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Real-time Hetero-Stereo Matching for Event and
Frame Camera with Aligned Events Using
Maximum Shift Distance

Haram Kim!, Sangil Lee!?, Junha Kim! and H. Jin Kim!

Abstract—Event cameras can show better performance than
frame cameras in challenging scenarios such as fast-moving
environments or high-dynamic-range scenes. However, it is still
difficult for event cameras to replace frame cameras in non-
challenging normal scenarios. In order to leverage the advantages
of both cameras, we conduct a study for the heterogeneous
stereo camera system which employs both an event and a
frame camera. The proposed system estimates the semi-dense
disparity in real-time by matching heterogeneous data of an
event and a frame camera in stereo. We propose an accurate,
intuitive and efficient way to align events with 6-DOF camera
motion, by suggesting the maximum shift distance method. The
aligned event image shows high similarity to the edge image
of the frame camera. The proposed method can estimate poses
of an event camera and depth of events in a few frames,
which can speed up the initialization of the event camera
system. We verified our algorithm in the DSEC dataset. The
proposed hetero-stereo matching outperformed other methods.
For real-time operation, we implemented our code using parallel
computation with CUDA and release our code open source:
https://github.com/Haram-kim/Hetero_Stereo_Matching

Index Terms—Computer Vision for Automation

I. INTRODUCTION

Event cameras can stably measure visual information in
high-dynamic-range and high speed environments that are
challenging for conventional cameras. However, because of the
frameless and the asynchronous characteristics of event data,
conventional vision systems could not be directly employed.
For several years, various applications for event camera have
been studied [I]-[5]. In particular, active research on em-
ploying both event and frame cameras aims to demonstrate
improved performance than the event-only methods and to
extend the event research into practice.
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Fig. 1: Illustrations of the stereo matching results. (a) frame image.
Red cross represents the edge pixel f and blue square represents
patch P(f, F I,) of the n-th frame image F I,. (b) and (d) are the
frame patch of the temporal gradient image © Iﬁf and the edge image
FIAX represented as P(f, FI47), P(f, FI2%), respectively. (c) and (e)
are the event patch of the raw event image Elﬁf and the aligned
event image FI2* with the estimated disparity d* represented as
P(f+[d*,0]T, FIAT), P(f+ [d*,0]T, FI2%), respectively.

Significant progress has been made in the fields of feature
tracking and high-frame-rate scene reconstruction with certain
event cameras that also can capture conventional frame images
from active pixel sensor (APS). However, the cameras are
placed in the same position in such configuration, the stereo
vision could not be applied, even though two vision sensors
are used. Here, we conduct a study using a frame camera and
an event camera simultaneously as a stereo camera that can
utilize the existing vision algorithm, and can be used in harsh
environments as Fig. 2. We propose a method to estimate the
disparity by using an event camera and a frame camera as a
hetero-stereo camera which have different camera parameters.
Our contributions can be summarized as follows:

o We provide the hetero-stereo matching methods in order
to associate different data types of event-frame cameras
and estimate disparities.

1) Initial matching method with time-gradient images
for fast initialization of the system (Section III-A)
2) Aligned-event-based matching method with edge
images for accurate stereo matching (Section III-C)

e We provide an accurate and intuitive event aligning
method to describe the edge-like images, which utilizes
internally estimated camera poses (Section III-B).

« We suggest the concept of maximum shift distance to
align events efficiently (Section III-D).
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Fig. 2: Hetero-stereo matching algorithm operating range according
to camera speed. The proposed method enables hetero-stereo cam-
era system to apply vision applications (motion estimation, feature
tracking, etc.) regardless of camera speed and to have high dynamic
range (HDR).

The proposed methods estimate the disparity and depth of
events by associating the event and frame data. We obtain
camera poses from the 3D reconstructed points which are
computed from the initial matching method. Then, we estimate
accurate disparity and depth by matching the frame edge
image to the aligned events using the camera poses. For
aligning events, we extend the event alignment module in
[6], additionally considering the translation motion and an
arbitrary depth in the disparity range. Rather than considering
all disparities in range, we efficiently compute the aligned
events with maximum shift distance method by considering
the representative disparities which produces distinct aligned
event images.

II. RELATED WORKS

A significant number of vision algorithms employ 3D
scene information to demonstrate more diverse applications.
Similarly, in order to extend the limited application of a
single event camera, stereo event studies [7]-[16] aimed to
estimate the depth. These studies were conducted to utilize
event cameras as stereo, and several attempts have been made
to extract meaningful features from events. In [8], semi-dense
3d reconstruction was performed employing a stereo event
camera. The method estimated the depth on edges where
events frequently spiked, considering multiple viewpoints. The
authors of [7] estimated the disparity after aligning events
with optical flow in consideration of camera motion. Since
it is difficult to accurately estimate the camera pose with
event data only, the authors used ground truth poses. Even
though stereo event cameras can utilize the depth information,
there is a fundamental issue that the events do not spike in
static situations and the advantage is revealed only in specific
scenarios.

In order to extend the usability of event cameras in general
scenarios, several attempts [17]-[21] have recently been made
to combine the advantages of frame and event, which can also
enable the various applications of frame cameras.

In [17], the author attempted to use stereo cameras and event
cameras together. When combining an event camera with a
stereo camera or a RGB-D camera, the individual depth of an
event is still unknown due to asynchronous characteristic. To
combine events and frames, the author conducted the dense
and continuous disparity estimation method using camera

motion. To accomplish the same goal as [!7] in a monocular
camera, the authors of [18] estimated depth map in high frame
rate from the monocular event camera which also provides
frame images. Studies [17]-[20] use two types of vision data,
but cannot operate as stereo because frames and events are
acquired from a monocular camera.

So far, there has been a lack of study on stereo event frame
studies that can estimate the depth of events in general sce-
narios. In [22], [23], the authors conveyed a study to perceive
3D scene by firstly configuring an event and a frame camera
as stereo. By using the event-and-frame camera attached to
the robot arm, the author estimated the disparity through
stereo matching with binary frame edge and binary event
edge images. The binary frame edge images are generated
from frame images, and the binary event edge images are
from the event data with a high-pass filter and non-maximal
suppression.

In order to extend the applications of the event camera, we
tackle the problem of how to associate event data and frame
images in stereo event frame camera settings. We present an
accurate and intuitive way to align asynchronous event data. In
order to accurately describe the edge of the scene, the proposed
method warps events by only considering camera motion
and disparity. Thus, the proposed event aligning module is
parameter-free regardless of the speed of camera motion and
data domain. In [22], binary event edge images are obtained
from the high-pass filter of [24] with fixed parameters. Such
binary edge images do not describe the scene properly on eval-
uation dataset of Section IV. Thus, [22] shows low accuracy
on disparity estimation as in Table I.

While the method [7] utilized the ground truth camera
pose and assumed that the depth of all events in a short
time window only depends on the pixel coordinate (not the
temporal coordinate), we estimate the camera pose from the
initial matching method and assume that events have the same
depth value only at the reference time. For aligning events
with 6-DOF camera motion, we extend the accurate warping
method of [6] rather than using the first order approximation
of the warping function.

The proposed method can produce an aligned event image
that looks similar to an edge image as in Fig. 1.(e), and
the edge features are appropriately represented even when
we use uniformly sampled events at 10% of the total as in
Fig. 4. Additionally, we introduce the concept of maximum
shift distance to efficiently compute aligned event images.
We expect to contribute to the event camera community by
suggesting an intuitive and efficient way to present edge
images from event data.

III. HETERO-STEREO MATCHING

There are two concepts to associate the event camera with
the frame camera. The event data should be reconstructed
into frame images [25]-[28], or frame images should be
converted into the event camera-like images. Frame recon-
struction methods still suffer from unwanted artifacts such as
bleeding and local reconstruction error amplification problems.
We confirmed that the artifacts degrade the performance of
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disparity estimation in the attached video. Thus, we will cover
the matching method by converting frame images to event
images between the two concepts.

Each event e, = (X, f, px) consists of position x; in pixel
coordinate, timestamp #; and polarity p; € {+1,—1}. We
construct an event set between the time of (n— 1)th frame 7,,_;
and the time of n-th frame 7, as E[7 | = {ex|t—1 <t < 7, ).
Here, k is the index of an event in the event set and N,, is the
cardinality of E[7' | = {ex};" .

For stereo matching, we should undistort and rectify the
event and frame cameras. In general for frame images, the
inverse mapping technique is used during rectification and
undistortion. Likewise, we utilize the inverse mapping to
rectify the raw event image for the initial stereo matching
of Section III-A. The inverse mapping is an image-to-image
operation. On the other hand, for aligning events in the
Section III-B, we should warp events individually considering
their time and camera motion after rectification. This means
that warping of individual events cannot be performed after the
inverse mapping (because the time information of individual
events get lost to perform the image-to-image operation). Thus,
we undistort and rectify events in a direct way, before warping
the events.

In the heterogeneous camera case, the resolution of the
event camera and the frame camera may be different. If the
rectification resolution is set to be different from the resolution
of the event camera, the image projected from events will
suffer from web-shaped artifacts, because some pixels contain
overlapped events or nothing. Likewise, the focal length should
not be significantly different from the focal length of the event
camera. Thus, we set the resolution and the focal length of
rectification coordinate to those of the event camera. In this
paper, all the event points and frame images are rectified.

A. Initial Stereo Matching

Event cameras record polarities of change of log intensity
and have a different dynamic range from frame cameras. For
associating the frame image © I, with the event set E|§Z71 in
the initial phase, we use the temporal gradient image © Iﬁf =
i I,_, and the event image EYAT which is computed by
accumulating the raw events of E|§L| considering polarity.
The frame image “T47 and the event image FIAT contain
information about intensity changes. Because the above two
images have the same tendency but different dynamic range,
we utilize the normalized cross correlation (NCC) cost that is
robust to the difference in dynamic range, rather than applying
residual cost such as the sum of absolute distance (SAD) and
the sum of squared distance (SSD).

Then, we extract the edge pixel f € R?*! from the frame
image with Sobel filter and conduct patch matching methods
on the temporal gradient image and the event image. We shift
the event patch P(f, EI,AlT) along the x coordinate (parallel to
epipolar line) and compare P(f,“I47) with the frame patch
P(f, 'T4%) using NCC cost C(-,-). Additionally, we apply 2D
Gaussian-smoothing on NCC cost along the image coordinate
to alleviate the noise effect. Then, we estimate the disparity d
where the Gaussian-smoothed NCC G (&% (f,d)) is maximized
as

&:(f,d) = C (P(E ") P(E+ 4,07, ")), (1)
d = argmax G (&;(f,d)). )
d
For the sub-pixel accuracy, we interpolate the disparity with
quadratic interpolation as follows:
E(fd—1)—&(f,d+1)
26;(F,d)— & (f,d—1)— & (F,d+1)

The presented initialization of the system can be performed
with two frames if sufficient events are spiked.

d*=d+0.5 (3)

B. Event Alignment

We can expect more accurate matching by using edge
images instead of temporal gradient images. In order to match
the event data with edge images, we align events with the
camera motion. We estimate the frame camera pose /T by
applying APnP [29] from the constructed 3D points with the
initial disparity, and then compute the event camera pose T
with extrinsic parameters.

When accurately warping event points, it is computationally
expensive to consider the time and depth of each event. In
order to reduce the computation load of warping function,
we assume that the events in E|§:’17l share the same depth at
reference time 7,, which means that the depth values of events
are all the same after warping with the motion £T" . Here,
the depth at reference time is a given value and is covered in
Section III-C, which allows the event to have different depth
at the event time #;. This condition is a more relaxed than
[7] which assumes that the depth of the event is the same
regardless of the event time.

Even if the events have the same depth at reference time
T,, an event ¢, can have different depth z;(;) before warping.
The warping function for the k-th event can be presented as
follows.

Xk(Tn) = Rn(‘Stk)Xk(tk) +tn(6tk)7 (4)
Xk () = 2 (1) R (811) X (1) + t (311) (5)

where X;(¢) = [x(t),yx(t),zx(¢)] " is the inverse-projected 3D
point of the event e; in the camera coordinate at time ¢ and
X (t) = [%(¢), 5 (1), 1] is the inverse-projected point from the
event pixel x;, which satisfying X;(¢) = 7 (£) Xk (2). z(t) is
the exact depth of the event and z;(7,) is the depth at the
reference time. The reference depths z;(7,) of events in E|§Zﬁ .
are given and have all the same value, as we assumed, while
z(ty,) differs. &1 is the time difference between the time of
an event f;, and the reference time 7, i.e. 0ty = T, — f, R, (0t)
and t,(81;) is the rotation and the translation matrix of camera
motion £T" | considering the time difference &t.

Then, the depth of the event z;(#) can be inversely com-
puted with given z;(7,) as follows.

Zk(Tn) = [O 0 1} (Zk(lk)Rn(alk)Xk(lk)+tn(5lk)), (6)
(

_a(m) = [0 0 1]t.(61)
2k(t) = [0 0 1]R,(80)Xe(tx)’ v
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We can get aligned event points with the same depth at
reference time by putting z;(7) back into Eq. (5).

Since each event has different 8¢, we need to lighten the
computational load when computing R, (8%) and t,(8%;) for
each event. We convert the existing warping function into a
matrix operation using the second-order approximation as in
[6]. We employ the twist coordinate representation [v; @] € R®
provided by the Lie algebra se(3) associated with the group
SE(3), where v is the linear velocity and @ is the angular
velocity. The exact warping can be achieved with Rodrigues’
formula as follows.

R(810)K4 1) = K 1) + |f)’|xk<rk>sin<|w|6rk>

N2

w _
+ ka(tk) (1 —cos(|@|6t)) ®)
ov
t,(81;) = Vo, + W (1 —cos(|o|61))
@*v .
+|(T|3 (|@|ot —sin(|@|61)) )

where @ is the cross product matrix of @. By substitut-
ing cos(|®|6t) ~ 1 — |@|?6t}/2 and sin(|®|8t) ~ |w|St
in Eq. (8) and Eq. (9), the rotation and translation can be
simplified as follows.

O* X, (1)812, (10)

| —

R, (810) X (1) =~ Xy (1) + OX (1) 61y +

1
t,(81) = v + E(Z)vét,f. (11)
Then, the aligned event point X;(7,) which has the same
depth at reference time can be obtained by substituting
Eq. (10) and Eq. (11) into Eq. (7) and Eq. (5).

C. Stereo Matching with Aligned Events

We perform stereo matching using the aligned events to
increase the number of inlier disparity and to estimate disparity
more accurately than the initial phase. To align the event,
the camera pose ET" , and the reference depth z(7,) are
required. Since we slide the patch images in stereo matching,
there are several disparity and depth candidates. We set the
reference depth candidates by converting the disparity range
as z= f-b/d where f is the focal length and b is the length of
the baseline, and compute the bunch of aligned events for each
depth candidates by assuming that the entire events of E\;zfl
have the same reference depth. By projecting the aligned
events X(7,) into the image plane, we obtain the aligned event
image FI2%(d) with disparity d as a parameter as shown in
Fig. 3. Then, we perform the stereo matching with the aligned
event image FI2%(d) and the edge image FI5X = ’VF I,,‘ as
follows.

&(f,d)=C (P(ﬂ Fiixy p (f+ [d,0]T, Elﬁ"(d))) . (12)

d = argmax G (& (f,d)- & (£,d)).
d

13)

e
P

.-
" ! %
g
Aol o 4
28 SR 2

(c)d=15

s

(d) d=30

(a) Reference  (b) d=0

Fig. 3: Illustrations of (a) frame image F I, and (b - d) aligned event
images FI4%(d) with varying disparity d. For aligned event images,
polarity is considered only in the figures for visibility.

(c) 100% (d) 50% (e) 10%

(a) Frame

(b) Edge

Fig. 4: Illustrations of sampling effect on the aligned event image.
(a) frame image, (b) edge of frame image, (c) aligned event image
without sampling, (d) aligned event image with half of the events
and (e) aligned event image with 10% events. Even with a small
number of events, the proposed method can describe edges for stereo
matching.

The aligned event images improve stereo matching accuracy
by representing clear edges, but similar edges can be mis-
matched because such matching does not take into account
polarity. We alleviate this ambiguity problem by multiplying
the initial matching cost that considers polarity as in Eq. (13).

As in the initial phase, the interpolated disparity d* is
computed as in Eq. (3) for sub-pixel accuracy. Due to the
aligning events using camera motion, the proposed method
can reliably represent edge features even when we use the
smaller number of events as in Fig. 4.

D. Maximum Shift Distance (MSD) by Translational Motion

If there is no translational motion (t, = 0), the aligned event
images are identical, regardless of the varying disparity. In this
case, it is inefficient to compute the aligned event image for
each disparity, because we only need one aligned event image.
We mitigate this inefficiency by grouping disparities that
produce similar aligned events. The disparities are grouped
based on the maximum shift distance of events which is related
to the magnitude of translation.

In this section, we assume that all points are already rotated
in order to focus on the effect of translational motion on
the maximum shift distance. When points are shifted by the
translational motion, the most shifted point exists at the corner
of the image due to the characteristics of the pinhole camera
model.

In the presence of the translational motion t, the 3D point
X which corresponds to the image corner will be warped to
X’ with depth z as depicted in Fig. 5. The trajectory of the 3D
point X is projected onto the image plane is called the event
shift trajectory, denoted as s. It is the orange colored vector
in Fig. 5.(a).

f

t=——t,
7zt

(14)

where t is the scaling transformation of translation t for
the image plane. t,,,t; are the decomposed vectors of t,
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2 A Principal axis

(b) Computing maximum shift distance s

Fig. 5: Illustrations of maximum shift distance. The corner point X
is moved to X’ by translation. The maximum shift distance is the
orange colored arrow s, and translation is the red colored arrow t.

perpendicular to the image plane and parallel to the principal
axis, respectively.

As shown in Fig. 5.(b), the shift s is computed as the sum of
a and b, where a is the vector from the corner to the principal
point. b is parallel to t,, —s, and has a similarity ratio of f
and |t;| in the plane perpendicular to t,,. Then, b is composed
of the two vectors t,, and s by substituting t with t as in the
second part of Eq. (15).

f oz f (z )
b=t (f,—s)= L t,— [ =—1)s (15)
oY = gt g
s:a—&—b:a—i—ftxy—&-(l—Z)s, (16)
It.| It.|

By substituting b in Eq. (16) with the second part of Eq. (15)
and rearranging Eq. (16) for s, the shift s can be obtained as
Eq. (17).

s — |tz|a+ftxy
Z

a7)

By the trigonometric inequality, [s| < (|a||t;|+ f|ty]) /z is
satisfied, where |a| is the half of the diagonal image size. We
set the maximum shift distance as (|a||t;|+ f|ty|) /z. If the
depth z is expressed again as disparity d, the maximum shift
distance satisfies smax (d,t) = (|a||t;| + f|tsy|) /(f-b) -d which
indicates that it is proportional to the disparity d.

We can quantize the aligned event image without loss by
grouping disparities whose s, values do not differ by more
than 1 px. In addition, we can significantly reduce the number
of aligned event bunches by adjusting the interval of pixels
where the s,,,, value differs (MSD interval).

IV. EXPERIMENTAL RESULTS

We evaluated the proposed method on the DSEC dataset
[30]. DSEC is the disparity and optical-flow evaluation dataset
that records the city driving scenario. It employs high resolu-
tion stereo event (640 x 480) and frame (1440 x 1080) cameras
(4 cameras in total), and provides the ground truth disparity
converted from LIDAR.

We compared the proposed method with the initial stereo
matching method described in Section III-A, E2VID [25]
based method and the implemented version of SHEF [22]. The
reconstruction performance of [25] affected by the number of
events. We evaluate [25] into the two event grouping manners.
E2VID-7 reconstructs frame images from the events in a fixed
temporal window (7, — T,—1 = 50 ms), E|§:§71, which we used.
E2VID-N uses the fixed number of events (N = 10°). Then,
we perform stereo matching on the reconstructed frame with
NCC cost as in Eq. (2) (E2VID-N/7). Also, we applied the
standard semi-global matching method (SGM) which utilizes
residual costs (E2VID-SGM-N/ 7).

We set disparity range to 100 px, MSD interval to 10 px,
std of Gaussian filter G(-) to 2 px and the kernel radius of all
methods to 12 px.

A. Performance of Stereo Matching

We verified the matching accuracy with the disparity error
in Table I. We used the following metrics:

\V % Z«p (dgt - dp)2

« mean absolute error (MAE): %Zp |dgt — dp|

« percentage of absolute error for the all edge pixels (recall)
with threshold 8*: percentage of dj, s.t. |dg—dp| = 8 < 8*

For depth evaluation, we used RMSE and the following
metrics:

« absolute relative distance (ARD): %):p @

o percentage of relative error (recall) with threshold &*:

percentage of zp s.t. max(zz—i‘, 2)=5§<8
All error metrics except percentages (i.e. disparity RMSE,
MAE, depth RMSE and ARD) are only evaluated for pixels
with disparity error within 3 px. This is to evaluate the error
for inlier matchings.

The proposed method outperformed other stereo event frame
methods (HSM-Init, E2VID-7 [25] and SHEF [22]) for inliers
and disparity RMSE and MAE. The standard stereo match-
ing method (E2VID-SGM-N/7) failed due to the different
dynamic range of the reconstructed frame image. NCC cost
based E2VID-N [25] methods showed comparable disparity
RMSE to the proposed method. The reconstructed images
from E2VID methods describe detailed features. Thus, RMSE
of E2VID methods is small for the inlier disparity matches.
However, the percentage of absolute error of E2VID-N is 10%
to 15% less than the proposed method due to the reconstruction
failed regions.

For other data sequences, we evaluated the disparity RMSE
and percentage of absolute error within 3 px as in Table II. In
E2VID methods, especially E2VID-7, there exist improperly
reconstructed local regions for some data sequences, as already
reported in [31]. These local region artifacts appear as black
region or squiggle pattern when the events are detected either
too few over a long period of time or too many over a
short period of time. For this reason, in Fig. 6, E2VID-
N method estimates the disparity of the foreground better
than the background. E2VID-7 often fails on reconstruction,
because there are too many events in a single input tensor to
E2VID network. The performance of E2VID methods drops

« root mean squared error (RMSE):
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. . percentage of absolute error (0%) percentage of relative error (6%)
Disparity RMSE | MAE Tpx [ 7 px [ 3 px Depth RMSE | ARD 105 [ 1057 [ T05°
HSM Prop. 1.036 | 0.796 | 0.560 | 0.743 0.800 HSM Prop. 3.092 | 0.060 | 0.444 | 0.664 0.743
Init. 1.131 0.895 | 0.501 | 0.723 0.791 Init. 3.118 0.066 | 0.350 | 0.634 0.739
E2VID-N 1.048 0.807 | 0.451 | 0.595 0.644 E2VID-N 2950 | 0.058 | 0.363 | 0.534 0.599
E2VID-1 1.768 1.558 | 0.079 | 0.175 0.268 E2VID-1 7490 | 0.148 | 0.048 | 0.100 0.154
E2VID-SGM-N - - 0.009 | 0.116 0.120 E2VID-SGM-N - - 0.079 | 0.108 0.116
E2VID-SGM-1 - - 0.002 | 0.005 0.009 E2VID-SGM-1 - - 0.001 | 0.003 0.006
SHEF 1.630 1.386 | 0.088 | 0.163 0.227 SHEF 6.156 | 0.112 | 0.063 | 0.127 0.170

TABLE I: Disparity and depth estimation results for interlaken_c. We evaluate the disparity estimation results on edges with root mean
squared error, mean absolute error and percentage of absolute error (recall) and evaluate the depth with root mean squared error, absolute
relative distance and percentage of relative error (recall). *-* indicates that the algorithm failed with less than 15 % inliers. E2VID-N /T apply
the NCC cost on stereo matching, and E2VID-SGM-N/7 utilize the standard semi-global matching method.

Dataset interlaken_c interlaken_d interlaken_e interlaken_f interlaken_g
Disparity RMSE | recall/prec. | RMSE [ recall/prec. | RMSE | recall/prec. | RMSE [ recall/prec. | RMSE [ recall/prec.
HSM Prop 1.036 | 0.800/0.806 1.106 | 0.834/0.838 1.179 | 0.737/0.742 1.152 | 0.783/0.788 1.057 | 0.846/0.850
Init 1.131 0.791/0.797 1.232 | 0.838/0.842 1.205 0.748/0.753 1.173 | 0.791/0.795 1.112 | 0.837/0.839
E2VID-N 1.048 | 0.644/0.655 1.093 0.546/0.561 1.348 0.569/0.582 1.384 | 0.629/0.637 1.267 | 0.738/0.744
E2VID-1 1.768 | 0.268/0.279 1.720 | 0.167/0.183 1.765 0.271/0.286 1.770 | 0.372/0.387 1.720 | 0.371/0.378
SHEF 1.630 | 0.227/0.230 1.658 | 0.190/0.196 1.564 | 0.255/0.278 1.529 | 0.244/0.282 1.624 | 0.276/0.299

TABLE II: Disparity estimation results for inferlaken sequences. We evaluate the disparity with root mean squared error (px) and the
percentage of absolute error within 3 px for ground truth edges (recall manner) and disparity estimated edges (precision manner).

in the other data sequences due to the reconstruction artifacts.
Meanwhile, the proposed method is free from this artifact issue
and always shows reliable disparity estimation.

B. Qualitative Evaluation of Stereo Matching

The results of semi-dense reconstruction is depicted in
Fig. 6. The proposed method estimates the disparity on edges.
For evaluation, we display the disparity which has less than
10 px error on edges. The proposed method can estimate
disparity as densely as the ground truth and perform better
than E2VID [25] and SHEF [22]. SHEF [22] cannot properly
estimate disparity on unclear edge regions where it is difficult
to generalize a high-pass filter to build binary edge maps. We
display the detailed patch matching results of the proposed
method HSM-Prop and HSM-Init in Fig. 7. The last columns
of Fig. 7.(a) and Fig. 7.(b) show examples where HSM-Init
failed with the disparity error of more than 10 px.

C. Computation time

We ran the proposed method on NVIDIA GeForce RTX
3080 Ti GPU and Intel Core i9-12900KF @ 3.20GHz CPU.
We compute disparity at 640 x 480 resolution and events are
not scaled or sampled at all. The analysis at ‘interlaken_c’ is
shown in Fig. 8 and Table III. We estimate computation time
by averaging the computation time of the modules processing
10 times. The proposed stereo matching method achieves real-
time performance by taking 21.13 ms per frame, which is
less than 50 ms per frame. Such performance has become
possible by utilizing the concept of the maximum shift distance
(MSD) which lessen the computational load. The maximum
shift distance depends on the size of the translation and the
pixel interval. We can compute fewer aligned event images by
adjusting the MSD interval. Since most pixels are not located
on the corner of the image, most events are shifted much
less than syax (d,t). Thus, even if we aligned the events with

HSM-Prop E2VID-N/t

Compute MSD 2.66

Compute AEI 3.13 Reconstruction 93.26 / 16.36
Stereo NCC AEI | 5.00

Stereo NCC Init 4.79 Stereo NCC 6.04
Stereo postproc 3.12 Stereo postproc 242

Etc. 2.41 Etc. 2.08
Total 21.13 | Total 103.82 /26.90

TABLE III: Computation time per frame (ms). MSD is maximum
shift distance, AEI is aligned event images. ‘Stereo NCC AEI, Init’
correspond to construct cost volume &x(f,d), &z (f,d), respectively,
and ‘Stereo postproc’ is the computation process of Eq. (13). Except
computing MSD, all the processes are computed on GPU. E2VID-N
takes 93.26 ms for reconstruction, while E2VID-7 takes 16.36 ms.

. Avg. events

MSD interval 1 px 2 px 3px | Spx | 10 px per frame

Compute AEI | 1596 | 1041 | 7.06 | 5.24 3.13 0.8 million
RMSE T08 | 1.07 | 107 | 1.06 | 104 | ™

TABLE IV: Computation time (ms) to construct aligned event images
(AED) and disparity RMSE (px) with varying maximum shift distance
interval.

more sparse disparity values, it does not significantly affect
the stereo matching performance as in Table IV. Rather, the
performance becomes better than default, since MSD supports
Gaussian smoothing to work better. When a camera moves
fast, smax(d,t) can be greater than the maximum disparity. In
this case, it is necessary to compute the aligned event image for
all disparity. We implemented SHEF [22] without computation
time optimization. SHEF reconstructs edge images using the
high-pass filter of [24] and non-maximal suppression, which
is a similar concept to the Canny edge detection with the time
complexity &'(nlogn) where n is the number of image pixels.
SHEF requires relatively light computation on reconstruction
than the E2VID methods and HSM-Prop. Thus, SHEF can
sufficiently operate in real-time.

V. CONCLUSION

We performed hetero-stereo matching using frame cam-
eras and event cameras, which have different characteristics.
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interlaken_c

interlaken_d

interlaken_g interlaken_f interlaken_e

(b) event image  (c) ground truth (d) proposed (e) E2VID-N (f) SHEF

Fig. 6: Snapshots of the semi-dense disparity results.

REF - TG REF - F
HSM —Init  REF - TG REF —F

HSM — Prop REF—SG HSM —Init

HSM — Prop REF—SG

(a) (b)

Fig. 7: Snapshots of the hetero-stereo matching results. The reference frame images in the first row (REF-F) are magnified images of the
yellow squared patch, and the red squared patches indicate the mismatched patches in HSM-Init method (the last column). The second row
(REF-TG) indicates the corresponding reference temporal gradient of the frame images * Iﬁ’, and the third row represents the matched event
images EI,A,T. The fourth row (REF-SG) and the last row are showing the edge images © Iﬁx (the norm of spatial gradient image) obtained
from the frame images and the aligned event images FI2X of the proposed method, respectively.
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Fig. 8: Graph of computation time per frame (ms). Computation time
to construct aligned event images is proportional to the number of
events.

We presented a method using a temporal gradient image to
perform initialization within a few frames to estimate the
camera pose, and proposed an accurate, efficient and intuitive
method for aligning events utilizing camera motion. We pro-
posed the warping method considering the different depth of
asynchronous events, and the maximum shift distance method
to use fewer aligned event images for real-time performance.
The proposed method describes edges using a much smaller
number of events through the aligning events with camera
motion. We verified the method with several experiments,
which confirm that the proposed method outperforms the other
method for the inlier percentage and matching accuracy. We
expect that our approach will improve the capability of using
frame and event camera and the provided code will contribute
to the event camera community.
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