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Abstract. As an important 3D sensing method, photometric stereo es-
timates surface normals from multiple photos taken under varying light-
ing. The surface normal quality highly relies on large number of input
images, which requires long capturing time, high data burden and lim-
its high-speed applications for photometric stereo. Recently, event-based
photometric stereo has emerged as an efficient and rapid approach, but
the low resolution of event sensors and the noise of event signals limit its
high-quality application. In this paper, we propose DualResPS, a novel
photometric stereo pipeline utilizing a frame-event hybrid camera. We de-
sign a lighting and capturing strategy tailored to a hybrid-camera setup
to utilize observations of different spatial and temporal resolutions. The
algorithm explicitly models non-ideal factors including shadow effects
and specular reflection to achieve high-resolution, high-quality normal
reconstruction. Our proposed DualResPS is validated on both semi-real
datasets from the DiLiGenT, DiLiGenT-Pi, and real captured data. The
results demonstrate that DualResPS surpasses its frame-based counter-
part with 18.1% data bandwidth.
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1 Introduction

Photometric stereo |38] is an important method in computer vision for 3D geom-
etry sensing. With photos captured under different lighting directions, surface
normals of the objects are reconstructed with fine-grain details aligned to photo
resolution. However, the accuracy of reconstructed surface normals highly relies
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Fig.1: Comparison between FramePS, EventPS, and the proposed DualResPS. (a)
FramePS§S estimates the surface normal by analyzing images of an object illuminated
from multiple directions, which is not only time-consuming but also demands substan-
tial bandwidth for processing. (b) In contrast, EventPS estimates the surface normal
by analyzing the events triggered by a continuously rotating light source. It is a rapid
and highly bandwidth-friendly approach, but the spatial resolution is limited by event
sensors. (¢) Our DualResPS utilizes a beam splitter to form a frame-event hybrid cam-
era, which simultaneously takes frames and events from a shared view as input. The
rapid speed and low data bandwidth are maintained since we capture sparse and long-
exposure frames under continuous light, and the strategy tailored for complementary
frames and events enable high-resolution normal estimation.

on the number of input images. Increasing the number of input images also in-
creases the capture time consumption, data burden, and reduces time-sensitive
application of photometric stereo. And this limitation is the fundamental prop-
erty of frame-based cameras.

With the advancement of event cameras, researchers utilize their high dy-
namic range, high temporal resolution, and efficient event representation in many
computer vision tasks . In photometric stereo, EventPS has shown
the capability of reconstructing high-quality surface normals in less time and
with less data consumption. Unfortunately, the complexity of event trigger cir-
cuitry limits the potential reconstruction resolution. By the time of writing,
photometric stereo methods using frame-based cameras are proven to work for
4K or higher resolution. However, due to the complexity of the per-pixel event-
triggering circuit, the maximum resolution of commercially available event cam-
eras is only 720p. This limitation of sensor resolution undermines the detail
reconstruction ability of photometric stereo using event cameras.
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Recently, researchers have built hybrid cameras to combine the advantages
of both frame-based cameras and event-based cameras. Many event-frame fusion
methods are proposed to improve the dynamic range [5,/41], motion robustness
[2,/46], frame rate |34], low-light performance [19,/20], etc. The success of hybrid
camera systems in these inspires us to explore the possibility of combining the
high spatial resolution of frame-based cameras and the high temporal resolution
of event cameras. Unfortunately, it is not a trivial task to combine information
from hybrid cameras due to the following challenges: i) Frame degradation
challenge: Under conventional directional light, frame-based pixel intensity is
eliminated under shadow or specular high light; ii) Event resolution challenge:
The spatial resolution of the event camera is lower than surface normal, attached
shadow, and specular highlight frequencies; and iii) Temporal misalignment
challenge: Different from the unified global exposure characteristic of frame-
based cameras, event cameras produce asynchronous event streams unaligned
with frame capture time.

In this paper, we propose DualResPS, a novel photometric stereo pipeline
combining two cameras efficiently and predicting high-resolution, high-quality
surface normal maps. To solve frame degradation, we propose a capture strategy
that simultaneously acquires the events with three long-exposure frames under
continuously rotating light. Then, non-ideal shadow and specular highlights in
frame images are compensated by events to achieve contamination-free images.
To produce high-resolution normal maps aligned to frame images, we explicitly
assign low-frequency parameters (cast shadow, material) to the event camera or
add smoothness constraints. In this way, the DoF (degree of freedom) of high-
frequency parts (albedo, normal) matches the high-resolution frame input. To
efficiently utilize asynchronously generated events, we propose a neural inverse
rendering pipeline equipped with an importance sampling strategy. More compu-
tational power is assigned to instantaneous high-intensity areas (for frames) and
high-fluctuation areas (for events). Our proposed pipeline is validated on both
semi-real datasets derived from DiLiGenT [29] and DiLiGenT-Pi |35], and real
data captured from a hybrid camera prototype. The results indicate that Dual-
ResPS surpasses its frame-based counterpart with less than 20% data bandwidth
and capturing time.

To summarize, our contributions are as follows:

— We propose DualResPS, which formulates that the surface normals can be
efficiently estimated from sparse yet long-exposure frames combined with
event stream. It overcomes the limited spatial resolution of event camera
without sacrificing much data consumption.

— We propose DualResPS in a self-supervised neural inverse rendering manner,
integrating frames with events by efficient sampling to handle shadow effect
and specular reflection.

— We build up a validation platform with a frame-event hybrid camera pair,
showcasing that the proposed DualResPS estimates high-resolution surface
normals with low data burden.
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2 Related Work

Photometric stereo estimates surface normal from images captured from a single
view under different lighting [38], with both optimization-based and learning-
based methods proposed to enhance the performance. Since comprehensive sur-
vey can be found in [1030], this section focuses on photometric stereo by neural
inverse rendering and supervised methods, as well as recent advances in event-
based photometry and hybrid imaging systems.

Supervised photometric stereo. Supervised photometric stereo relies on deep
neural networks. At the early stage, CNN-based architecture is predominant,
with learning techniques including observation maps |[7], pooling [1], graph-
convolution [42], and attention-based weight [11]. Drop-out mechanism [28] and
occlusion layer [17] are proposed to handle shadow, while connection table [17]
and observation map interpolation [45] are proposed to overcome sparse lighting.
Transformer-based architecture [6,/8,(9,122] becomes the main stream in recent
years with the rising of universal photometric stereo [8]. In order to better extract
features and decode information, global-attention [14] inspired by VGGT [36] are
leveraged, generating high-fidelity results even with sparse input. Moreover, ar-
chitectures including scale-invariant encoder [9], multi-scale strategies [6], and
wavelet branch [14] are explored for details preservation.

Photometric stereo by neural inverse rendering. Neural inverse render-
ing is introduced to optimization-based photometric stereo to handle non-ideal
factors in image formulation. Taniai et al. |32] leverages self-supervised con-
volutional neural networks (CNN) taking images as input, for its capacity to
encode the feature of complicated reflectance in photometric stereo. The work
is expanded by Kaya et al. [12| to deal with inter-reflection implicitly in the
context of uncalibrated photometric stereo (UPS). Inspired by Neural Radiance
Fields (NeRF) |23] featuring multilayer-perceptron (MLP) and differentiable vol-
ume rendering, some work utilizes the coordinately-based and view-dependent
3D representation to solve photometric stereo |40] or even multi-view photo-
metric stereo [39]. By contrast, Li et al. |15] proposes view-independent neural
surface representation and view-dependent neural specular bases to better fit
the characteristic of photometric stereo. Meanwhile, cast shadow is handled by
ray marching on depth MLP. Successive work [16}/18] in UPS proposes Spheri-
cal Gaussian (SG) specular bases and differentiable shadow handling, achieving
comparable results. Our work is also implemented with neural inverse rendering,
and it takes events as input in addition to frames.

Event-based photometry and hybrid imaging. The development of neuro-
morphic sensors fuels the enthusiasm of relavant research including event-based
photometry. EventPS [44] pioneers to solve photometric stereo using an event
camera, where a fast-rotating light source is set in the far field. It achieves real-
time surface normal recovery by the elegant optimization algorithm, as well as
learning-based versions for better quality. PS-EIP |13| reconstructs event inter-
val profile with coarse masks for shadow and specularity, and focuses on the
ideal part for normal estimation. With the designed scanning pattern of ring
light, EventPSR [43] can further estimate surface normal along with metallic
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and roughness efficiently. In EventUPS [21], the expansion to UPS and ambient
light is realized. All these works demonstrate the superiority of event cameras
over frame cameras in speed, data bandwidth, and dynamic range, which is cru-
cial in the application to dynamic objects. Meanwhile, hybrid imaging systems
emerge as an approach to exploit the complementary of frames and events in spa-
tial and temporal resolution, noise control, dynamic range and so on. There are
multiple works on tasks such as super-resolution [41/24,137], deblurring [2531}33],
motion magnification |2|, denoising 37|, and high dynamic range (HDR) [5/41].
Regarding photometric stereo, EFPS-Net [27] proposes event fusion observation
maps to overcome the issue of dynamic range. Our work pays special attention
to the high temporal resolution of events, and compresses the data rate with
severely sparse input of frames.

3 Proposed Method

3.1 Problem formulation

Image formulation. The image formation starts from the steady radiometric
rendering equation, where the outgoing radiance L, at world coordinate x in
direction w, is as follows without emissive objects:

Lo(@, wy) = /er(ac,wi,wo)Li(ac,wi)[wi (@] dws. (1)

In this equation, f,(x,w;,w,) denotes the bidirectional reflectance distribu-
tion function (BRDF); L; is the incident radiance; w; is the incident direction
over the upper hemisphere (2; n(x) is the unit surface normal; [-]; = max(0,-)
clamps negative contributions. The irradiance received by a camera sensor is
proportional to the outgoing radiance of a ray from a specific direction. If the
radiance field is dynamic, then the irradiance from « is also a function of time:

I(x,t) x Lo(x,wo(x), t). (2)

In our work, we mainly focus on the incident radiance carried by the direct
illumination of punctual light sources. As the light source sweeps, the incident
direction of direct illumination I evolves over time t. By combining Eq. with
Eq. and extracting the indirect (inter-reflection) term Ijnq(a,t), the irradi-
ance I(x,t) becomes:

I(w,t) = efo(z, 1(t)V (2, 1(1)) 1) - n(2)] 1 + Lina (@, 1), (3)

where:
fe(@, (1)) = pa(@) + ps(@,L(t)). (4)
We express BRDF f; as diffuse albedo pq plus specular reflectance pg, and
substitute L;(x,t) with the light intensity e and the visibility of direct illumi-
nation V(x,l(t)). If the punctual lights can be seen as far-field and spatially-
uniform, i.e., directional lights, e is a constant and I = I(¢). When a sensor is
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exposed to light between ¢y and t;, the instantaneous irradiance contributions
is integrated. We use A(x,tg,t1) to represent the temporally accumulated pixel
intensity at @, which is radiant exposure in precise term:

t1

A(m,to,tl) = / I(CC,’T)dT. (5)
to

Event camera model. An event (x,t,p) is triggered when the change in log-

arithmic irradiance at @ reaches a contrast threshold C, where x is the pixel

location, t is the timestamp, and p € {+1,—1} is the polarity which represents

the increase or decrease of irradiance.

An event camera outputs an asynchronous stream £. We further define the
event stream at the pixel = as &, = {(m,t(mk)7p(wk))}, where the bracketed su-
perscript (k) indicates the chronological order. Given two temporally adjacent
events at x, the relationship holds:

log(I(z, t$) + ¢) = log(I (=, 13" +n) +¢) + pC, (6)

I(z, t9)) + €
"ItV ) e
where € > 0 is a small offset to avoid numerical issues, and 7 approximates the
refractory time. For simplicity, we hereafter use @ to denote the world coordinate
that corresponds to the pixel location, and it is evident that events provide a
constraint on the instantaneous irradiance I(x,t).

Dual-resolution photometric stereo. To efficiently recover shape and re-
flectance, especially surface normal n(x) and diffuse albedo pq(x) with known
intensities e and directions I(t) of directional lights, we design a dual-resolution
configuration to obtain information about irradiance I(x,t). This is an efficient
variant of photometric stereo that enables low data rate and high capture speed.

ie.

= exp(pyC), (7)

3.2 Dual-resolution methodology

Dual-resolution configuration. In our configuration, the illumination varies
with time period T per round. We decouple the measurements of irradiance
I(x,t) into two streams: high-spatial-resolution frames {Aﬁj)(m)} with a global
long-exposure, and low-spatial-resolution event samples £ that capture rapid
radiometric changes of I (:c,tgck)) asynchronously. The captures of two streams
share a single-view and start from ¢g:

Agj)(ili) = A(il?, tjfl, tj) , T € ’Pf7 tj = to + g], (8)

£=J& x <P, (9)

where |Pe| < | Pyl In practice, P denotes the world coordinates that project onto
the grid of event sensors, while P refers to the world coordinates that project
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onto the grid of frame sensors. We will refer to their elements as super pixels
and frame pixels respectively. Within 7', three frames are captured to estimate
a normal map, which is a challenging condition for classical photometric stereo.
Despite the low temporal resolution of frames, high-temporal-resolution events
are concurrently recorded. Our strategy leverages the complementarity of sparse
frames and the event stream by navigating the inherent trade-off between spatial
fidelity and temporal density under a fixed data budget. It is a spatiotemporally
dual-resolution downsampling scheme for efficiently sampling irradiance I(x,t).
Equivalent directional light. Our goal is to decode information from frames
{AEJ)(ZI:)} and events £. Within T, we gather three frames (j) = 1,2, 3:

. tj .
AP () = / efo(, L)V (2, 1(1))I(t) - ()] dt + AZ) 4 (x).  (10)
tj—1
Similar to the representation in [3], we initially consider an ideal image for-
mulation model without some terms:

0@ = [ enatat) - n@a (1)

tj—1

"
= epa(x) </ ' l(t)dt) -n(x) = epa(x)*Y) - n(z). (12)
ti—1

This equality holds by linearity of both the time integral and the dot product,

leading to the definition of the lighting vector I*. Intuitively, I* acts as an equiva-
lent directional light that aggregates the swept light within the exposure window.
These observations connect to classical photometric stereo: if each exposure ad-
mits an equivalent directional light, then under a Lambertian reflectance and
shadow-free observations, three linearly independent lighting directions suffice
to recover the per-pixel surface normal and diffuse albedo.
Non-ideal factors. However, deviations from the assumptions mentioned above
break the linear model. There are non-ideal factors including attached shadow,
cast shadow, and specular reflection. Taking these into account, we need to
propose a modification of the theory and discuss each factor in turn.

Factor 1: Cast shadow. The V(«,[(t)) term is an indication of cast shadow,
which is determined by lighting and geometry. Another feature of cast shadow
is that the pixel intensity will change drastically when getting into or out of
it. Owing to the logarithmic sensation, brightness change capture, and high
temporal resolution of the event stream, it is possible to infer the instantaneous
V(x,l(t)) from events £. We therefore define the mask for cast shadow m.(x,t)
as a binary mask under an opaque object assumption. Assuming the mask aligns
with the ground truth, substituting V(x,1(t)) with m¢(x,t) yields:

AP @) = [ epa@V @ L) - nla)de (13)

ti—1

= epa(z) </t mc(%t)l(t)dt) (@) = epa(x)I"V (@) - n(z). (14)

tj—1



8 H. Zhuang et al.

\ € : irradiance profile irradiance
\ & event visualization time
Ve e

high-frequency
events

cast
shadow

non-negative

A5

irradiance
attached
cast shadow attached shadow  specular reflection shadow
ettt 5 non-cosine
E irradiance ® pos. event » equivalent light i profile
é pixel intensity @ neg. event ?&Tli::izt)“ght ; Z!E\)aetceurli::‘1Ir

Fig. 2: Visualization of equivalent lights under dual-resolution configuration in consid-
eration of non-ideal factors. On the right, we plot the irradiance profile and triggered
events for intuitive understanding of the methodology. The horizontal axis denotes time
while the vertical axis denotes irradiance.

In contrast with the ideal condition, the constant vector I* becomes a vector
function I*(z). Surface normal n(x) can still be determined by the equivalent
lights for each pixel, unless m¢(x,t) = 0 for some (j) and the lighting vector
1" = 0 (collapses). We will later analyze these cases by the number of effective
lighting vectors 1* # 0.

Factor 2: Attached shadow. [-]; for I(¢) - n(x) originates from attached
shadow. Its effect can be substituted with a mask for attached shadow:

1, ifl(t) n(x) >0,

. (15)
0, otherwise.

ma(x,t;n) = {

Note that the mask for attached shadow m,(x,t;n) is a parametric function of
the surface normal. Therefore, the only free parameter at each pixel is still the
normal n(x). This dependence motivates the following reformulation (replacing
mem, with m for simplicity):

tj71 t]‘71

AV (2) = / j epa()[l(t) - n(z)]1dt = epa(z) (/ : m(w,tm)l(t)dt) -n(x).
(16)

Similarly, we obtain the vector function I*(x;n) in dependence on surface
normal. In our lighting configuration, there is no more than one lighting vector
of three that collapses due to attached shadow. The determination of the normal
n(x) remains possible along with the equivalent lights, despite subtle changes
in adaptation. Details are shown in the supplementary material, Sec. 1.1.
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Factor 3: Specular reflection. The specular reflectance ps introduces ad-
ditional specular reflection to the image formation model. It gives:

A9 () = / " e(pa(@) + pul@, (W (@ L)L) - n(@)odt (17)

tj—1

= epa(@)l" (x;n) - n(z) + AY) (z;n, B), (18)

Here we define 3(x) to be the parameter of specular reflectance ps other than

normal n. It is impossible to distinguish the portion of specular reflection in
pixel intensity with three frames alone, but we can fully exploit the information
in events £ at the adjacent super pixels to constrain I (:c,t;(f);n, B3). Since the
temporal resolution of events is high, the event stream £, in a period T' contains
sufficient information to estimate the parameter B(x) of ps with the smooth
nature of material. By removing the effect of the specular term, it is possible to
jointly estimate surface normal n(x) at each frame pixel.
Analysis by lighting. The recovery of surface normal n(x) and diffuse albedo
pda(x) at each frame pixel depends on the number of effective lighting vectors. Ide-
ally, the spatial fidelity is aligned with high-spatial-resoltuion frames {Agj ) (z)}.
When frames are not sufficient, the compromise is to interpolate from super pix-
els or adjacent frame pixels with more effective lighting vectors by the smooth
nature of surface normal and diffuse albedo. Specially, when exactly two effective
lighting vectors exist, there is one unconstrained degree of freedom in normal
that is estimated by smooth interpolation. Detailed analysis can be found in the
supplementary material, Sec. 1.2.

3.3 DualResPS by neural inverse rendering

The dual-resolution methodology theoretically minimizes ambiguity under sparse
input. To handle the complex analysis and non-convex optimization, we propose
a unified preprocessing and neural inverse rendering pipeline that produces a
high-fidelity solution.
Neural representation. We model the surface parameters by a coordinate-
based MLP M (x;©):

n(x), pa(x), B(x) = M(z; 0), (19)

where © is the trainable parameters of the MLP, and B(x) is the intrinsic pa-
rameters of specular reflectance. The implementation details are provided in
the supplementary material, Sec. 2.4. This neural representation bridges dual-
resolution input based on the nature of surface smoothness, implicitly reducing
a plausible solution without explicit interpolation. Moreover, the compact rep-
resentation naturally induces priors like material sparsity without hampering
high-frequency details. The output of the MLP is passed forward to the phys-
ically based model of differentiable rendering, together with preprocessed data
including the mask for cast shadow me(x, t).



10 H. Zhuang et al.

Coordinate ) O . g
(frame pixel) L l) Reconstructed
Frame

Frame *Normal Diffuse Specular Roughness
(long-exposure) ;
)
f\‘ I 3 Frame Pixel-wise Asynchronous P
2 17 1 1s
h g I Rendering
3 i 4] Equation
. = Reconstructed
Object 1 2 Event Profile !
S (approximated « Ll
irradiance) .
o Sampled Light =
& ) '» Event Coordinate 4 oy
"g « (super pixel) “'»‘ ¢
N o SN N
! r -
EVeNnt —me——— = Light Reconstructed
Cast Shadow (calibrated, directional) Event

Fig. 3: An overview of our preprocessing and neural inverse rendering pipeline. The
cast shadow and sampled light are calculated in the preprocessing stage, while the coor-
dinately based neural network iteratively outputs intrinsic properties including normal
estimation, and updates parameters through rendering losses. The neural rendering
model is pixel-wise asynchronous.

Shadow handling. By analyzing discrete samples £, we can infer continu-
ous cast shadow m.(x,t) at each super pixel, and assign the masks to nearby
frame pixels for the low-frequency characteristics of cast shadow. Thanks to the
integral process of frame exposure and the high temporal resolution of events, er-
rors of instantaneous cast shadow hardly affect the reconstructed pixel intensity.
Therefore, we detect cast shadow merely from events by detecting:

(k)
(k) _ Pz C
fm - tg:k) _ t;(vkil) ’ (2())

where fék) is a modification of event interval profile \ for higher temporal
resolution. We also observe a phenomenon in which cast shadow sometimes
overlaps with attached shadow, softening one of the two shadow edges. The
detection threshold for that edge is therefore iteratively reduced to locate mixed
cast shadows. The implementation details are provided in the supplementary
material, Sec. 2.1.

Reflectance model. Our dual-resolution configuration requires to sample spec-
ular reflectance ps(z, I, v) for different light directions for every frame in inverse
rendering, so it is important to save computing resource regarding reflectance
model. Meanwhile, the sparse inputs make it necessary to strengthen reflectance
priors. Thus, our modeling for reflectance is physically based BRDF via neural
representation: ps = ps(x,l(t);n, Fy,r), where Fj is the constant fresnel term
with RGB channels, and r is roughness. Material parameters of specular re-
flectance is described as B(x) = [Fo(x),r(x)]. The implementation details are
provided in the supplementary material, Sec. 2.3. The replacement of the conven-
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tional parameter metallic is to avoid the misleading of incorrect white balance.
Fp serves as the specular color in the specular-glossiness workflow and boost the
generalization of reflectance model for inverse rendering.

Asynchronous importance sampling. The integral of long-exposure frames
is calculated by discrete sampling of I(x,t):

A9 () = /t t I )t~ Y, T 1) AL (21)
Iz, t) = efi(a, U(t))me(@, L) - A(2))+, (22)

where I, f, and f are the reconstructed irradiance, reflectance and surface nor-
mal by neural inverse rendering. Meanwhile, it is necessary to sample I(x,t) at
event timestamps that is not in cast shadow to reconstruct events. We propose a
pixel-wise asynchronous importance sampling scheme, where the sample points
are determined and fixed during preprocessing, and sampled iteratively during
neural rendering. We perform importance sampling according to the approxi-
mated pixel-wise irradiance {fék)} (see Sec. 2.2 of the supplementary material).
Specifically, we uniformly sample between adjacent events so that the integral
between adjacent sampled timestamps nears a global constant. The number of
samples between adjacent events becomes:

N = {round (U\/ AL At(wk)> — 1] , (23)

+

where o is the hyperparameter of sampling density. This scheme improves the
efficiency of inverse rendering. The intermediate approximated irradiance also
provides an added benefit: since events in dark regions are sensitive to noise
and unmodeled inter-reflections, they are downweighted by reduced confidence
accordingly.

Training. Finally, our loss functions for the dual-resolution data stream become:

Li= 5 YAV (@) - AP (@), (24)

1 ") T, t8) + € 1 ’
Lo = Ne wa 1og<l~(m,t§ﬂk_1)) +eal) exp(pg@)C)> ’ (%)
L =ML+ AeLe + M Loy (26)

where Ly and L. denote the frame and event loss terms, respectively; A and
I are the reconstructed pixel intensity and irradiance; Nr and N, are the total
(k)

numbers of frame pixels and event samples; oy~ is the scaling factor for refrac-
tory compensation; w(wk) is the confidence weight for each event; and ¢, Ao, Agy
are balancing coefficients. The total loss £ is combined with the warm-up (total

variation) loss term Ly, [15] in addition at the early stage of training.
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Fig. 4: Components of the proposed validation platform. The rendered image (left)
aligns with the viewpoint of the photographed real platform (right). The hybrid camera
system includes a beam splitter, a frame camera and an event camera. The illuminance
device, a ring light module, is oriented towards the target object.

4 Experiments

4.1 Implementation Details

Algorithms implementation. The input of our framework is sparse (exactly
3 in a lighting cycle) RGB frames and low-spatial-resolution mono event stream,
while the target resolution of the output is aligned with input frames. The ob-
servation data is assumed to be captured in a dark room. During the neural
inverse rendering stage, we iterate in total 1200 epochs when optimizing the
network. Our method is implemented in PyTorch and is running on a A6000
GPU. The inference (i.e., training) time for DiLiGenT semi-real dataset
at 256 x 256 target resolution is about 1 min per object. For DiLiGenT-Pi |35
semi-real dataset at 608 x 608 target resolution, it takes about 6 mins per object.
Validation platform. To verify the performance of the algorithms on real-world
objects, we design a high-speed illumination and capturing validation platform
as shown in Fig. @ We use a Prophesee EVK4 HD camera (with an IMX 636
sensor) to capture event, and a global-exposure HIK MV-CA050-12UC camera
to capture frames. The spatial resolution is 2048 x 2448 for frame and 720 x 1280
for event. To meet the assumption of a single shared view, we utilize a beam
splitter to form a frame-event camera pair. The illumination device and hybrid
camera pair are controlled by Arduino and camera SDK, with external trigger
signals sent to two cameras for synchronization. We set the frame rate as 10 fps
to avoid underexposure, which is up to 60 fps given brighter illumination.

4.2 Datasets

Semi-real datasets. We conduct quantitative comparisons on two publicly
available real-world datasets: DiLiGenT and DiLiGenT-Pi . DiLiGenT-
Pi targets near-planar surfaces with rich details across four material categories:
metallic, specular, rough, and translucent. Ground-truth normal maps are ob-
tained via 3D scanning. Following EventPS, we select HDR images from dense
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Table 1: Quantitative comparison (MAE in degrees) on the DiLiGenT semi-real
dataset. Our self-supervised method outperforms the frame-based method LL22a
(best self-supervised method in DiLiGenT ) with 18.1% data rate, and matches
recent supervised FramePS methods. The last column shows the percentage of data
rate compared to one frame. The last row indicates the number of events per round for
each data.

&
& . > T e & 2 2
S K& S g S & i & q
$ 38y s B O T A S P
N} @ & > Jed) Q @) O < Q> R Q < < 7
Cal X 4 frames  Uni-MS-PS | 3.76 7.65 553 523 6.25 14.71 536 499 9.05 6.95 |17.4%
Uni X 4 frames SDM-UniPS | 1.83 791 6.60 5.73 6.53 1329 7.28 572 9.29 7.13 |17.4%
Uni X 3 frames LINO 241 758 679 6.45 797 11.33 6.72 5.69 10.37 7.26 | 13.0%
Cal ' 23 frames LL22a 226 9.88 5.16 529 6.44 1854 540 539 1095 7.70 | 100%
Cal v 3f + Ev DualResPS | 2.08 8.64 4.86 4.47 6.88 18.01 5.38 5.31 10.59 7.36 |18.1%
Cal v Events EventPS ‘ 11.00 19.96 12.10 26.14 18.94 3829 11.54 15.79 26.18 19.99 ‘ 5.0%
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Fig. 5: Comparison of data rate and MAE on DiLiGenT and DiLiGenT-Pi [35]
semi-real dataset. On the left, the data rate for FramePS increases linearly as the
number of images increases. In contrast, DualResPS has a low and constant data rate
paramount to about 4 frame images, similar to EventPS. We also mark the data size of
DualResPS’s frame input for reference. On the right, the MAE for FramePS decreases
with more images, while DualResPS achieves comparable or superior accuracy.

trajectory circles, convert them to event streams using ESIM , and aggre-
gate them into long-exposure frames. Images are 2 x 2 downsampled to match
the RGB sensor resolution, and further downsampled to simulate low-resolution
events. The resulting semi-real datasets contain LDR-clamped frames, fused
long-exposure frames, and event streams.

Prototype data. To validate the performance of the proposed DualResPS
method, we fabricate 3 objects and capture a real dataset with ground truth nor-
mal maps from 3D model. The real dataset covers simple geometry with strong
shadow effect (STAR), shapes with moderate details (LION), and near-planar
surfaces with rich details (KING). Each object is captured using our validation
platform under few ambient light.
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Fig. 6: Results on the DiLiGenT and DiLiGenT-Pi semi-real datasets. Our
method produces reconstructions superior to EventPS and the frame-based LL22a [15].

The optimization based on event loss often struggles to converge and causes artifacts
as described in EventPSR 7 but our method effectively mitigates the effects.

4.3 Quantitative comparison

We conduct a quantitative comparison of the proposed DualResPS with repre-
sentative FramePS and EventPS methods on the DiLiGenT and DiLiGenT-
Pi semi-real datasets. To compute the data rate required by the event in-
put and frame input, we assume that the event streams employ 16-bit Proph-
esee EVT 3.06 format, and frame images are captured as 24-bit RGB images.
For FramePS algorithms, we uniformly select images from 36 light directions of
the trajectory boundary in DiLiGenT dataset, and from 24 light directions of
the trajectory circle in DiLiGenT-Pi dataset. For EventPS algorithms, different
numbers of low-spatial-resolution events are generated for each scene. The Mean
Angular Error (MAE) and data rate comparison are shown in Tab.

As shown in Fig. p] FramePS shows a linear increase in data rate as the
number of input images increases, accompanied by a decrease in normal MAE.
In contrast, EventPS and DualResPS both maintain constant data rate and
MAE. The self-supervised frame-based counterpart LL22a converges to our
accuracy only with significantly more data, while EventPS remains inferior. Su-
pervised FramePS methods match DualResPS on DiLiGenT due to strong pre-
trained priors, but DiLiGenT-Pi results confirm that DualResPS achieves lower
MAE with better data efficiency on diverse shapes and materials. Representa-
tively, four examples in Fig. [6]show that DualResPS produces evenly distributed
errors across objects.

4.4 Evaluation on prototype

We evaluate DualResPS on real captured data, with results shown in Fig. [7]
EventPS results are warped via the estimated affine transformation between
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Fig. 7: Results on the prototype data. Our method produces reconstructions superior
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frame and event views for fair comparison. Due to different event camera param-
eters, the event data bandwidth is relatively low (under 0.5 frames). DualResPS
achieves superior MAE over both EventPS and LL22a [15] (8 frames), demon-
strating the complementarity of frames and events for photometric stereo. No-
tably, cast shadow effects on STAR are substantially reduced in our results, con-
firming the effectiveness of shadow handling. Residual errors in high-frequency
regions are partly attributed to coarse frame-event alignment and fabrication
errors in the 3D-printed ground truth.

5 Conclusion and Discussion

In this paper, we propose DualResPS, a novel photometric stereo model using a
hybrid frame-event camera. Our method utilizes the complementary advantages
of frame and event cameras in spatial-temporal resolutions, which shows great
potential to extend the efficiency and quality for rapid sensing of the surface
normal and other intrinsic properties.

Limitations and future work. Our model does not explicitly handle inter-
reflections, limiting its applicability to scene-level reconstruction. The self-
supervised architecture is sensitive to event camera parameters and requires
careful calibration. As hybrid camera systems mature, it is worth exploring an
end-to-end model that leverages learned data priors.
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1 Detailed Analysis on Lighting

1.1 Adaptation to attached shadow

We have mentioned that the equivalent light becomes a vector function I*(x;n)
in dependence on surface normal n(x) in consideration of attached shadow, and
the normal estimation needs subtle adaptation. Intuitively, the normal determi-
nation remains possible since the degree of freedom (DoF) does not increase.
Fig. [1| shows that the optimal solution does exist by numerical simulation and
visualization. The spheres are normalized in the camera space to represent the
direction of lighting and normal vector. (a)-(e) are under directional lights, while
(£)-(j) are under continuous lights. (f) shows a discrete sample of the continuous
lights: Every sample is a directional light, and their integral becomes a directional
light like (a) if the attached shadow for each sample is ignored. The deepened col-
ors of yellow dots indicate three exposure windows of frame cameras (j) = 1,2, 3,
and the exposure windows of (a)(f) exactly match so that the equivalent lights
without attached shadow are the same. In practice, the lighting configurations
of (a) and (f) are proposed by conventional frame-based photometric stereo and
DualResPS respectively.

The following subfigures in two rows show the conditions of normal vectors
on a sphere under these two categories of lights. (b)(g) show the shading term
i = "M . (normalized) and attached shadow region i) = 0. (¢)(h) show the
overlay of attached shadow region from three equivalent lights. (d)(i) show the
shading ratio % and its contours {0.5,0.6,0.7,0.8,0.9}. (e)(j) show that
contours from two pairs of equivalent lights suffice to determine the surface nor-
mal. It can be seen that the adaptation is mainly in the regions close to attached

IThis work was conducted while Haotian Zhuang was doing internship as a visiting
student at Peking university; 2Bohan Yu, Zhuofeng Wang, and Boxin Shi are with
State Key Laboratory of Multimedia Information Processing and National Engi-
neering Research Center of Visual Technology, School of Computer Science, Peking
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Table 1: Analysis by the number of effective lighting vectors at each frame pixel.

unconstr. mn & pq

#1 DoF of . constraint Interpolation of n Interpolation of pq
3 0 No need
2 1 Exist .
1 Leizera super p Bl / From frame pixels
2 . frame pixels
0 Inexist

shadow. Moreover, the attached shadow region is smaller under continous light,
which means that continuous lights provide more information to estimate sur-
face normal. As for the regions where less than three effective lighting vectors
exist, information from super pixels contributes. (k)(1) focus on a frame pixel A
constrained on a contour with only two equivalent lights, and depict the normal
estimation by smooth interpolation from adjacent super pixels. The coarse nor-
mal estimation at super pixels from events actually provide a constraint on its
adjacent frame pixels.

1.2 Analysis by cases

In this section, we continue to analyze the recovery of surface normal n(x) and
diffuse albedo pq(x) at each frame pixel by the number of effective (omitted
below) lighting vectors as shown in Tab. |1} Note that events fail to constrain
diffuse albedo p4(x) due to the albedo invariance mentioned in EventPS [7], so
the direct interpolation of pq() is only from adjacent frame pixels. Meanwhile,
there is a constraint between surface normal n(x) and diffuse albedo pq(x) at
each frame pixel from frames as long as a lighting vector exists.

Case 1: Three lighting vectors. With three equivalent lights, surface
normal n(x) and diffuse albedo pq(x) at each frame pixel can be determined
from three frames {AEJ)(:B)} within a period T

Case 2: Two lighting vectors. With two equivalent lights, surface normal
n(x) at each frame pixel can be constrained to a trajectory from two of frames
{AEJ) (z)} within a period T'. As shown in Fig.|1| (k)(1), the remaining free degree
of normal n(x) and diffuse albedo pq(x) at each frame pixel can be interpolated
from events .

Case 3: One lighting vector. With only one equivalent light and corre-
sponding frame A%j )(a:), there is no clue for high-fidelity surface normal n(x).
Estimation of n(x) and diffuse albedo pq(x) at each frame pixel is from events
£ at the adjacent super pixels.

Case 4: No lighting vector. Without lighting vectors, there is barely ef-
fective information in frames {A? )(:13)} Therefore, estimation of surface normal
n(x) at each frame pixel depends on events £. Separately, diffuse albedo pq(x)
can only be estimated by interpolating estimated pq(x’) where lighting vector
exists.



(c)

\

(f) (9 (h) 0] 0]
® I 1 shading I single shadow I 1 shading ratio super pixel
lights of 3exposure gy attached gy double shadow § 4 ratio contour frame pixel ~ normal est.

shadow

Fig. 1: Visualization of normal estimation and DoF constraint regarding equivalent
lights. The spheres are normalized in the camera space to represent the direction of
lighting and normal vector. (a)-(e) are under directional lights, while (f)-(j) are under
continuous lights. () shows a discrete sample of the continuous lights: Every sample is
a directional light, and their integral becomes a directional light like (a) if the attached
shadow for each sample is ignored. The following subfigures in two rows show the
conditions of normal vectors on a sphere under these two categories of lights. (k) (1) focus
on a frame pixel A with only two equivalent lights, and depict the normal estimation
by smooth interpolation.

2 More Algorithms Details

2.1 Shadow handling

We provide Algorithm [1| to clarify the shadow detection logic. Let {(t;’“), :ﬁ’“))}

be the modified event interval profile samples at super-pixel . A spike f:gk)>9
indicates a shadow exit, while a spike fék)<—0 indicates a shadow entry. The
procedure searches matched entry—exit boundaries over one rotation period T'.
We denote the directed cyclic gap between two timestamps by A,(t1,t2) =
p(t1 — t2) mod T'. Accordingly, OPP,(i*,0,0min, v, D) = argmax; Ap(tgf*), :(c]))
st 0 < Ap( g*),t;(g)) < D and pféj) < —#' for some decayed threshold 6’ €
[Omin, 0], where 0" is reduced by factor ~ on failure; similarly, CONF,(j*, 6, D) =
arg maxy Ap(tgg*),ték)) s.t. 0 < Ap( S[‘), S,,.’“)) < D and pfa(gk) > 6. When p=+1,
OPP backward searches farthest entry iteratively for some decayed threshold,
while CONF forward searches farthest exit. The detected S, is then converted

to the cast shadow mask m(x,t).

2.2 Irradiance approximation

In the preprocessing stage of our pipeline, the approximated irradiance is calcu-

lated by:
k k
1 (H as:») exp (Zp&“’ ) , 0
k=1 k=1



Algorithm 1 FINDSHADOWBOUNDARIES (per super pixel x)

Require: Event interval profile {(t(mk), a(zk))}k; threshold #, minimum threshold Oyin,
decay 7, max duration D
Ensure: Shadow interval set Sz
1: Initialize unused samples and Sy +
2: for p € {+1,—1} do > +1: exit-first, —1: entry-first
3: for each unused anchor i* with pféi*)>0 do

4 j* «=OpPP,(i*, 0, Omin, v, D); if fail, continue

5: k* «+CoNF, (57,0, D); if fail, continue

6: (ti,tn) < (697 68 if p=+ 1, else (¢85
7 Sz + Sz U{(t1,tn)} and mark the interval as used
8: return S,

where sﬁf) is a piecewise-constant scaling factor with respect to (k). It changes

value only when f;k) is sufficiently large, which indicates an abrupt change in
irradiance and a potential failure of refractory time compensation. Within one
period T, s(mk) is restricted to take no more than three distinct values. This de-
sign is consistent with the three exposure intervals of frames, so that the ratios
constructed from the corresponding three temporal integrals can still be con-
strained by the measured frame pixel intensities {Agj )(m)} without introducing

an underdetermined system.

2.3 Reflectance model
Our modeling for reflectance is physically based BRDF via neural representation:

D(h)F(L, h)G(l, v, h)

l,v)= 2
pel®, 1) An Dn-v) @)
where v is the viewing (outgoing) direction, h = ﬁ is the half-vector between

the incident and outgoing directions. D(h) is the normal distribution function
(NDF); F(I, h) is the Fresnel term; G(I, v, h) is the geometry term. We approxi-
mate the fresnel term as an angle-independent trainable parameter Fy with RGB
channels. In our implementation, D(h) and G(I, v, h) follow the definition in |1.
They are parameterized by roughness r(z) in addition to n(x).

2.4 Network architecture

Following a coordinate-based multi-layer perceptron (MLP) design similar to
LL22a [3], we map each pixel coordinate  to the surface normal n(x), diffuse
albedo pq(x), and specular material parameters B(x). The input coordinate
is first transformed by positional encoding, and then processed by an 8-layer
MLP with width 256, RelLU activations, and a skip connection at the 4-th layer.
The normal head is attached directly to the output of this shared backbone. In
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Fig. 2: A diagram of our prototype. The hybrid camera system includes a beam splitter,
a frame camera and an event camera. The illuminance device, a ring light module, is
oriented towards the target object. The validation platform is ideally in a dark room.

contrast, the material head starts from the same backbone feature but further
applies an additional feature projection layer and four fully connected layers of
width 128, before predicting pq(x) and B(x). In our setting, 3(x) consists of
specular color Fy(x) and roughness r(x), where roughness r(x) is activated by
a sigmoid function.

3 Additional Prototype Details

Figure[2]is a diagram of our prototype containing the hybrid camera system and
illumination device. For synchronization, an Arduino board controls the illumi-
nation device and sends trigger signals to both cameras, so the timing accuracy
is limited by the controller precision. Before capturing a target object, we use
a non-planar LED array as the calibration reference of affine transformation
between event and frame cameras. Afterwards, the hybrid camera pair remains
fixed and a ring light module similar to |2| replaces as the illumination device of
the target object. The ring light module can simulate continuous light through
a smooth transition of intensity between LEDs, so the bottleneck of our capture
speed is the frame rate limit and exposure requirement. At the same frame rate,
it saves capture time compared with frame-based methods by decreasing the re-
quired number of frames. We create a video to visualize the light pattern of the
illumination device, and the process of capturing frames and events. The video
is available as a separate file named “DualResPS _supp video.mp4”.

In theory, mapping pixel coordinates across the two views with a single affine
transformation requires special optical-center conditions; in practice, pixel-level
alignment is difficult to achieve exactly. When the non-planar LED array is work-
ing, both cameras capture the LED feature points, from which we estimate the
affine mapping and reprojection error, then iteratively adjust the camera poses
and recompute until the error is sufficiently small. We also support manual an-
notation of corresponding feature points when automatic detection is unreliable.
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Fig. 3: Qualitative comparison of cast shadow estimation on READING from the
DiLiGenT [5] semi-real dataset. DualResPS detects broader shadow regions faithfully,
and the isolated wrong pixels are partially corrected by the smoothness regularization
from the MLP.

We believe more mature hybrid-camera hardware will further improve alignment
robustness and promote practical deployment.

4 Further Analysis and Ablation Studies

4.1 Effectiveness of shadow handling

Previous methods like LL22a [3| estimate cast shadow in inverse rendering by
time-consuming ray casting, where depth map or three dimensional representa-
tion is required. In contrast, DualResPS proposes a light-weight strategy to de-
tect cast shadow from events. As shown in Fig. [3] we visualize the asynchronous
cast shadow mask (including mixed attached shadow) as a synchrounous se-
quence, and the precise timestamps of shadow edges at each pixel are indicated
by the black depth. The results from LL22a [3] in the third row demonstrate
that the cast shadow estimated from geometry clues is unstable. DualResPS
detects broader shadow regions faithfully, and the isolated wrong pixels are par-
tially corrected by the smoothness regularization from the MLP, which leads to
better and stable normal estimation. Ablation study in Tab. [2]is a proof to the
effectiveness of the proposed shadow handling strategy.

4.2 Effectiveness of reflectance model

Figure [4] shows the reconstructed maps including surface normal n(x), diffuse
albedo pq(x), specular color Fy(x), and roughness r(x). Metallic is caculated
from diffuse albedo and specular color, and base color can also be calculated
for workflow compatibility. The reconstructed diffuse albedo and roughness are
locally smooth and contain sharp details. The specular color complementary to
diffuse albedo is influenced by biased white balance and light intensities calibra-
tion, as well as the clamped dynamic range. Besides, for non-metallic surface and
regions where specular reflection is not observed, the estimation of specular color
is intrinsically not well constrained, for different color decompositions merge into
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Fig. 4: Qualitative results of neural inverse rendering on the DiLiGenT \ and
DiLiGenT-Pi ||§| semi-real datasets. The reconstructed maps include surface normal
n(x), diffuse albedo p4(x), specular color Fy(x), and roughness r(x). Metallic is cac-
ulated from diffuse albedo and specular color. The specular color complementary to
diffuse albedo is influenced by biased white balance and light intensities calibration.
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Table 2: Ablation study (MAE in degrees) on the DiLiGenT semi-real dataset.
Bold and underline denote the best and second-best results. w/o mc: without cast
shadow mask; w/ MLP ps: replacing physically based BRDF with MLP specular bases
in ; w/ SG ps: replacing with Spherical Gaussian specualr bases in ; w/ metallic
ps: replacing Fy with metallic parameter.

& & & § o
S S ST

Method QX g o ¢ & < )| ¥
Proposed 2.08 8.64 4.86 447 6.88 18.01 5.38 5.31 10.59 | 7.36
W/O Me 1.59 11.64 6.37 5.12 7.69 18.52 7.22 6.25 14.65 8.79
W/ MLP ps 2.16 9.59 5.48 4.41 6.44 30.74 6.23 593 1291 9.32
w/ SG ps 183 919 502 488 693 19.69 5.08 5.63 11.74 | 7.78
W/ metallic ps | 2.04 9.54 518 9.38 8.09 43.68 6.02 7.46 11.95 | 11.49

similar observations. By comparing to different specular reflectance representa-
tions in Tab. [2] we demonstrate the effectiveness of the proposed reflectance
model.

4.3 Efficiency of frame samples

In traditional photometric stereo, the more light conditions or frame samples give
the better the performance. DualResPS hard-codes the number of input frames
to 3 based on theoretical observations, and we conduct experiments on a modified
generic version that support flexible frames input to confirm its efficiency. As
shown in Tab.[3] accuracy improves and saturates as the number of input frames
K in a rotation period increases. This confirms the efficiency of 3 sparse frame
samples.



Table 3: Evaluations (MAE in degrees) on the DiLiGenT [5] semi-real dataset regard-
ing the number of input frames. The accuracy improves and saturates as the number
of input frames K in a rotation period increases.

K 3 4 5 6 9 18 24
MAE 741 721 7.08 6.82 6.78 6.79 6.67

Table 4: Evaluations (MAE in degrees) on the DiLiGenT |[5| semi-real dataset re-
garding the robustness to motion blur. The accuracy drops steadily when the total
displacement increases from 0 to 8 pixels.

Disp. 0 1 2 3 4 6 8
MAE 736 7.59 843 9.33 10.16 11.87 13.45

Table 5: Quantitative comparison (MAE in degrees) on the DiLiGenT [5]| semi-real
dataset. We show the evaluation results on 24 frames for LL22a [3|, although its best
performance is on 23 frames and is shown in main text. 24 frames are also set as 100%
data rate rather than 23 frames.

© o > N s 8 E
5 & 2 &) &5 S &
§ 957 & & g5 s & §F 5 & &5 FIss
3 7E 0§ s g & o & ¢ F & & & ¢ %
3 frames 415 996 750 832 7.83 19.86 850 621 1268 945 |12.5%
Cal o dframes oo | 376 765 553 523 625 1471 536 499 905 695 |16.7%
a 8 frames 246 578 3.87 439 429 1209 441 413 779 547 |33.3%
24 frames 236 540 350 4.05 414 1119 412 398 724 511 | 100%
3 frames 1.88 899 7.60 611 903 1551 843 580 1165 8.33 |125%
. 4 frames . 1.83 791 660 573 653 1329 7.28 572 929 713 |16.7%
Uni x 8 frames SPMUMPS |70 605 6.03 503 657 1187 651 453 840  6.35 | 33.3%
24 frames 174 689 567 471 674 1090 626 447 771 6.12 | 100%
3 frames 241 758 679 645 7.97 1133 672 569 1037 7.26 |12.5%
Uni o 4 frames LINO 170 661 625 569 572 956 568 497 7.85 6.00 |16.7%
8 frames 173 604 491 479 496 843 465 466 686 523 |33.3%
24 frames 165 594 432 442 480 7.89 431 459 677 497 | 100%
Cal /24 frames  LL22a 1.87 1105 514 575 7.03 1902 5.38 692 10.82 8.11 | 100%
Cal v 3f + Ev DualResPS| 2.08 8.64 4.86 4.47 6.88 18.01 538 5.31 10.59 7.36 |17.3%
Cal v Events  EventPS | 11.00 19.96 1210 26.14 1894 3829 1154 1579 26.18 19.99 | 48%
# Events | 148k 110k 130k 146k 64k 100k 85k 112k 120k 114k |

4.4 Robustness to motion blur

We conduct a experiment regarding the robustness of DualResPS to motion blur
by translating raw 612 x 512 frames in a uniform velocity to simulate moving
objects. The fused long-exposure frames and events change accordingly, and we
apply the same pipeline to reconstruct transient normal map aligned with the
ground truth at the middle timestamp. As shown in Tab. [d] the accuracy drops
steadily when the total displacement increases from 0 to 8 pixels.
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Table 6: Quantitative comparison (MAE in degrees) on the DiLiGenT-Pi @ semi-real
dataset. The optimization for LL22a |3| on 24 frames still occasionally stucks in poor
local minima.

o & s o
e g > S&& x5 I Sx FTs S, 2
S S T LY Sfs &S ) SEy Seo s
§ 95 0§ S $& EE OIF S8 NEE SFs S g
¥ U s i AR S F e ¢
30.52 3122 1592 27.64 1743 2165
3 frames 12.36 2097 1745 1626 14.03 3261 1947 2010 |125%
18.04 13.52 16.31 19.90 17.79 14.78 22.38
23.58 22.29 12.41 19.93 10.02 20.49 19.45
4 frames 10.28 1584 1815 1428 1164 26.80 1189 16.66 | 16.7%
cal  x UniMS-PS | 1441 1261 3280 1477 1272 164 16.15
13.82 17.31 11.29 16.62 6.92 20.57 13.34
8 frames 33 17.99 16.89 12.03 10.72 17.98 9.24 13.89 | 33.3%
12.99 11.73 21.81 10.42 9.24 9.39 11.49
10.46 1486 1117 1351 7.07 1970 1197
24 frames 9.09 1465 1333 1173 10.60 18.85 1448 9.95 1229 | 100%
12.57 11.58 15.79 9.58 9.00 16.03 8.83 12.20
16.09 15.63 22.42 28.09 32,17 32.91 16.34 16.03
3 frames 14.27 3681 2381 1699 10.94 2646 2260 1526 2117 | 125%
17.62 1951 3392 1722 17.80 3308 1947 17.39
15.42 15.53 21.21 23.82 27.62 30.86 17.57 15.21
4 frames 13.30 35.77 22.57 14.94 9.76 26.14 22.42 15.50 20.21 | 16.7%
Uni x SDM-UniPS | 15.98 19.36 1545 1529 3338 17.33
14.97 14.27 2063 2613 2302 1413
8 frames 13.68 32.78 1435 985 1959 19.89 18.64 | 33.3%
15.65 19.54 14.40 13.01 30.70 17.73
14.89 13.52 2023 2130 2079 1286
24 frames 13.71 28.79 10.02 1654 19.00 17.49 | 100%
15.49 19.48 13.14 26.04 17.34
15.28 16.20 11.99 13.21 15.67
3 frames 13.04 23.17 13.32 1686 21.92 18.23 | 12.5%
17.26 17.21 19.07 3380 17.96
15.16 18.29 20.06 14.02 13.38 13.52
4 frames 12.20 29.95 13.55 12.33 28.54 22.29 18.13 | 16.7%
Uni X LINO 17.28 36.41 16.38 15.24 36.56 15.86
13.82 1899 1433 1425 063 13.23
8 frames 12.92 2016 1301 12.80 22.87 1797 16.97 | 33.3%
15.32 36.80 15.24 13.17 34.40 15.01
13.28 20.46 13.24 14.12 8.49 13.17
24 frames 12,93 2674 1323 13.08 2192 1756 16.16 | 100%
15.16 3365 1512 13.61 3278 1421
8.81 16.05 6.48  14.98 7.58 3273
Cal v 2Aframes  LL22a 12.40 5.07 1885  10.69 100 1285 11.73 | 100%
15.78 13.40 6.96 21.44 12.71 5.47 10.38
6.92 8.59 15.98 8.41 14.68 9.36 7.44 10.05
al v 3{+Ev DualResPS| 1154  10.68 739 16.30  10.09 1102 1211 6.95 11.11]161%
16.05 1217 896 2041 1322 1014 9.6 8.27
17.50 1013 17.66 1651 2317 1679 1392 1077
Ccal v Events  EventPS$ 15.38 2143 1253 2172 1420 2370 2022 1290 1681 | 3.6%
17.24 15.81 16.54 24.23 14.79 15.99 19.69 13.46
466 k 258k 144k 454k 811k 593k 189k 575k 404k 280k
# Events 383k 772k 345k 863k 441k 550k 335k 724k 516k 530k 475k /
241k 322k 478k 630k 271k 316k 1034k 466 k 519k 352k

5 Complete Evaluation Results

Complete quantitative results on DiLiGenT and DiLiGenT-Pi @I semi-real
datasets are shown in Tab. [5] and Tab. [} For supervised methods, we show
their performance on 3 (similar capturing time as DualResPS), 4 (similar data
rate as DualResPS), 8, and 24 frames. Complete visual results on DiLiGenT
semi-real dataset are shown in Fig. [5}
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Frame Event GT Normal DualResPS (Ours) EventPS-OP LL22a (24 frames)
Normal / Error Normal / Error Normal / Error
2.08 11.00 226

ava

TR LAY
@

¢o
¢ e
¢d
i o
R 4

18.01 3829 1854

& ds S &

n54 MAE

5.38 5.40
e e e G |

8.64 19.96

vHaang

4.86 1210

@
g
¢
%
v

1vD

7 2614

B

18.94

MOD

ALY

6.

@

8

g

E (%@

&

1S3IAGVH

[ § (¥ % @

L 10d

S 2 & Y 579 539
e e ¢ ¢W |

A 44 A A

Fig. 5: Complete visual results on the DiLiGenT semi-real dataset. Our method
produces reconstructions superior to EventPS and the frame-based L122a . The
results of LL.22a |3| are on 23 frames in fact for better performance.
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