these aspects.
Event cameras are emerging sensor technology that brings a
paradigm shift from traditional cameras. An example comparing
the two imaging modalities is shown in Fig. 1. While a traditional
RGB camera captures a sequence of images in a frame-by-frame
manner, an event camera responds only to brightness variations
and outputs a stream of asynchronous bipolar events. In Fig. 1
the blue/red events represent the brightness (log intensity) increase
above or decrease below positive/negative thresholds. Event-based
sensing has distinctive advantages including low temporal latency
(10µs), HDR (120dB) and low power consumption (10mW) [1].
Since its invention, event cameras have shown promising capability in solving classical as well as new computer vision and
robotics tasks, including optical flow estimation [2], [3], HDR
imaging [4], [5], high frame-rate video synthesis [6], [7], 3D scene
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(a) 3D spatiotemporal view

(b) 2D hybrid view

Figure 1: While a traditional RGB camera captures images at high
spatial resolution, an event camera is capable of recording motion
at high speed. (a) Data from our hybrid camera. Between two
consecutive frames are high speed events; (b) Left: the event image
(accumulated over time) has low resolution and unconventional
noise. Right: the RGB image reveals rich spatial details.

reconstruction [8], and autonomous wheeling prediction [9].
Despite the numerous advances of event-based vision [10],
current event sensor prototypes, e.g., DAVIS240, still bear low
spatial resolution and unconventional sensor noise. Moreover,
the unique event sensing mechanism renders event-based super
resolution (SR) and denoising challenging. Although we have
witnessed and experienced the success of CMOS sensors and
image-based SR and denoising algorithms over the past decades, it
is not straightforward to apply image-based algorithms to the novel
event data. These sensory and algorithmic imbalances motivate us
to design a unifying framework that leverages the complementary
advantages of both ends.
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Figure 2: The framework of guided event filtering (GEF). Our imaging prototype consists of a high-resolution RGB camera and an
event camera DAVIS240. To process the two streams of input signals, we first perform motion compensation to associate local events
to image edges using our proposed joint contrast maximization (JCM) algorithm. Guided image filtering is then performed by setting
the intensity or the motion compensated event image as guidance. The filtered output is a denoised and super-resolved event frame.
The final output of GEF is a volume of densely distributed events that preserves the statistical characteristics of the original events. By
generating high quality events, GEF has broad applications.

Overview of this work:
In this paper, we establish a computational framework, termed
guided event filtering (GEF), that bridges event-based sensing with
frame-based sensing. As outlined in Fig. 2, GEF takes as input
two streams of data and outputs a single stream of events with
high spatio-temporal resolution and low noise. With improved
quality, the output events can interface with existing event-based
algorithms for a variety of downstream applications.
GEF consists of three main steps: the motion compensation
step, the guided image filtering step and the event re-distribution
step. (1) For the motion compensation step, we propose a novel
algorithm, henceforth referred to as Joint Contrast Maximization
(JCM), that associates events with adjacent image frame(s) via a
motion model. We show experimental results the benefit of employing intensity frames for noise-robust optical flow estimation.
(2) For the second step, we filter the motion compensated event
frame with the guidance of neighboring intensity image or the
event frame itself, outputting a denoised and upsampled event
frame. We design a novel switching mechanism that automatically
determines the feasible guiding source. (3) For the event redistribution step, we interpolate the filtered event frame along the
flow direction (computed in the first step), preserving the statistical
characteristics of the original events.
GEF has a broad range of applications, including high framerate frame synthesis [6], [7], motion deblurring [11], object tracking [12], HDR imaging, image reconstrution [13], depth estimation [3], and color event demosaicking [14]. We demonstrate and
evaluate the effectiveness of GEF for each application.
This paper is an extension of [15] just published at CVPR
2020. Compared to the conference version, this paper has made
the following contributions:
•

•

•

We propose a switching mechanism conditioned on the
blurriness of the intensity image patches, resulting in
improved filtering performance for GEF.
We extend GEF with the event re-distribution module. The
generated events inherit high spatio-temporal resolution
and low noise. GEF is therefore enabled to interface with
downstream algorithms that process events individually.
An extended set of applications is evaluated, including
depth estimation, high-resolution image reconstruction,

•

and color event demosaicking. We also update quantitative
analyses for dowstream application.
We adapt GEF to the novel CeleX-V event cameras,
with a modified sensing model. Experimental results are
presented for image reconstruction.

Our work has the following limitations: our motion model is
based on the linear optical flow assumption. Non-linear motion,
occlusions and fast illumination variations are not modeled in GEF
and therefore may limit the performance of optical flow estimation. GEF produces optimal performance when high-resolution
images are provided. In the event self-guided mode, however,
the super resolution performance is limited by the lack of high
resolution information (results shown for 2×). As our hardware
prototype consists of two cameras, the system has a combined
power consumption that no longer preserves the low power advantage of the event camera alone. The running speed may limit
the real-time performance of some downstream applications.

2

R ELATED WORKS

In this section, we briefly review recent advances in event denoising, event-based motion estimation and compensation, event-based
image restoration, high-speed cameras, and guided image filters.
2.1

Event denoising

Unlike conventional RGB cameras, which have comprehensive indevice processing steps [16], research in event camera pipelines
is still in a preliminary stage. Event denoising is considered a
useful processing step in the literature [17]. In dataset such as
[18], the weighted median filter is used to remove noisy events.
Recent literature has shown that event denoising serves as an
effective pre-processing step for downstream visual tasks. For
example, Ev-gait [19] exploits local spatial-temporal correlations,
and labels isolated events as noise to be canceled. Baldwin et
al. [20] presented a method for labeling noise-free event data by
calculating the likelihood of generating an event at each pixel. Its
accuracy is limited by the sensitivity of the inertial measurement
unit. Nonetheless, existing event denoisers focused exclusively
on canceling excessive events have limited capability retrieving
missing events, e.g., under-fired events due to low spatial contrast

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

[1]. Our work provides a solution from a different perspective.
GEF performs event denoising by extracting mutual structures
from events and images, and reproduce densely-distributed event
streams while preserving their statistical properties.
2.2

Event-based motion estimation and compensation

Events are inherently associated with motion. One assumption is
that local events are triggered by the motion of a spatial edge
signal and should comply with the motion flow [21]. The flow
parameter can therefore be estimated by maximizing the contrast
of the histogram/image of the warped events [3]. Almatrafi et al.
[22] proposed to calculate the optical flow based on the distance
surface, each pixel of which is assigned by the distance measure
to its nearest event. The distance surface serves as an effective
data association scheme suitable for optical flow computation.
Recent work has incorporated the optical flow constraint in
training convolutional neural networks (CNN) in an unsupervised
manner [23]. Motion compensation has shown benefits not only
for estimating the optical flow but also for camera pose estimation
[24], depth estimation [3], motion segmentation [25] and feature
tracking [26]. In [27], the 3-DoF model was used to solve the
camera angular rotation while a 4-DoF model was used in [28].
Previous work [3] proposed contrast maximization to optimize the
flow parameter, which is based on the contrast of the 2D histogram
formed only by the warped events. In contrast, our work extends
motion compensation between image and events. By jointly considering the absolute edge of the intensity image, the variance of
the 2D histogram is increased so that the optimal solution can be
more accurately found, and the motion parameters associated with
the optical flow constraint can be robustly estimated.
2.3

Event-only and image+event image restoration

Thanks to the HDR and high speed of the event camera, it can
be used to improve the performance of image restoration tasks by
way of event-only or image+event fusions. To tackle the problem
of video frame synthesis, Scheerlinck et al. [29] proposed a
complementary filter to recover high speed video frames in continuous time. Reinbacher et al. [30] used manifold regularisation to
reconstruct intensity images with the arbitrary frame rate in realtime. To unify different fusion settings including interpolation,
extrapolation and motion deblurring, Wang et al. [6] proposed a
differentiable model that enables direct video reconstruction via
automatic differentiation, followed by a residual neural network
for refinement. Recently, Han et al. [5] has leveraged the HDR
property of events and trained a generative adversarial network to
restore an LDR image to its HDR counterpart. Wang et al. [13]
and Mostafavi et al. [31] also attempted using the learning-based
method to solve image SR reconstruction problem. Zhu et al.
[32] leveraged the RGB images to enforce the photo-consistency
loss in a self-supervised way while learning event-based optical
flow. As events can encode high speed information, Pan et al.
[11] made use of this advantage to deblur motion blurred images
via a double integral model, and recently proposed a variational
approach to jointly estimate the optical flow as well as recovering
the sharp image [33]. The motion deblurring problem has also
been approached using learning-based method [34]. For high
speed feature tracking, Gehrig et al. [26], [35] proposed to detect
image features and propagate them along event tracks. Xu et al.
[36] applied this idea to recover high speed 3D human motions
beyond the frame rate of image-based approach. Researchers have
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also revisited image compression. Banerjee et al. [37] proposed a
quadtree based compression scheme for both image and events.
2.4

Computational high speed cameras

The tradeoff between spatial and temporal resolution in modern
sensors introduces a fundamental performance gap between still
cameras and video cameras [38]. To address this issue, several
methods [39], [40] have emerged that utilize inter-frame correspondences via optical flow and/or space-time regularization.
Hybrid cameras have been designed towards flexible [41], adaptive
[42] sensing of high speed videos, as well as slow motion video
reconstruction [43]. Recently, a number of compressive video
sensing prototypes [44], [45] have been devised with additional
spatio-temporal encoders and compressive sensing algorithms for
data recovery and inference. ADMM [46] uses deep learning
architectures to reconstruct an image from a small amount of sampled data. Extensions of compressive sensing high-speed imaging
have achieved single-shot 3D video recovery by incorporating
active illumination [38] and diffractive optics [47]. Our work is
different from existing prototypes as we consider the combination
of high-resolution video and high-speed events. The major advantage of event camera is its cost effectiveness in computing flow.
2.5

Guided/joint image filters

The goal of guided/joint image filters (GIF) is to transfer
structural information from a reference image to a target image.
The reference and the target can be identical, in which case the
filtering process becomes an edge-preserving one [48], [49]. He
et al. [48] proposed a closed-form solution via least squares. Li
et al. proposed an edge-aware weighting scheme to encourage
both global and local smoothing [50]. Shen et al. [51] proposed
to penalize for inconsistent edge structures so as to extract mutual
structure. Recent advances have incorporated several CNN models
to perform joint filtering [52], [53]. Although similar ideas of
guided/joint image filtering (GIF) have been explored between
RGB and near infrared (NIR) images [54], 3D-ToF [55], and
hyperspectral data [56]. The major challenge for applying GIF
to event cameras is that events do not directly from an image and
are spatio-temporally misaligned by scene motions or illumination
variations. In this work, we bridge events and intensity / frame
via temporal gradients and demonstrate that the events, after a
motion compensation step, have structural similarities with respect
to the image temporal gradient. The sought-after similarity enables
structural transfer from the image to the events.

3

G UIDED EVENT FILTERING

In this section, we first briefly review event sensing preliminaries
in Sec. 3.1, and derive their relation to intensity/frame sensing
in Sec. 3.2. Our framework guided event filtering (GEF) is then
introduced in Sec. 3.3 (for the motion compensation step), Sec. 3.4
(for the joint filtering step), Sec. 3.5 (for event self-guiding
mechanism), Sec. 3.6 (for the space-time volume redistribution
step) and Sec. 3.7 (for the implementation details). Fig. 2 shows
the conceptual pipeline of our GEF framework.
3.1

Event sensing preliminaries

Consider a latent space-time volume (Ω × T ∈ R2 × R) in which
an intensity field is sampled simultaneously by a frame-based
camera which outputs intensity images I(x, y; t) and an event
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k=1 ,

camera which outputs a set of events, i.e., E =
where
Ne denotes the number of events. Each event is a four-attribute
tuple etk = (xk , yk , tk , pk ), where xk , yk denote the spatial
coordinates, tk the timestamp (monotonically increasing), and pk
the polarity. pk ∈ {−1, 1} indicates the sign of the intensity
variation in log space, i.e., pk = 1 if θt > p and pk = −1
if θt < n , where θt = log(It + b) − log(It−δt + b), with b
an infinitesimal positive number to prevent log(0). It and It−δt
denote the intensity values at time t and t − δt, respectively, and
p and n are contrast thresholds. We will use Lt to denote the
log intensity at time t, i.e., Lt =
˙ log(It + b). For now, we assume
that I and E have the same spatial resolution.
3.2

Event-intensity relation

We show that the event and intensity/frame sensing are bridged via
temporal gradients. On the intensity side, we employ the optical
flow assumption for deriving the temporal gradient of the latent
field L. Assume that in a small vicinity, there exists a small flow
vector δu = [δx, δy, δt]> under which the intensity is assumed
to be constant. This assumption can be expressed as:

L(x + δx, y + δy, tref + δt) = L(x, y, tref ).

(1)

The Taylor series expansion of the left side of Eq. (1) gives:

Ltref +δt = Ltref + ∇xyt Ltref δu + o(|δx| + |δy| + |δt|),

(2)

∂L ∂L
where ∇xyt Ltref = [ ∂L
∂x , ∂y , ∂t ] tref denotes the gradient operator
evaluated at time tref . If we substitute only the zero- and firstorder terms to approximate Ltref +δt and re-arrange Eq. (1), we can
obtain the following relation:

∂L
∂t

tref

∂L

' −∇xy Ltref v =
˙ Ql ,

(3)

∂L

where ∇xy Ltref = [ ∂xtref , ∂ytref ] denotes the spatial gradient of
δy >
Ltref , and v = [ δx
δt , δt ] is the velocity vector. For future reference, we define the temporal gradient derived from the intensity
image as Ql .
On the event side, the flow velocity v shall result in position
shifts for local events. This is based on the assumption that local
events are triggered by the same edge1 , as shown in Fig. 3(a).
Therefore, the temporal gradient can be approximated by the
tangent of a set of warped events in a local window:
P
0
∂L
(tk −tref )∈(0,δt) k δ(x − xk )
≈
=
˙ Qe ,
(4)
∂t tref
δt
where k = p if pk = 1, k = n if pk = −1, and δ(·) is the
Dirac delta function. x0k is the event location by warping (back
propagating) measured events to time tref according to the flow
velocity v, i.e., x0k = xk − (tk − tref )v, where x = [x, y]> ,
xk = [xk , yk ]> and x0k = [x0k , yk0 ]> . For future reference, we
define the temporal gradient derived from events as Qe . Each pixel
of a Qe represents the polarity sum of all events in the direction
of flow vector v.
From Eq. (4) and Eq. (3) we obtain,

Qe ' Ql .

(5)

The above equation establishes the relation between events
and image spatial gradients. There are two unknowns, k and v in
the relation, where k ∈ {p , n } can be obtained from the event
1. Events generated by illumination variation are not considered here.

4
t

x

x

(a)

(b)

x

(c)

Figure 3: (a) A latent edge signal (gray curve) triggers a set of
(noisy) events due to motion. (b) In contrast maximization (CM)
[3], the events are warped back at tref to form a histogram (purple).
(c) In our joint contrast maximization (JCM), an image is formed
jointly by the events (purple) and the intensity image edge (green).

camera configuration. k can be viewed as a constant scaling value
to match Qe with Ql . The key unknown is the flow velocity v.
3.3

Joint contrast maximization

Previous work [3] proposed contrast maximization (CM) to optimize the flow parameter based on the contrast of the image
(or histogram) formed only by the warped events, as shown in
Fig. 3(b). However, CM is designed for event data alone. In the
presence of an intensity image, we extend the framework of CM
and propose joint contrast maximization (JCM) to estimate the
flow vector based on intensity image and events. Particularly, we
propose to maximize the contrast of an image/histogram jointly
formed by the absolute edge of the intensity image and the warped
events, as shown in Fig. 3(c). Mathematically, the image of warped
events and intensity edge is expressed as:

J(x; v) =

Ne
X

δ(x − x0k (v)) + αS(x),

(6)

k=1

where
S(x) is the edge image which is defined as S(x) =
p
|gx I(x)|2 + |gy I(x)|2 . We use the Sobel edge (without thresholding) as a discrete approximation. The x-axis kernel can be
defined as gx = [−1, 0, 1; −2, 0, 2; −1, 0, 1], gy = gx> , and
e
α = P NS(i,j)
is a normalization coefficient to balance the
i,j
energy of the two data sources.
The objective for estimating the flow velocity is:
1 X
¯ 2,
v̂ = argmax
(Jij − J)
(7)
Np ij
v
where Np indicates the number of pixels in an image patch J ,
while J¯ denotes the mean value of J . The image patches J
are cropped in steps of one pixel from the whole view and we
recommend that the radius size of J is 7 according to experimental
experience. Note that when no intensity image is available or it
has low quality (e.g., blurry), the Sobel term can be set to zero
and the formulation degenerates to event-only CM [3]. With nonzero S , the maximal contrast corresponds to the flow velocity
that transports events to the image edge, image edge can increase
the variance of the contrast map so that the optimal solution can
be found more accurately. Non-optimal velocity will lead to a
deterioration of the contrast.
Here, we perform a numerical comparison between CM and
JCM, shown in Fig. 4. We follow the analysis in [1] and [57] for
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Figure 4: Comparison between CM and JCM [3] for flow estimation w.r.t. event noise.
event simulation from images. More specifically, a thresholding
operation (p = 0.2, n = −0.2) is applied to the difference
image between the flow-shifted image and the original/last image.
The event noise follows a Gaussian distribution around the perpixel threshold values [1]. We consider a standard deviation range
of σe ∈ (0, 0.1), and compare the accuracy for flow estimation
with respect to different flow directions with fixed flow radius
of 5 pixels. We use the Euclidean distance to quantify the flow
estimation error. The error is averaged over 18 images of size
30 × 30. Details of this experiment as well as visual examples can
be found in the supplementary material. As shown in Fig. 4, both
JCM and CM errors increase as noise level increases. However,
JCM maintains low error across the range of noise levels, revealing
a more noise-robust property than CM.
3.4

Joint filtering

e

Q and Ql are two sensory observations of the same quantity, i.e.,
temporal gradient. We employ joint filtering to construct an output
temporal gradient image that inherits the joint characteristics of
Qe and Ql . Our previous investigation [15] compared three filters
and concluded that the mutual structure filter [51] performs best
for both denoising and upsampling. Here, we use the same filter
as our backbone optimizer and extend our investigation into the
determination of cross and self filters. To reiterate, given two
image patches centered at pixel location x with size of w × w
(represented as Qex and Qlx ), our objective is to minimize the
cross linear representations:
argmin ||ga Qlx + gb − Qex ||22 + ||ga0 Qex + gb0 − Qlx ||22

0 ,g 0
ga ,gb ,ga
b

λ1 (||ga Qlx + gb − Qlx ||22 + ||ga0 Qex + gb0 − Qex ||22 ) (8)
λ2 (ga2 + ga02 ),
where ga , gb , ga0 , gb0 are the parameters for the linear cross regressions in the first line. The second line is to enforce minimal
deviation from the original patches, while the third line is to
prevent the coefficients from being too large. The output Qo is
constructed as Qox = ga Qlx + gb , when the image patch is used
as the guidance.
If the image patch is not available or if it experiences strong
degradation, i.e., the image patch is suffered from blur or noise,

5

the events should be switched to self-guiding mode. This is done
by partitioning the event packet into two sub-packets according to
the timestamps. We use Ea to denote events in (0, T /2] and Eb
to denote events in (T /2, T ]. To perform motion compensation,
we set timestamp T /2 as the reference timestamp tref in Eq. (4).
Ea and Eb are warped to tref to form Qea and Qeb via a common
motion vector. Equation (8) is performed by setting Ql = Qea and
Qe = Qeb . The output Qo is constructed as Qox = (ga Qea x + gb +
ga0 Qeb x + gb0 )/2. In this case, the Sobel term of Eq. (6) is set to
zero and the JCM is degenerated to CM.
For the guided upsampling, Eq. (8) is recursively performed
for every 2× upsampling. In the image-guiding case, our system
has high resolution Ql at 8×. In the self-guiding case, both Qea
and Qeb are bicubically upsampled and then filtered.
3.5

When does image guidance fail?

One critical step is to determine when to switch from the imageguiding mode to the event self-guiding mode. We consider the
motion blur as our image degradation mode, because RGB images
are susceptible to motion blur when shooting a motion scene,
which is exactly the main usage scene for event cameras. We
simulate the motion blur effect by convolving the guidance image
with a linear kernel, as shown in Fig. 5(a). The numbers below the
figures indicate the length (pixels) of the trajectories. We use the
blurry image as guidance for image-guiding filters, and compute
the RMSE w.r.t. the ground truth. As shown in Fig. 5(b), the
RMSE value (purple curve) increases monotonically for motion
blur smaller than 10 pixels, and remains high for greater motion
blur. Meanwhile, the event self-guiding filter has a constant RMSE
value because it does not use motion blurred images. Therefore,
the event self-guiding can be used when the image-guiding RMSE
is larger than the event-guilding RMSE. We repeat this simulation
with 20 cases and report the average results as the purple curve.
The event self-guiding RMSE ranged between 0.0368 and 0.0378
and has been highlighted as the yellow shaded region. However,
this threshold is difficult to interpret in practice as neither the
ground truth nor the motion blur kernel can be easily obtained.
We calculate the RMSE values between the guidance image
Ql and the warped event frame Qe , and find that it increases
monotonically w.r.t. the motion blur, as shown in the green curve
in Fig. 5(c). This suggests that we can switch to event self-guiding
when the RMSE between the warped events and image is greater
than a certain value. To determine the range of RMSE, we use
the motion blur parameter as the intermediate and map the yellow
shading area to the blue shading area. This procedure yielded a
threshold interval of [0.10, 0.12].
3.6

Space-time volume re-distribution

The output of the guided image filtering step is an optimized event
frame. Although many existing event-based algorithms process
events by first binning them into images [7], [32], other eventbased algorithms (e.g., [58], [59]) work directly with individual
events or event packets. The difference is that the binned event
images reduce the temporal resolution compared to the original
microsecond-level timestamps. To address this issue, we propose
a solution to re-distribute the events into space-time volume from
the optimized 2D image, which is the inverse of Eq. (4). We
first quantize the values in Qo to signed integers. The integers
therefore represent the number of events at the corresponding
spatial location. We leverage the previously computed optical
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Figure 6: (a) The purple histograms denote the denoised or
upsampled Qe obtained with GEF, we warped them back into the
space-time volume along the computed flow direction to restore
the ternary representation. (b) Histogram of the distribution of
time errors in real data (light blue bars), and a Gaussian function
(green curve) fitted to data with time errors.
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Algorithm 1 Guided Event Filtering (GEF)
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Figure 5: Comparison between image-guided filtering and event
self-guided filtering w.r.t. image blur degradation. (a) We consider
and simulate the motion blur (numbers indicate the lengths of
motion). (b) We use 20 clear (no blur) images to generate event
simulation data, and then blur the guidance images with different blur kernels to perform GEF event denoising, compare the
changes in denoising performance, and then determine the selfguiding switching threshold on blur parameter. (c) We convert the
threshold from the blur parameter to the similarity between Qe Ql . The shaded area indicates the recommended threshold range.

flow to propagate the event values, as illustrated in Fig. 6(a).
In the ideal case of linear motion and no sensor noise, the
events are evenly distributed along the flow direction. However,
this condition cannot be achieved in real scenarios. To preserve
the statistical characteristics of the original events, we analyze
timestamps of real event data and attempt to provide an event
generation model.
We first estimate the optical flow using our JCM for 10
real-scenario image-events packets collected using our prototype
(detailed in Sec. 4). We then group the event timestamps corresponding to the same warped location of Qe into a sequence
{rti }, i ∈ (1, ..., n), and generate an ideal sequence {pti } with
timestamps evenly distributed. Then the difference between each
rti and pti is recorded as time error. We calculated the time error
of 17,000 events in total, and recorded their distribution histogram
in Fig. 6(b). As can be seen, most of the time error (terror ) is close
to zero while the rest of the time error approximately follows
a Gaussian distribution (Gaussian fitted as the green curve in
Fig. 6(b)) on the data with non-zero time errors. From the plot,
a probability model can be expressed as:

p(τ ) =

(
0.22
0.78
√
σ 2π

τ2
exp(− 2σ
2)

τ =0
τ 6= 0,

(9)

where τ denotes the time difference compared to the equally interpolated events, and σ = 0.0028 (result of data fitting). The events

Input: Intensity image I , events E .
Output: Filtered temporal gradient Qo , restored events E 0 .
1: Estimate the flow field v using JCM in Eq. (7);
2: Compute Ql in Eq. (3) and Qe in Eq. (4);
3: Calculate RMSE between Ql and Qe , switch between imageguiding and self-guiding mechanism as in Sec. 3.5.
4: Perform guided filtering according to Eq. (8).
5: Re-distribute Qo into space-time volume according to
Sec. 3.6.

can be re-distributed by first interpolating events along the flow
vectors with equal intervals, and then applying a Gaussian perturbation following Eq. (9). However, the perturbation introduces randomness and noise to the outcome. We experimented with both the
equal-interval distribution (uniform distribution) and the Gaussian
distribution but found no substantial difference in performance
(e.g., image reconstruction). We therefore report the results for the
equal distribution approach, which is an inexpensive alternative
for event generation. Mathematical, in a time interval ∆t, the redistributed events form each no-zero pixel (xo , y o ) of the filtered
frame Qo can be formulated as a sequence E 0 = {e0k }N
k=1
k∆t k∆t
o
and e0k = (xo + vx k∆t
N , y + vy N , N , pk ), where vx /vy
is vertical/horizontal
component of v, N = |Qo (xo , y o )| and
Qo (xo ,y o )
pk =
.
N
3.7

Implementation details

The steps of GEF are summarized in Algorithm 1.
In the JCM step, we use a local window with radius rw to
estimate pixel-wise flow. rw may vary due to the structure of the
scene. A large rw can be used when the scene has sparse and
isolated objects, in exchange for more time to compute the flow
field. The intensity image support is slightly larger (about several
pixels on four sides) than the event window to prevent fallout of
events due to large velocity.
Both the computation of the flow velocity and Ql use the
spatial gradient. Therefore, the spatial gradient image can be
computed once. Ql is normalized to match the range of Qe
before the filtering step. This normalization step also functions
as an estimation for the event threshold (k ). The output image
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range from simple shapes to complex structures. All the clips
involve camera motion and/or scene motion. In total, there are
20 video clips, with an average length of 8s for each clip. The
dataset has been available on our website2 .
RGB
camera

4.1.3
Event camera view

Beam splitter

RGB camera view

(a) Experimental setup

(b) Calibrated views

Figure 7: Our RGB-DAVIS imaging system.

Qo is rounded to have integer values as the original events are
integers. The integers can be interpreted as the event counts.
In the switching step, we calculate the similarity error between
normalized Qe and Ql .
In the joint filtering step, we set the window width to be equal
to 1. The parameters are set as λ1 (∼ 3) and λ2 (∼ 1 × 10−2 ).
The filtering is run for 20 iterations to achieve convergence. In the
filtering process, with an i7-8700K CPU, the average runtime for
2× upsampling a 180 × 190 frame is about 0.2s.

4

E XPERIMENTS

Our conference version [15] has focused on a comprehensive
evaluation of the guided denoising and upsampling aspects of
GEF. The numerical experimental results are included in the
supplementary material. Here, we focus on applying our GEF
to two hardware setups, our hybrid RGB-DAVIS camera and the
CeleX event camera [60].
4.1

RGB-DAVIS camera system

To test GEF for real-world scenarios, we build a hybrid camera
consisting of a high-resolution machine vision camera and a lowresolution event camera, i.e., DAVIS. We refer to our camera
prototype as the RGB-DAVIS camera.
4.1.1 Setup and calibration.
As shown in Fig. 7(a), we collocate an event camera
(DAVIS240b, resolution of 180 × 190 pixels, with F/1.4 lens)
and a machine vision camera (Point Grey Chameleon3, resolution
of 2448 × 2048 pixels, 50 FPS, with F/1.4 lens). A beam splitter
(Thorlabs CCM1-BS013) is mounted in front of the two cameras
with 50% splitting. We use a 13.9” 60Hz monitor for offline geometric calibration for two signals. For geometric calibration, we
mainly consider the homographic mapping between two camera
views. In order to extract keypoints from event data, we display
a blinking checkerboard pattern on the monitor and integrate the
captured events over a time window to form a checkerboard image,
as shown in Fig. 7(b). For temporal synchronization, we write a
synchronization script to trigger the two cameras simultaneously.
Details about the calibration procedure can be found in the
supplementary material.
4.1.2 Dataset collection.
We use RGB-DAVIS to collect various sequences of event-RGB
video clips. Examples are shown in the supplementary material.
Both indoor and outdoor scenarios are captured. The scenes widely

Results.

After calibration, we perform joint filtering with three upsampling scales, i.e., 2×, 4×, 8×. The flow is estimated at 1×.
The captured data as well as the filtered results are shown in
Fig. 8, with the filtered output shown in Fig. 8(c-f). As can
be seen, the events are gradually and effectively upsampled and
denoised. Please see additional results for scene motion as well as
filtering results using other filters in the supplementary material.
In Fig. 9, we show the re-distributed events. Fig. 9(b-d) show 2×,
4×, 8× re-distributed results. Compared with the corresponding
original LR data shown in Fig. 9(a), events restored by GEF
have both been improved the spatial resolution and significantly
reduced noise. Besides, Fig. 10 shows three examples of selfguiding filtering results. Compared to Qea and Qeb , noise in 1×
output has been significantly eliminated. For 2× results, although
the texture reconstruction is not as good as that under the RGB
guidance, it still achieves the initial event image sampling task.
Note that whether the timestamp of the event is close to that of the
image does not affect the event denoising and SR quality because
all events between two image frames are warped into the Qe by
motion compensation in the filtering process.
4.2

GEF for CeleX-V

The CeleX series event sensors have higher spatial resolution
than the DAVIS. The newest model, CeleX-V [60], has spatial
resolution of 1280 × 800 and is able to record pixel intensity with
120dB dynamic range. Benefiting from intensity recording and a
special periodic pixel activation mechanism, CeleX-V can output
grayscale images in real-time through events. However, the data
output from CeleX-V still has a high level of noise. The event
noise also affects the real-time grayscale images reconstructed
from pixel intensity, which is termed the afterimage phenomenon.
We address the imaging issues of CeleX-V by first analyze the
image formation model of the system.
4.2.1

CeleX-event sensing model

Slightly different from the DAVIS event camera (Sec. 3.1),
the output of the CeleX camera is a set of events named cce
events, i.e., E = {cetk }N
k=1 . Each c-event can be expressed
as cetk = (xk , yk , tk , pk , ak ), where pk denotes the polarity,
pk = {1, −1} indicates the sign of the intensity variation in log
space, and pk = 0 means the pixel has no intensity variation but is
activated by the periodic activation mechanism, and ak records the
pixel’s intensity I at (xk , yk , tk ). This sensing activation process
can be approximated as:

−1, θt < n



 1, θ > 
t
p
(10)
pk =


 0, θt ∈ [n , p ] & h(xk , yk , t) > t

N.E., else,
where n and p are contrast thresholds, t denotes a time
threshold. θt = log(It + b) − log(It−δt + b), and N.E. stands
2. https://sites.google.com/view/guided-event-filtering
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Figure 8: Guided upsampling results on our RGB-DAVIS data.

(a) Original LR event data

(b) 2×

(c) 4×
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Figure 9: Space-time volume redistribution results on our RGB-DAVIS data. We choose a 3D view for each example that helps to make
a significant visual comparison.
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Figure 10: Event self-guiding filtering results on our RGB-DAVIS data.
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Table 1: Object tracking performance on 8 samples of EventNFS
[61] dataset (greener blocks represent better performance with
higher IoU index).

1×, raw data
2×, raw data
1×, GEF (denoise)
2×, GEF (SR)
4×, GEF (SR)

(d) Guidance, 𝑄𝑒Qce
(a) Guidance,

𝑙
(e)
input,
𝑄w/o
(a)Accumulated
Accumulated
frame
w/oGEF
GEF
(a)
frame
(b)Filter
w/o
GEF

𝑜
(f) Filter
output,
𝑄w/
(b)Accumulated
Accumulated
frame
w/GEF
GEF
(b)
frame
(c) w/
GEF

Figure 11: GEF for CeleX-V camera. (a) Accumulated frame from
CeleX-V w/o GEF. (b) Accumulated frame processed w/ GEF.

for no event being fired. h is a function that records the no-event
duration of each pixel:
(
δt,
pk ∈ {−1, 0, 1}
h(xk , yk , t + δt) =
(11)
h(xk , yk , t) + δt, else.
The initial duration h(x, y, 0) is set to zero. Then the real-time
grayscale image G can be express by:

Gt (x, y) =Gt−δt (x, y) · (1 − Wt (x, y))+
Ncet

X

ak · δ(x − xk , y − yk ),

The afterimage phenomenon: The accumulated frame is a nice
feature associated with the CeleX sensor. Compared to the activate
pixel sensor (APS) image, the accumulated frame has much higher
frame rate which is useful for the temporal synchronization with
the adjacent events. However, since Gt is reconstructed by updating the pixel intensity in time according to the newly triggered
c-events, the previously accumulated image will leave a shadow
due to the lack of intensity update. We call this the afterimage
phenomenon, as can be seen for the residual shadow in Fig. 11(a).
Adapting GEF for CeleX-V

We adapt our GEF framework to apply to CeleX-V. In terms of
the optical flow estimation, the contrast image is redefined as:

J(x; v) =

ak · δ(x − x0k (v)) + αS(x).

#43

#53

#61

#63

#64

#72

0.241
0.225
0.239
0.212
0.233

0.199
0.178
0.254
0.254
0.246

0.295
0.156
0.441
0.391
0.321

0.080
0.118
0.333
0.498
0.553

0.255
0.214
0.270
0.269
0.282

0.141
0.079
0.159
0.168
0.196

used to restore the gradient field ∇xy G0 with the estimated flow,
and further reconstruct a real-time gray-scale image G0 without the
afterimage effect. The results are
shown in Fig. 11(b).𝑙 Compared
(d)Guidance,
Guidance,𝑄𝑄𝑒𝑒
(d)
(f)Filter
Filteroutput,
output,𝑄𝑄𝑜𝑜
(e)Filter
Filterinput,
input,𝑄𝑄𝑙
(f)
(e)
(c)Input
Inputevent
(c)
with
theevent
raw accumulated frame from CeleX
event camera,
GEF
reveals structural enhancement, demonstrating its effectiveness.

5

A PPLICATIONS

GEF has a wide variety of applications for event-based tasks. Here,
we enumerate several example applications. To provide quantitative evaluation of the proposed approach, we use EventNFS [61]
dataset for a curated benchmark for evaluating object tracking, future frame prediction, motion deblurring, HDR reconstruction, and
super resolution applications. EventNFS recorded a high frame
rate object tracking dataset NFS [62] at multiple resolution (1×,
2× and 4×). The corresponding bounding boxes were copied and
served as the ground truth for visual object tracking. The original
RGB videos were used as ground truth for image reconstruction.
5.1

where Ncet donates the number of the events that are triggered
at time t and δ(·) is the Dirac delta function. Wt (x, y) is a
PNce
position filter, described by Wt (x, y) = k=1t δ(x−xk , y−yk ).
The initial grayscale image G0 is a zero matrix, and the full
frame grayscale image can be obtained after each pixel has been
activated, which is named as the accumulated frame. We show an
example of Gt in Fig. 11(a). It has been captured in a scene where
the event camera is rapidly shaking.

Ne
X

#32
0.249
0.254
0.299
0.301
0.315

(12)

k=1

4.2.2

#2
0.281
0.351
0.448
0.513
0.614

(13)

k=1

Although the accumulated frame remains traces of past motion, the warped event frame preserves the structure of the realtime motion region. In the joint filtering step, we reversely set
the event frame Qce (Fig. 11(a)) as the guidance and the Ql
computed from the accumulated image. The output Qo are then

Object tracking

GEF can be applied to event-based visual object tracking. To
demonstrate the benefit of guided upsampling, we evaluate the
performance improvement that GEF can bring on EventNFS [61]
dataset, which provides ground truth bounding boxes for each
sequence. E-MS [63] is chosen as the benchmark tracker because
it’s an efficient event-based tracking method that uses mean-shift
clustering and Kalman filters to classify objects. We search the
enclosing rectangle of event clusters that the smallest as well as
the closest to the target object as the predicted bounding box, and
calculate the coincidence between predicted bounding boxes and
the ground truth by using Intersection over Union (IoU).
We choose 8 sequences from EventNFS [61] and test 5 cases
for each one: (a) / (b) performs tracking on 1× / 2× raw event
data that represent a resolution of 111 × 62 / 222 × 124; (c)(e) perform GEF first and then perform tracking. In detail, (c)
performs same-resolution denoising on 1× raw event data, (d)
and (e) perform 2× and 4× upsampling by GEF correspondingly.
We show three examples with the predicted bounding boxes and
the ground truth in Fig. 12. Figure 12(a-e) correspond to above
5 cases. After being filtered by high resolution images, as the
resolution of event becomes higher, object contours are better
revealed and the tracking results become more accurate. The
quantitative comparison of IoU also confirms this finding. As
shown in Table 1, both the denoising and multi-scale SR have
achieved improvements compared to those from the raw data. Note
that the IoU accuracies of 2× and 4× GEF upsampling event data
from 1× raw data have exceeded that of 2× raw data.
5.2

Depth estimation

We compare the JCM module with CM [3] for the task of depth
estimation. Gallego et al. [3] proposed an event-based depth
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(a) 1×, raw data

pth

(b) 2×, raw data

(c) 1×, GEF (denoise)
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(d) 2×, GEF (SR)

(e) 4×, GEF (SR)

(f) APS image

Figure 12: Examples for the tracking results. Red / Green bounding boxes represent the ground truth / prediction. (a) / (b) performs
tracking on 1× / 2× raw event data, (c) / (d) / (e) performs 1× / 2× / 4× GEF first and then perform tracking.

Ground truth

APS image

w/ GEF

JCM

CM

w/o GEF

VFS

Figure 13: Event-based depth estimation. Top row is estimated by
CM [3], middle row is estimated by JCM, using the APS image in the
bottom row. Please zoom-in for more details.

estimation method: when objects with different depths move in
the XoY plane, the length of pixel movement on the image plane
is linearly related to the depth of the object. Given the camera
matrix and trajectory of the DAVIS, it converts the problem of
determining the optimal depth value into the problem of finding
events contrast maximization. As an improvement, our proposed
JCM leverages the image edge signals to reduce the event noise
and improves the accuracy of depth estimation. In Fig. 13, we use
event clips of an example of [8] to compare CM and JCM, the top
and middle rows are the depth map estimated by CM and JCM
respectively. The bottom row shows corresponding APS frames.
Compared with CM, around the location where complex motion
and occlusion are involved, JCM is able to provide stable and
consistent depth.
5.3

Future frame prediction

In this case, we perform future frame prediction, i.e., given a
start intensity frame and the subsequent events to predict the
future frame. We implement the differentiable model-based reconstruction (DMR) method in [6]. Figure 14 shows 4 qualitative
comparison results where the first column is the “slider-depth”
example chosen from the dataset of [8] and the other columns
are examples chosen from EventNFS [61]. With GEF, the filtered
events are close to noise-free, so compared with the original DMR,
the future frames can be predicted more clearly. In Table 2, we
conduct PSNR and SSIM comparisons between w/ and w/o GEF
on 7 samples. The average values show that DMR [6] with GEF
obtains better performance than the original scheme.

Figure 14: Frame prediction using the DMR [6] w/ and w/o GEF.

Table 2: Frame prediction performance on 7 samples of EventNFS
[61] dataset (red numbers represent the best performances).
#2
PSNR
SSIM

5.4

#11

#12

#26

#43

#61

#83

average

w/o GEF 25.751 25.553 25.198 24.158 21.796 32.733 25.556

25.821

w/ GEF 26.391 25.315 25.429 24.830 21.663 32.850 26.324

26.115

w/o GEF

0.871

0.825

0.848

0.868

0.791

0.946

0.803

0.850

w/ GEF

0.866

0.829

0.862

0.889

0.783

0.953

0.829

0.859

Motion deblurring

GEF can be applied to improve event-based motion deblurring
[11] and we show 3 visual examples in Fig. 15. Given a blurry
image (Fig. 15(a)) and the events captured during the exposure
time, Pan et al. [11] proposed an event-based double integral (EDI)
approach to recover the underlying sharp image(s). We employ
the same formulation, but use our GEF to first filter the events.
Note that in this case, the blurry image does not provide useful
edge information, we therefore warp nearby events to form the
guidance images.
By comparing Fig. 15(b) and Fig. 15(c), we can find that even
without the guidance of an intensity image, GEF can still reduce
the event noise using neighbor events. To quantitatively verify
the improvement of GEF, we use every 20 adjacent frames to
synthesize one blurry image, select events in the corresponding
time period, and then perform two formulations on 9 sequences
of EventNFS [61] dataset. We extract the deblurred intermediate
frames and compare them with the ground truth. The PSNR and
SSIM results are recorded in Table 3. EDI [11] using GEF achieves
better performance than the post scheme.

Deblur
Deblur
DeblurTRANSACTIONS
DeblurIEEE
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(a)(a)
blurry
image
(b)(a)
w/o
GEF image (a) blurry image
blurry
blurry
image

(a) blurry image

(a) Blurry image

(b)(b)
w/o
GEF
(c)
w/
GEF
(b)
w/o GEF
w/o
GEF

(b) w/o GEF

(d) w/o GEF

(c)(c)
w/w/
GEF
(c)
w/ GEF
GEF
(e)
w/
GEF

(b) w/o GEF

(c) w/ GEF

(d)(d)
w/o
GEF
(e)(e)
w/w/
GEF
(d)GEF
w/o GEF
(e)
w/GEF
GEF
w/o
(d)
GEF
w/o
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(a) Image+events

(b) Guidance, 𝑄𝑄𝑒𝑒

(f) Han et al.

(g) E2VID

(e) w/ GEF

(c) w/ GEF

(c) Filter input, 𝑄𝑄𝑙𝑙 (d) Filter output, 𝑄𝑄𝑜𝑜

(e) LDR image

Figure 15: Motion deblurring using EDI [11]. We perform EDI
w/o and w/ GEF on (a). The deblurred intermediate frames are
shown in (b) and (c). Closed-up views of orange and green boxes
are shown next to the results.
Table 3: Motion deblurring performance on 9 sequences of EventNFS [61] dataset (red numbers represent the best performances).
Number of images
w/o GEF
PSNR
w/ GEF
w/o GEF
SSIM
w/ GEF

5.5

#14
87
25.37
26.83
0.81
0.83

#25
227
21.38
22.53
0.69
0.73

#32
200
22.73
24.06
0.71
0.76

#53
345
22.59
23.50
0.67
0.70

#59
108
28.76
30.43
0.84
0.85

#61
101
41.19
42.66
0.97
0.98

#62
101
27.08
27.88
0.92
0.93

#64
30
22.44
23.02
0.64
0.64

#82
average
101 total:1300
26.84
25.22
27.21
26.32
0.70
0.75
0.74
0.78

Image reconstruction

In this subsection, we apply GEF for several existing event-based
algorithms to address image reconstruction with improved HDR,
spatial resolution, and color appearance.
5.5.1

HDR

GEF is able to improve HDR image reconstruction because of
its effectiveness for motion compensation and denoising. The
intensity image contains under-exposed regions while the warped
event image preserves structures in those regions. We follow a
previous approach that employs Poisson reconstruction for HDR
reconstruction [64]. The difference in our case is that the intensity
image is used for reconstruction. In such a case, GEF is applied
by setting the warped event image Qe as guidance and Ql as filter
input. The restored gradient field ∇xy I 0 along with the estimated
flow v and the intensity image are then used to reconstruct an
HDR image. In order to visually compare the consistency of the
reconstructed HDR image with the ground truth, we multiply the
ground truth by a random exposure factor and cut off the under
exposure intensity value to simulate an under-exposed LDR image
(Fig. 16(e)), and use the real HDR event data (a) to restore it. As
Fig. 16(f-i) shows, HDR w/ GEF is compared with SingleHDR
[65] (single-image HDR restoration), Han et al. [5] (single-image
HDR with events as guidance), and E2VID [7] (HDR image
directly from event stream). The visual comparison shows that
the SingleHDR [65] fails to process the 2nd and 3rd scenes
because the textures are severely missing. E2VID [7] successfully
reconstructs the textures in under-exposed area, but the contrast
of local areas is not restored correctly, such as the hand in the
2nd scene. The results of Han et al. [5] have artifacts because
this work is designed for color HDR imaging based on crossscale image fusion. The numerical comparison on 7 sequences of
EventNFS [61] shown in Table 4 also demonstrates our method is
comparable with other state-of-the-art HDR imaging schemes.

(h) SingleHDR

(i) HDR w/ GEF

(j) Ground truth

Figure 16: HDR image reconstruction based on Poisson [64]. (a)
shows that the LDR image in (e) is overlaid with events. We use
(b) to filter (c) and output (d) to reconstruct an HDR image (i).
(f)-(h) are comparison methods and (j) is the ground truth.
Table 4: HDR reconstruction performance on 7 sequences and 665
images of EventNFS [61].

PSNR
SSIM

LDR

Han et al. [5]

E2VID [7]

SingleHDR [65]

GEF

10.725
0.623

10.977
0.490

15.352
0.510

12.793
0.599

13.081
0.618

5.5.2 Image reconstruction from SR events
The super-resolved events can be used to restore the intensity
image at high resolution for the situation that the frame rate
of RGB frames is lower. For this task, we use E2VID [7] as
our backbone image reconstruction algorithm. Figure 14 shows
two examples of our results. APS image is the ground truth of
1280×720 high-resolution image, Figure 14(a) are frames that are
synthesized from 1× raw data corresponding to the resolution of
111 × 62. Figure 14(b) is 2× frame upsampled from Figure 14(a)
by bicubic. Figure 14(c) and (f) are 2× and 4× results restored
from Fig. 14(a) by SRFBN [66]. Figure 14(d) are synthesized
from 2× events upsampled by self-guided GEF, Fig. 14(e) and
Fig. 14(g) are correspondingly outputted from 2× and 4× events
upsampled by image-guided GEF. We also compare PSNR and
SSIM values between results and the ground truth for each case
and record it in Table 5. Since the filtering process of GEF focuses
on preserving and reconstructing the texture area, this makes
the GEF-processed event reconstruct images with larger contrast,
resulting in a lower PSNR value than SRFBN [66]. However, the
results of the visual comparison and SSIM (focusing on structural
similarity) show that our reconstruction results restore clearer
edges and suppress noise in smooth areas.
5.5.3 Color demosaicking
Color demosaicking is a standard technique for color cameras
but remains unestablished for event cameras. As novel event
camera prototypes are equipped with the Bayer color filter array
[14], event color demosaicking has become a new and interesting
problem to solve. We apply GEF to this task. The previous
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(a) E2VID [7] for R/G/B channel w/o GEF
(a) 1x, raw data

(b) 2x, bicubic

(c) 2x, SRFBN

(d) 2x, self-guided

(b) E2VID [7] for R/G/B channel w/ GEF

(e) 2x, GEF

(f) 4x, SRFBN

(g) 4x, GEF

(h) APS frame

Figure 14: Image SR reconstruction using E2VID in [7]. (a) is
reconstructed from raw event data, (b) is 2× frame upsampled from
(a) by bicubic, (c) and (f) are restored from (a) by SRFBN [66]. (d)
is synthesized from 2× events upsampled by self-guided GEF, (e)
and (g) are corresponding to 2× and 4× events upsampled by imageguided GEF.

Table 5: Image SR reconstruction performance on 3 samples of
EventNFS [61] dataset.
2x,bicubic 2x,SRFBN 2×, self-guided 2×, GEF 4×,SRFBN [66] 4×, GEF
PSNR
15.20
14.90
14.56
14.43
14.71
14.47
SSIM
0.377
0.360
0.366
0.414
0.442
0.501

approach takes the raw mosaicked events directly as input to
E2VID [7]. To make use of GEF, we first apply an off-the-shelf
demosaicking algorithm [67] for the RGB image. The optical
flow field is estimated using the grayscale image (converted from
demosaicked RGB image) and all the events. The filtering step
is performed per event color channel. The final 3-channel output
events are fed into E2VID for image reconstruction. We compare
our filtered events with the original events in terms of image
reconstruction, as shown in Fig. 18(a) and (b). The comparison
for the reconstructed color images is shown in Fig. 18(c) and
(d). Interestingly, with the assistance of GEF, the image produces
sharper edges for the letters. This indicates that GEF is able to
transfer structural information from the demosaicked image to raw
events, alleviating the problem of event color demosaicking.

6

C ONCLUSION

This paper proposed a novel framework to bridge event-based
sensing with frame-based sensing to output a stream of superresolved yet noise-reduced events. Our experimental results
showed that with the assistance of intensity images, performance
improvement has been achieved for flow estimation, event denoising, event super resolution (SR), and demosaicking. Compared
to the conference version, this paper added an automatic switch
between the image-guiding and the event self-guiding mode, and
extended GEF with the event re-distribution module in order to
interface seamlessly with downstream event-based algorithms. We
also extended the set of applications with depth estimation, superresolution and color image reconstruction. Besides, this paper
derived a modified sensing model for the novel CeleX-V event
cameras and adapted GEF for their special output data.

(c)

(d)

(e)

Figure 18: Event-based color image reconstruction. (c) Color
reconstructed image w/o GEF. (d) Color reconstructed image w/
GEF. (e) Color APS frame.
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Figure 1: Our proposed RGB-DAVIS dataset. Shown images are screenshots of RGB videos (left) and event videos (right).
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Table 1: Details of our RGB-DAVIS dataset

clip

# of images

# of events

indoor/
outdoor

#1

250

2.6M

#2

200

#3

camera
motion

scene
motion

description

indoor

X

text displayed and animated on the monitor

8.9M

indoor

X

simple shapes displayed and animated on the monitor

200

7.3M

indoor

X

static objects with camera motion

#4

200

3.5M

indoor

X

static objects with camera motion

#5

200

1.7M

indoor

X

static objects with camera motion

#6

200

10.5M

indoor

#7

150

2.4M

indoor

#8

400

23.8M

indoor

X

human body motion

#9

400

20.8M

indoor

X

abruptly throwing an object

#10

400

21.8M

indoor

X

color chart with hand-held motion

#11

200

3.8M

outdoor

X

wall with grid structure

#12

190

3.6M

outdoor

X

building with window

#13

200

4.3M

outdoor

X

building

#14

400

9.3M

outdoor

X

X

car moving

#15

400

8.4M

outdoor

X

X

street with cars

#16

400

27.7M

outdoor

X

X

bird in a lake

#17

400

23.1M

outdoor

X

X

pedestrians walking on street

#18

400

22.6M

outdoor

X

#19

400

20.7M

outdoor

X

X

bird on grass

#20

150

23.7M

outdoor

X

X

a weeding worker in a park

X
X

hand gestures
textbook with background

static objects with structured background
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RGB-DAVIS DATASET

We use our RGB-DAVIS camera system to collect various sequences of RGB-event video clips. As shown in Fig. 1, in total,
there are 20 video clips. Both indoor and outdoor scenarios are
captured. The scenes widely range from simple shapes to complex
structures. All the clips involve camera motion and/or scene
motion. The details are summarized in Table 1.
1.1

Geometric calibration

Here, we describe our calibration procedure between a 2448 ×
2048 resolution machine vision camera (Point Grey Chameleon3)
with a F/1.4 lens and a 180 × 190 resolution event camera
(Davis240b) with a F/1.4 lens. The two cameras are physically
co-located and they share a common viewing direction through
a beam splitter (Thorlabs CCM1-BS013) with 50% splitting. In
the calibration phase, the two cameras are kept stationary. Our
geometric calibration is designed to geometrically transform event
pixels to the machine vision camera image within the shared view.
For this purpose, we display a blinking checkerboard pattern on a
13.9” 60Hz monitor. The monitor is placed around 2m away from
the RGB-DAVIS imaging system to ensure both cameras can have
full view of the checkerboard pattern. To form an event image,
events are accumulated in a short time window (no longer than
the blinking period of the pattern). On the machine vision camera,
a 50fps video can be captured so as to select one frame with a
stable checkerboard pattern. The keypoints can be extracted from
the corners of the checkerboard images. Our 2D-based modeling
includes a homography transformation estimated based on the
central keypoints (inside the green box) and an anti-distortion
transformation estimated based on all the keypoints. The distortion
modeling is only for the event camera as the smart phone camera
distortion has already been calibrated.
The homography is an affine transformation defined as a 3 × 3
matrix. Mathematically, it connects two sets of coordinates:

xIi = Hxei ,
xIi

[xIi , yiI , 1]T

xei

(1)

[xei , yie , 1]T

where
=
and
=
are the homogeneous coordinates in the intensity image and the event image,
respectively. H can be solved using a minimal of 4 points. In our
implementation, we use more than 4 points (8 points) to avoid
linear degeneration. The homography is estimated only applying
to the central green area.
We use a radially symmetric model for distortion modeling:

xu − xec
y u − yce

= (xe − xec )(1 + kx r2 )
= (y e − yce )(1 + ky r2 ),

(2)

where xec and yce denote the distortion center. xu and yu are the
distortion corrected coordinates. r2 = (xe )2 + (y e )2 . kx and ky
are the distortion coordinates to be fitted.
The two transformations are enclosed in a single RANSAC
loop to find the optimal solution that leads to the overall error.
The error is computed on the intensity domain. Some unavoidable
factors, such as slight deformation caused by camera movement
and fluctuations in camera frame rate, still affect the alignment of
two camera views. In dataset clips, video frames are fine-tuned by
bicubic to match 8× resolution of the event camera.

2

C OMPARISON BETWEEN CM AND JCM

In addition to the summarized results presented in Fig. 3 of
the main manuscript, we present additional visual comparisons

3

in Fig. 2 and Fig. 3. We capture image patches and use preset
flow vectors to simulate events within a 50ms time window.
In this simulation, the bipolar thresholds are set as p = 0.2
and n = −0.2, and standard deviation of the threshold noise
is σe = 0.03. The polarity of events is not used during the
computation of warped histogram [1]. The motion compensated
results are shown in the sub-figures (b) and (c) of Fig. 2 and
Fig. 3. From the comparisons between subfigures (d) and (e) we
can observe that the contrast maps of JCM have faster fall-off
departing from the peaks than CM. The peak values also showcase
more accurate flow estimation results for JCM. In terms of speed
and efficiency, the JCM almost shares the same computational cost
as CM, while achieves more accurate flow. In Table 2 We record
the running time of CM and JCM for scenes with different count
of events. According to the correlation coefficients between the
running time and the number of events, and the color gradation
process in the table, it can be seen that as the number of events
increases, the running time of the two methods basically obeys
a linear positive correlation growth trend. The consumption gain
of JCM relative to CM remains constant as the number of events
increases.

3

A DDITIONAL RESULTS OF GEF

In this section, we present validation results on publicly available
datasets, e.g., DAVIS [6] and Color Event Dataset (CED) [7].
We also provide detailed explanation of our guided event super
resolution processing steps and results.
3.1

Results on DAVIS dataset

The DAVIS [6] is a dataset containing intensity images and
events at the same resolution (240 × 180). Here, we present
additional denoise results for GEF with datas from the DAVIS
dataset [6]. Two examples of events denoising are shown in Fig. 4
and Fig. 5. We compare the denoising perforemance between Liu
et al. [5], EV-gait [9] and the proposed GEF, besides, the results
of three candidate fliters of the GEF are also compared. Finally,
we choose the MS-JF [8] as the optimal filter for the GEF.
3.2

Results on Color Event Dataset (CED)

GEF can be applied to color image and events. We experiment
on the recently released color event dataset [7]. The captured raw
image is first demosaicked using the standard gradient-corrected
linear interpolation to obtain RGB image. The flow is computed
based on the grayscale image (converted from RGB) and all the
captured events, which means the same flow is used across all
three channels. The guided filtering process is run separately for
each channel. The results are shown in Fig. 6. From the results
we can see the effectiveness of GEF denoising across all three
channels, but with different performance for each. The green
channel preserves more details than the red and blue channels
(zoomed patches in Fig. 6).

4

R ESULTS FOR EVENT SUPER RESOLUTION

In this section, we describe our event super resolution (SR) processing steps. Figure 7 and Fig. 8 present comparison results for
4× SR and 8× SR, respectively. In both figures, No guidance SR
includes bicubic upsampling, state-of-the-art SR algorithms EDSR
[4] and SRFBN [3], both w/o and w/ re-training. The re-trained
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Figure 4: First denoise example of GEF on DAVIS [6] dataset. (b) An image overlaid with events (no warping); (c) An image overlaid
with warped events (warped by JCM); (d) Ql as filter guidance; (e) Qe as filter input; (f-g) denoise output using Liu et al. [5] and
EV-gait [9]; (h-j) GEF output using (h) GIF [2], (i) side-window guided filtering (SW-GF) [10], and (j) mutual-structure joint filtering
(MS-JF) [8].
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Table 2: Computation cost comparison
count of events (k)

7

14

20

27

34

40

47

54

61

68

74

81

88

95

101

108

115

122

128

135

CM [1] (s)

42.5

62.3

76.1

88.4

95.4

103.5

111.3

118.5

125.4

131.7

138.3

145.0

151.0

171.0

177.5

189.1

191.8

200.1

207.7

209.3

45.1

65.7

79.7

90.6

99.1

107.1

114.6

121.9

128.8

135.4

141.4

148.0

154.2

174.8

183.2

191.3

196.6

206.1

213.6

212.8

JCM (s)

Correlation coefficient: JCM: 0.9942 CM: 0.9945
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Figure 5: Second denoise example of GEF on DAVIS [6] dataset. (b) An image overlaid with events (no warping); (c) An image
overlaid with warped events (warped by JCM); (d) Ql as filter guidance; (e) Qe as filter input; (f-g) denoise output using Liu et al.
[5] and EV-gait [9]; (h-j) GEF output using (h) GIF [2], (i) side-window guided filtering (SW-GF) [10], and (j) mutual-structure joint
filtering (MS-JF) [8].
RGB image (demosaicked)

G

(gray) image + filtered output

B

output

input

R

(gray) image + MC events (input)

-6

6 -6

6 -6

6

-6

6

Figure 6: GEF applied on color event dataset [7].

models are denoted as EDSR-ev and SRFBN-ev, respectively.
We prepare 700 HR-LR event image pairs simulated from nature
image dataset [3] to re-train the models.
The guided SR, w/ SR image corresponds to the approaches
with intensity images as guidance. The same joint filtering algo-

rithm is applied between the super-resolved intensity image and
the event image. PSNR values indicate that the guided SR results
are better than no guidance SR results. In the guided SR category,
HR image as guidance provides the highest performance, both
quantitatively and qualitatively.
For guided SR with HR image, we compare two strategies.
(1) Step-by-step upsampling for GEF. In order to obtain the Qo
(filtered output image) at 2× scale, the filter output image at 1×
scale is first bicubically upsampled, and then serves as Qe at 2×
to perform guided filtering. For 4× and 8×, this procedure is
iteratively applied. (2) directly upsampling for GEF. For 2×, 4×
and 8× upsampling, the Qe at 1× is first bicubically upsampled
to corresponding scales and then filter with Ql computed at the
same scales. The comparison results are presented at the bottom
right corner of Fig. 7 and Fig. 8. As can be seen that Strategy (1)
results in higher PSNR values for all 4× and 8× cases. In the joint
filtering process, with an i7-8700K CPU, the average runtime is
about 0.2s for 2× upsampling a 180 × 190 frame and 8s for 8×.

5

N UMERICAL EVALUATION

To comprehensively evaluate the effectiveness of GEF, we design
simulation experiments and build a hybrid camera prototype to
test GEF on real-world scenarios.
Guided denoising. In this experiment, we compare GEF (considering all three filters) with two state-of-the-art event-based
denoising approaches, i.e., Liu et al. [5] and EV-gait [9]. To
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Input:
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Figure 7: First example of super-resolution results for 4× upsampling. The numbers indicate the PSNR values.
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Figure 8: Second example of super-resolution results for 8× upsampling. The numbers indicate the PSNR values.
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Table 3: PSNR comparison for super resolution
6

Bicubic
EDSR [4]
SRFBN [3]
EDSR-ev
SRFBN-ev
(2) guided
Bicubic
SR, w/ SR
EDSR [4]
image
SRFBN [3]
(3) GEF
(1) no
guidance SR

2×
40.110
39.976
40.572
40.315
40.837
42.591
42.599
42.603
42.755

4×
39.133
39.363
39.937
40.577
40.309
42.612
42.655
43.037
43.319

8×
39.368
39.319
40.152
39.961
40.110
44.144
44.174
44.170
44.218

5.5

Variance of warped event frames

methods

5
4.5
4
3.5
3
2.5
2
1.5
1
0.5
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0
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Figure 9: Comparison of event denoising performance. Intensityguided filters (GIF [2], SW-GF [10] and MS-JF [8] unanimously
outperform non-guidance-based methods (Liu et al. [5] and EVgait [9]).
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quantify the denoising performance, we use zero-noise event
frame as the ground truth. The denoised images are compared
against the ground truth images using the root mean squared
error (RMSE) criterion. The smaller the RMSE values, the better
denoising the performance. At each noise level, the RMSE values
are averaged over 18 images. The results are plotted in Fig. 9.
As can be seen, all three GEF methods have better denoising
performance compared to non-guidance-based methods. Among
the three guided filters, MS-JF [8] has the lowest RMSE values
than the other two filters across the whole range. Therefore, we
choose MS-JF as the filtering algorithm within GEF.
Qualitatively, we compare the denoising performance on the
captured real-world scenarios dataset. Compared to existing approaches, GEF (MS-JF) is able to enhance the edge features as
well as removing event noise.
Guided super resolution.
Because it is difficult to obtain
ground truth image and events at multiple scales, we perform
quantitative evaluation for upsampling in simulation. We use 18
high resolution (HR) images to simulate the ground truth HR
events. To simulate the low resolution (LR) events, the HR images
are first downsized and used to generate zero-noise events. We
consider three downsizing scales up to 8×. For future reference,
we use 2×, 4×, and 8× to denote the upsampling factors. For
2× upsampling, we first bicubically upsample the low-resolution
Qe for 2×, and then perform same-resolution joint filtering with
2× Ql (downsized from HR). The 2× upsampling procedure is
iteratively applied for higher scales.

2

3

4

5

6

7

8

9

rw (pixel)
(b)

Figure 10: The relationship between rw and the variance of Qe .
(a) The variation curve of warped event frame Qe under different
rw settings. (b) The variation curve of the running time under
different rw settings. The colors of the lines represent 8 different
real image+events clips.

We compare three super resolution (SR) schemes: (1) no
guidance SR. The scheme refers to direct SR without guidance.
Such methods include the baseline bicubic upsampling, and two
state-of-the-art single image SR methods: EDSR [4] and SRFBN
[3]. We apply both pre-trained models as well as re-trained
ones. Re-trained models are denoted as EDSR-ev and SRFBNev, respectively. (2) guided SR, w/ SR image. In this case, the
joint filtering is applied between the computed SR image and
the event image. (3) GEF. GEF here is referred as joint filtering
between the pristine HR image and the event image. The results
are summarized in Table 3. We use Peak Signal to Noise Ratio
(PSNR) as performance measurement. As can be seen, (2) and (3)
both have higher PSNR than (1), which suggests the effectiveness
of using image as guidance. In (1), re-training SR networks
slightly improves the performance, but still under-performs (2)
and (3). Another interesting effect in (2) and (3) is that PSNR
values increase as scale factor increases. This is because the event
image at high resolution has sparse non-zero signals representing

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

8

𝒓𝒘 = 𝟏

𝒓𝒘 = 𝟐

𝒓𝒘 = 𝟑

𝒓𝒘 = 𝟒

𝒓𝒘 = 𝟓

𝒓𝒘 = 𝟔

𝒓𝒘 = 𝟕

𝒓𝒘 = 𝟖

𝒓𝒘 = 𝟗

𝒓𝒘 = 𝟏𝟎

𝒓𝒘 = 𝟏

𝒓𝒘 = 𝟐

𝒓𝒘 = 𝟑

𝒓𝒘 = 𝟒

𝒓𝒘 = 𝟓

𝒓𝒘 = 𝟔

𝒓𝒘 = 𝟕

𝒓𝒘 = 𝟖

𝒓𝒘 = 𝟗

𝒓𝒘 = 𝟏𝟎

𝒓𝒘 = 𝟏

𝒓𝒘 = 𝟐

𝒓𝒘 = 𝟑

𝒓𝒘 = 𝟒

𝒓𝒘 = 𝟓

𝒓𝒘 = 𝟔

𝒓𝒘 = 𝟕

𝒓𝒘 = 𝟖

𝒓𝒘 = 𝟗

𝒓𝒘 = 𝟏𝟎

Figure 11: Visual quality comparison for different settings of rw .

thin edge. Examples and additional analysis are included in Fig. 8.

6

S ETTING OF LOCAL WINDOW RADIUS

In the JCM step, we use cropped local windows with radius rw
to estimate pixel-wise flow. We perform a numerical comparison
between different sets of rw on 8 real image&event clips and
record the result in Fig. 10. Figure 10(a) shows the relationship
between rw and the variance of the warped event frame Qe .
We use the variance of Qe to represent the accuracy of motion
estimation. This is because Qe is the temporal gradient warped by
the flow vector, the more accurate the flow estimation, the more
warped events will be concentrated on the texture and edges of
the scene, and the larger the variance of Qe . Therefore, it can be
seen that with the increase of rw , the accuracy of flow estimation
gradually improves, and tends to converge after rw = 10. We
also record the running time in Fig. 10(b). Since the number of
events corresponding to different scenarios varies greatly, we use
the average occupancy time of each event to express the running
cost of JCM. Experimental result in Fig. 10(b) shows that the
running time increases linearly with rw . With a trade-off between
accuracy and cost, we recommend setting the rw to 7. Three visual
examples shown in Fig. 11 also confirm that the estimation results
of flow vector with rw = 7 has been close to convergence.

7 A DDITIONAL RESULTS OF ADAPTING GEF FOR
C ELE X-V
In the joint filtering step for Celex-V, we reversely set the event
frame Qce (Fig. 12(d)) as the guidances and the Ql (Fig. 12(e))
computed from the accumulated image. The output Qo (Fig. 12(f))
are then used to restore the gradient field ∇xy G0 with the estimated

flow, and further reconstruct a real-time grayscale image G0 without the afterimage effect. The results for removing the afterimage
phenomenon is shown in Fig. 12(b).
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