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Abstract

We present EventUPS, the first uncalibrated photometric
stereo (UPS) method using an event camera—a neuromor-
phic sensor that asynchronously detects brightness changes
with microsecond resolution. Traditional frame-based UPS
methods are hindered by high bandwidth demands and
limited use in dynamic scenes. These methods require
dense image correspondence under varying illumination
and are incompatible with the fundamentally different sens-
ing paradigm of event data. Our approach introduces three
key innovations: an augmented null space formulation that
directly relates each event to joint constraints on surface
normals and lighting, naturally handling ambient illumina-
tion; a continuous parameterization of time-varying illumi-
nation that connects asynchronous events to synchronized
lighting estimation; and a lighting fixture with known rela-
tive geometry that reduces ambiguity to a convex-concave
uncertainty. We validate EventUPS using a custom-built
LED lighting system. Experimental results show that our
method achieves accuracy surpassing its frame-based coun-
terpart while requiring only 5% of the data bandwidth.

1. Introduction
Photometric stereo (PS) recovers shape from images un-
der varying illumination [14, 42]. For decades, it has been
a cornerstone for high-fidelity 3D reconstruction, enabling
detailed surface normal recovery for applications from cul-
tural heritage to industrial inspection. The uncalibrated
variant of PS (UPS)—where lighting directions are un-
known—offers particular practical appeal by eliminating
the need for precise calibration apparatus, facilitating de-
ployment in uncontrolled environments. However, this flex-
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Figure 1. We propose an uncalibrated photometric stereo method
designed for event cameras, EventUPS. Our approach employs (a)
a portable lighting system with known relative geometry (e.g., dual
LED rings) but an unknown global pose, removing the need for
precise calibration. From (b) sparse, asynchronous events trig-
gered by sequentially activated lights, it jointly recovers (c) dense
surface normals and the time-varying lighting trajectory1.

ibility incurs significant costs: conventional uncalibrated
PS methods demand dense correspondences across multi-
ple images under varying illumination, imposing high data
bandwidth and rendering them ill-suited for dynamic scenes
or resource-constrained systems.

Meanwhile, event cameras represent a paradigm shift in
visual sensing [10]. Instead of capturing intensity frames at
fixed intervals, these bio-inspired sensors asynchronously
detect per-pixel logarithmic brightness changes. This pro-
vides microsecond temporal resolution, an exceptional dy-
namic range (140dB vs. 60dB), and drastically reduced data

1Est. Lights: The estimated time-varying light trajectory (x, y com-
ponents on the unit sphere), with numbers indicating temporal sequence,
colors denoting relative intensity (yellow higher, green lower).
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rates—all critical for platforms like mobile robots. These
unique attributes have transformed high-speed tasks such as
SLAM [39] and object tracking [7].

Recent advances in event-based PS—exemplified by
the EventPS [45]—have shown promise by leveraging
these unique capabilities. By using a calibrated, con-
tinuously rotating light source, it computes surface nor-
mals directly from brightness change events, naturally ac-
commodating rapid variations in surface orientation even
in dynamic scenes. This approach dramatically reduces
both latency and data redundancy compared to frame-based
methods. However, EventPS [45] requires precise light-
ing calibration and darkroom conditions, which are chal-
lenging outside labs. In many real-world scenarios—such
as robotic deployments, motion capture, or industrial set-
tings—maintaining calibrated lighting and negligible ambi-
ent illumination becomes impractical due to environmental
constraints and operational demands.

A natural question arises: Can established frame-based
UPS approaches adapt directly to event cameras? Our
analysis reveals fundamental incompatibilities: i) Inabil-
ity to handle ambient illumination. Frame-based PS meth-
ods often address ambient illumination by capturing a dark
frame without designed lighting. Unfortunately, this strat-
egy is not applicable to events as they are generated asyn-
chronously by logarithmic brightness changes—encoding
brightness ratios rather than absolute intensities. ii) Ab-
sence of synchronous correspondence. Non-learning frame-
based UPS [2, 46] typically performs matrix factorization
to decompose observed intensities into surface normals
and lighting directions, establishing constraints through
pixel correspondences under shared illumination condi-
tions. However, when applied to events—which cor-
respond to different lighting directions and occur asyn-
chronously—the establishment of such correspondences
becomes challenging. iii) Inapplicability of conventional
ambiguity resolution. Existing UPS resolves the remaining
ambiguity by leveraging effective priors on albedo charac-
teristics [28], which are not applicable to events since the
event generation equation is inherently invariant to albedo.

In this paper, we present EventUPS—the first uncali-
brated photometric stereo method using an event camera.
Our approach rethinks PS for the event domain, leverag-
ing the unique properties of event cameras to recover de-
tailed surface geometry while simultaneously estimating the
time-varying illumination, all without explicit lighting cali-
bration. The core of our contribution is a theoretical frame-
work that formulates each event as a constraint in the null
space of an augmented normal vector, enabling joint recov-
ery of surface normals and lighting directions despite the
asynchronous nature of events and the presence of ambient
illumination. To address the incompatibilities, we make the
following technical contributions:

• An augmented null-space formulation able to handle am-
bient illumination by modeling it as an unknown variable
within event-based constraints on normals and lighting.

• A continuous parameterization of the time-varying il-
lumination that establishes correspondence by linking
asynchronous events to a shared lighting trajectory.

• A geometric UPS ambiguity resolution technique appli-
cable to event data, which uses a lighting fixture with
known relative geometry but an unknown global pose.

Along with the proposed EventUPS framework, we de-
velop a joint optimization framework that effectively in-
tegrates integrability constraints with our event-based null
space formulation. To validate our approach in real scenes,
we build a hardware prototype around an LED-based light-
ing system, which implements the lighting configurations
with known geometry of dual ring (see Figure 1) and tre-
foil curve patterns. Experiments on semi-real and real data
demonstrate that our method achieves accuracy outperform-
ing the leading frame-based non-learning UPS [28] while
requiring only 5% of the data bandwidth.

2. Related Works
PS and event-based vision have advanced independently for
decades. Our work lies at their intersection, specifically ad-
dressing the challenges of UPS with event cameras. Here,
we review developments in both domains that inform ours.

2.1. Uncalibrated Photometric Stereo
PS estimates surface normals from images captured under
varying illumination directions [15, 42]. While classical
approaches assume known lighting, the uncalibrated set-
ting—where lighting is unknown—presents greater chal-
lenges but offers superior practical advantages. For com-
prehensive reviews, see [30, 33, 34, 41].

A fundamental challenge in UPS is the ambiguity in
simultaneously recovering lighting and surface normals.
This was first identified as a general 3 × 3 linear ambi-
guity [14], later reduced to the 3-parameter generalized
bas-relief (GBR) ambiguity by imposing integrability con-
straints [2, 46]. Resolving the ambiguity typically relies on
physical cues such as specular reflections [8, 9, 11, 38, 43],
statistical priors on albedo [1, 21, 28, 32], shadows [36],
interreflections [3], or perspective effects [27]. The light
source configuration is also critical; strategic arrangements
like ring lights with multi-view information can provide ad-
ditional constraints to resolve ambiguity without strong sur-
face assumptions [48]. Recent learning-based methods have
shown promising results [4, 5, 20], but they often require ex-
tensive training data and can struggle with generalization.

Accelerating PS acquisition remains an active research
area, with solutions like high-speed cameras [18, 22, 40]
or multi-tap CMOS [44] with synchronized illumination,
though these dramatically increase bandwidth. Single-shot
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multi-spectral systems [19, 26, 35, 37] offer an alternative
but face challenges like limited spectral bands, crosstalk,
and intensity inconsistencies across bands introduce addi-
tional challenges [12, 16, 17].

2.2. Photometric Methods with Event Cameras
With their high temporal resolution, wide dynamic range,
and asynchronous operation, event cameras are power-
ful tools for photometric measurements. These advan-
tages make them particularly suitable for capturing dy-
namic lighting effects crucial for photometric applications.
Their microsecond resolution is especially valuable for ac-
tive lighting techniques. MC3D [23] pioneered event-based
structured light for high-speed 3D scanning, while ESL [24]
improved noise robustness by exploiting spatial correla-
tions. Researchers have explored diverse illumination pat-
terns for specific tasks, such as capturing events during
light activation to reconstruct iso-contours [13] and address
intensity-distance ambiguity by using a diffuse sphere [6],
estimating surface normals using rotating polarizers [25],
and separating direct/global illumination components [47].

Most relevant to our work, EFPS-Net [31] fused sparse
events with RGB images for normal estimation, while
EventPS [45] pioneered purely event-based PS. EventPS
showed that the differential nature of event cameras aligns
perfectly with PS requirements, but it assumes calibrated
lighting and cannot handle ambient illumination. The
sparse, asynchronous nature of event data presents unique
challenges in uncalibrated settings, particularly in establish-
ing pixel correspondences under consistent lighting. This
fundamentally different sensing paradigm makes direct ap-
plication of non-learning UPS methods [14, 46] infeasible.
Our work, EventUPS, is the first to solve these challenges.

3. Method
3.1. Problem Formulation
Image formulation. We consider a scene captured by an
orthographic projection camera2. The surface is assumed
to be Lambertian and is illuminated by a combination of a
distant, time-varying directional light source and constant
ambient illumination. For a pixel x in the image plane Ω ⊂
R2, the reflected radiance Ix(t) at time t is given by:

Ix(t) = max [0, axnx · s(t)] + bx, (1)

where nx ∈ R3 is the unit surface normal (∥nx∥2 = 1),
ax > 0 is the diffuse albedo, and bx ≥ 0 is the ambient
illumination term. The lighting is described by the vector
s(t) ∈ R3 with intensity ∥s(t)∥2 and unit direction ŝ(t) =
s(t)/∥s(t)∥. The max operator models attached shadows,
where the dot product becomes negative.

2Orthographic projection is a widely used assumption in PS [33] when
the object-to-camera distance (approximately 20 cm in our setup) is signif-
icantly larger than object depth variations (approximately 3 cm).
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Figure 2. The null space vectors and estimated normals: (a) Lam-
bertian sphere under ideal conditions, (b) non-Lambertian sphere
with real events. EventUPS models ambient and albedo effects via
a residual term, enhancing robustness.

Event generation. Event cameras are bio-inspired sen-
sors that asynchronously report logarithmic changes in
brightness. An event (x, t(k)x , p

(k)
x ) is triggered at pixel x

when the logarithmic change in brightness exceeds a prede-
termined contrast threshold θ > 0:

log(Ix(t
(k)
x ))− log(Ix(t

(k−1)
x )) ≥ p(k)x θ, (2)

where t
(k)
x denotes the timestamp of the k-th event at pixel

x, and p
(k)
x ∈ {+1,−1} indicates whether the brightness

increased or decreased. The relationship between consecu-
tive brightness measurements can be approximated as:

Ix(t
(k)
x ) ≈ Ix(t

(k−1)
x ) · exp(p(k)x θ). (3)

For notational simplicity, we define θ̃
(k)
x = exp(p

(k)
x θ).

UPS with events. Unlike prior event-based works [45]
that assume calibrated lighting, we aim to jointly estimate
the per-pixel surface normals nx and the continuous, time-
varying lighting function s(t) from only the event stream
E = {(x, t(k)x , p

(k)
x )}x∈Ω across all pixels x ∈ Ω. This

inverse problem is formulated as the minimization of the
joint loss function that measures consistency between the
observed events and the image formation model:

argmin{nx}x∈Ω,s(t)L({nx}, s(t);E). (4)

3.2. Joint Estimating Normal and Lighting
The augmented null-space formulation. Conventional
photometric stereo often handles ambient light by subtract-
ing a dark frame. This is infeasible for event-based meth-
ods where measurements are relative and asynchronous.
We propose an alternative by substituting the image model
Eq. (1) into the event model Eq. (3):

max
[
0, axnx · s(t(k)x )

]
+ bx

≈ θ̃(k)x · (max
[
0, axnx · s(t(k−1)

x )
]
+ bx).

(5)
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For most observed events, the surface point is illuminated
at both timestamps (i.e., it is not in an attached shadow).
This allows us to remove the max operator. The albedo
ax can be eliminated by dividing it out, as it appears on
both sides. This makes our formulation inherently albedo-
invariant. Rearranging the terms yields a linear constraint
on the normal nx and the “residual” pixel-wise constant
ambient-albedo ratio rx = bx/ax ≥ 0:

nx · (s(t(k)x )− θ̃(k)x s(t(k−1)
x )) + rx(1− θ̃(k)x ) = 0. (6)

Shadow events, which occur when one of the terms under
the max operator becomes zero, are relatively rare and can
be identified through temporal consistency checks. When
they do occur, they provide constraints at shadow bound-
aries that can be incorporated into our framework.

Let z(k)
x = s(t

(k)
x ) − θ̃

(k)
x s(t

(k−1)
x ). We define an aug-

mented normal vector ñx = [n⊤
x , rx]

⊤ ∈ R4, which is
constant for each pixel x. For each event, we define a corre-
sponding augmented null space vector z̃(k)

x = [z
(k)⊤
x , (1−

θ̃
(k)
x )]⊤. This recasts Eq. (6) into an geometric relationship:

z̃(k)⊤
x ñx = 0. (7)

This means the augmented normal ñx must lies in the null
space of the vectors {z̃(k)

x }. Please see Fig. 2 for an illus-
tration. With at least three linearly independent null space
vectors from events at a pixel, we can determine the aug-
mented normal ñx up to a scale factor. By stacking all aug-
mented null space vectors z̃

(k)
x for a pixel x into a matrix

Zx ∈ R4×Kx where Kx is the number of events at that
pixel and the k-th row is z̃(k)⊤

x , we solve for the normal by
finding the vector that minimizes the projection:

ñ∗
x = argmin

ñx

∥Z⊤
x ñx∥22 subject to ∥nx∥2 = 1. (8)

This constrained optimization problem has an elegant solu-
tion via Singular Value Decomposition (SVD) of the ma-
trix ZxZ

⊤
x ∈ R4×4. The solution is the eigenvector corre-

sponding to the smallest eigenvalue, appropriately scaled to
ensure the unit normal constraint.

Continuous lighting parameterization. In the uncali-
brated setting, the lighting direction s(t) is unknown and
varies continuously over time. The asynchronous nature
of events makes it challenging to establish correspondences
across pixels under identical lighting conditions, which is a
prerequisite for non-learning uncalibrated PS methods. To
address this challenge, we model s(t) as a B-spline curve.
This provides a smooth, local, and efficient parameteriza-
tion that is ideal for asynchronous data. By selecting M
control points {s(tj)}M−1

j=0 at uniform times tj = t0+ j∆t,

Time 𝑡

Light 𝒔(𝑡)

Positive event Negative eventControl pointCurve

Positive event Negative eventControl pointAxis

𝑠1, 𝑠2 of light direction 𝒔/ 𝒔 = 𝑠1, 𝑠2, 𝑠3

Time 𝑡

Figure 3. Continuous illumination model. We represent the time-
varying lighting s(t) as a B-spline controlled by a set of points.
This continuous representation links asynchronous events to a
globally synchronized lighting estimate, shown here for a rotat-
ing ring pattern projected onto a 2D plane.

the lighting at any time t is a linear combination:

s(t) =

M−1∑
j=0

Cj,l(t)s(tj), (9)

where {Cj,l(t)} are the B-spline basis functions of order l.
An important property of this formulation is that the value
of s(t) for tj ≤ t < tj+1 depends only on l consecutive
control points s(tj), s(tj+1), . . . , s(tj+l−1), providing lo-
cality in the temporal domain. This links the null space
vector z(k)

x directly to the control points:

z(k)
x =

M−1∑
j=0

C̃j,l(t
(k)
x )s(tj), (10)

where

C̃j,l(t
(k)
x ) = Cj,l(t

(k)
x )− θ̃(k)x Cj,l(t

(k−1)
x ), (11)

This expression depends only on the observed event times-
tamps t

(k)
x at pixel x, providing a crucial bridge between

pixel-specific asynchronous events and a global, continu-
ous lighting model (see Fig. 3). In matrix form, we stack
the control points {s(tj)}M−1

j=0 into a matrix S ∈ R3×M ,

and the time-dependent coefficients C̃j,l(t
(k)
x ) into a matrix

Cx ∈ RM×Kx . The augmented measurement matrix for a
pixel x with θ̃x = [(1 − θ̃

(1)
x ), . . . , (1 − θ̃

(Kx)
x )] ∈ RKx

becomes:

Z̃x =

[
SCx

θ̃⊤
x

]
∈ R4×Kx . (12)

The data term becomes:

Ldata({ñx},S) =
∑
x∈Ω

∥Z̃⊤
x ñx∥22. (13)
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Figure 4. Resolving Ambiguity. With ground-truth lighting (a),
the normal is recovered accurately. Assuming incorrect light-
ing transformations (b-e), estimating normals without constraints
leads to large errors. The strong correlation between normal error
and integrability cost validates the effectiveness of enforcing inte-
grability with a known lighting fixture to resolve ambiguity.

This bilinear structure naturally lends itself to an alternating
optimization scheme.

3.3. Resolving Ambiguity
Integrability. UPS suffers from a fundamental ambiguity
where multiple combinations of surface normals and light-
ing directions can produce identical observations. Physical
constraints, particularly the integrability of surface normals,
require that the normals be derivable from the gradient of
an underlying surface. For non-learning frame-based UPS,
this constraint reduces the general linear ambiguity to the
GBR transformation [2, 46], which maps the surface z(x)
to λz(x)+µx+νy, where λ ̸= 0. For event-based UPS, im-
posing integrability similarly reduces the ambiguity to the
GBR transformation, as the constraint acts on the normal
field independently of the observation modality. Specifi-
cally, we use an integrability term. It ensures the normal
field {nx} corresponds to a valid, continuous surface by
penalizing the curl of the corresponding gradient field:

Lint =
∑
x

∥∥∥∥ ∂

∂y

(
(nx)x
(nx)z

)
− ∂

∂x

(
(nx)y
(nx)z

)∥∥∥∥2 . (14)

Constraints from lighting fixture configurations. To
further resolve this ambiguity, we leverage a portable light-
ing system with a known 3D structure undergoing un-
known 6-DoF transformations. The system consists of light

Dual Ring

Trefoil Curve

DiLiGenT

Figure 5. The lighting configurations employed in our experi-
ments. We built physical prototypes for the “dual ring” and the
“trefoil curve” patterns using programmable LEDs, shown both
statically (left) and as dynamic trajectories captured with long ex-
posure (right). We also test on the standard “DiLiGenT” pattern.

sources at known positions pi (for i = 1, 2, . . . , N ) in a
local reference frame. Assuming the camera is at the ori-
gin, the world positions become p′

i = Rpi+t under a rigid
transformation with orthogonal matrix R ∈ O(3) and trans-
lation vector t ∈ R3. The light vector for the i-th source is
si = uip

′
i with unknown intensity ui > 0. A GBR trans-

formation matrix G acts on the recovered normals, and an
inverse transformation G−⊤ acts on the light vectors. The
observed lighting s′i is related to the true lighting si by
s′i = G−⊤si. Combining these, we obtain a relationship
between the known local positions pi and the estimated,
transformed light vectors s′i:

s′i = uiG
−⊤(Rpi + t). (15)

This system of equations constrains the possible transfor-
mations. As formally proven in the supplement, these con-
straints reduce the GBR ambiguity to a discrete set. Specif-
ically, for a set of at least seven light positions in general
position (i.e., not all lying on any nontrivial quadric sur-
face of a specified form passing through the origin), under
physical constraints, the ambiguity can be resolved up to the
classic convex/concave reflection. This eliminates the need
for albedo or reflectance priors. An illustration of integra-
bility’s role in resolving positional ambiguity in our setup is
shown in Fig. 4.

Lighting configurations. For event cameras that asyn-
chronously detect brightness changes with high temporal
resolution, we sequentially activate each light (e.g., on
millisecond timescales) to generate an event stream, with
timestamps correlating to lighting changes. We designed
two physical patterns (see Fig. 5) that satisfy the geometric
requirements: a coaxial dual-ring consisting of LEDs ar-
ranged on two concentric rings of different radii, separated
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by a known axial distance; and a trefoil curve with a mov-
ing ring of lights along a non-planar, asymmetric 3D trefoil
knot trajectory. Both configurations meet the conditions for
ambiguity resolution. Details of the theorem, proof, and
lighting configurations are provided in the supplement.

3.4. Optimization
We solve for normals and lighting via alternating optimiza-
tion, minimizing a joint loss function:

L = Ldata({ñx},S) + λintLint({nx}), (16)

where the weight λint balances data fidelity Eq. (13) against
surface smoothness Eq. (14). The optimization proceeds by
alternating between two main steps until convergence:
• Normal update: With the lighting control points S fixed,

the problem decouples per pixel. We solve for each aug-
mented normal ñx from its observation matrix Z̃xZ̃

⊤
x .

The integrability term is also incorporated.
• Lighting update: With the normals {ñx} fixed, the data

term Ldata becomes a quadratic function of the lighting
control points S. This step reduces to solving a global
linear least-squares system to update S.

We alternate between updating the normals {ñx} and the
lighting parameters S until convergence. This framework
robustly recovers accurate surface normals from event data,
even with ambient light and without calibration.

4. Experiment

4.1. Implementation Details
Our EventUPS implementation uses a hybrid CPU/GPU
approach: event pre-processing is GPU-accelerated with
OpenCL and Rust bindings, while the PyTorch-based op-
timization framework handles the core algorithm. For the
B-spline lighting representation, we use cubic splines (or-
der l = 4) with 31 control points for each 360◦ rotation cy-
cle unless otherwise specified. The integrability weight is
λint = 0.1 for all real data and λint = 0.01 for all synthetic
data.

We developed a custom lighting system using pro-
grammable IC LEDs. For the “dual ring” configuration,
we mounted concentric LED rings (WS2818B protocol,
800kHz fixed rate) with different radii sharing a common
axis. The inner ring contains 40 LEDs, while the outer ring
has 60 LEDs. One complete scanning cycle takes approxi-
mately 4 seconds. For the “trefoil curve” configuration, we
attached an LED ring (APA102, up to 20MHz SPI clock
frequency, 24 LEDs) to a rotating mechanism. The LEDs
switch at a frequency three times faster than the rotation
mechanism, creating a trefoil curve pattern. One complete
cycle takes approximately 1/3 second, limited by the rota-
tion speed of the mechanism.

0 10 20 30 40 50
# Frames

0

10

20

30

Er
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Ours
CH19
CW20
LL22
PF14

Figure 6. Performance vs. data rate comparison. This plot shows
the average MAE of EventUPS against several frame-based meth-
ods on the DiLiGenT-Ev dataset as a function of input frames.

We captured data using a Prophesee EVK4 HD cam-
era with an IMX636 event sensor. The contrast sensitiv-
ity threshold biases were set to −20 and the dead time bias
to −20, resulting in an approximately refractory period of
580 µs between consecutive events at a pixel.

4.2. Comparison with Frame-based UPS methods
Data. To facilitate comparison with frame-based meth-
ods, we created a semi-real dataset named DiLiGenT-Ev
using images from the DiLiGenT dataset [34]. This proce-
dure, which follows the protocol of EventPS [45], allows for
a direct comparison between event-based and frame-based
techniques on identical underlying scenes and lighting con-
ditions. Specifically, we selected images captured under the
outermost rectangular ring of light directions and converted
them to event streams using an event simulator [29].

Results. We benchmark EventUPS against state-of-
the-art frame-based UPS methods, including the top-
performing non-learning method PF14 [28] from the origi-
nal DiLiGenT benchmark, and several deep learning-based
approaches: CW20 [5], CH19 [4], and LL22 [20]. We eval-
uate accuracy (Mean Angular Error, MAE) and data effi-
ciency. For data rate calculations, we use Total Events ×
16 bits/event (encoded in the Prophesee EVT 3.0 format)
for event-based methods, and Frames (lighting directions)
× Resolution × 8 bits/pixel × 3 exposures (bracketing for
the limited dynamic range) for frame-based methods.

Fig. 6 illustrates the trade-off between data rate and ac-
curacy for frame-based methods—using more images im-
proves accuracy but increases data requirements. Table 1
provides the detailed quantitative breakdown of compar-
isons with PF14 and CW20. In sharp contrast, EventUPS
(marked by a star) demonstrates remarkable data efficiency.
EventUPS achieves an MAE of 14.14◦, a result that is not
only superior to the best performance of the non-learning
baseline PF14 (17.16◦ MAE) but does so using a data vol-
ume equivalent to roughly two frames. Our method operates
at just 1.6% of the data rate of the 56-frame deep learning
setup and less than 5% of the data rate of PF14. This ef-
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EventUPS (Ours, non-learning) EventPS (Calibrated)PF14 (56 frames, non-learning)
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Figure 7. Qualitative results on the DiLiGenT-Ev dataset. Our uncalibrated method produces reconstructions superior to the non-learning,
frame-based PF14 [28] and comparable to the calibrated EventPS [45], but without requiring lighting calibration. The “Light” columns
visualize the estimated trajectories (x, y components on the unit sphere), with colors denoting relative intensity.

Table 1. Quantitative comparison (MAE in degrees) on the DiLiGenT-Ev dataset. Our method outperforms the frame-based method
PF14 [28] (best-performing non-learning method in the original DiLiGenT dataset [34]) while using less than 5% data rate. We include
results from a learning-based method CW20 [5] and the only event-based method EventPS [45] (a calibrated baseline of ours, upper bound)
as reference. The last column shows the percentage of data rate compared to CW20 with the best performance. The last row indicates the
number (#) of events per round for each data.
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✓ ✗ 6 frames CW20 5.31 12.10 9.27 9.64 10.97 20.99 9.19 7.61 13.50 10.95 11%
✓ ✗ 56 frames CW20 4.96 10.23 7.20 6.42 9.47 18.55 7.43 6.57 12.17 9.22 100%

✓ ✓ 56 frames PF14 5.23 14.10 10.03 19.32 28.63 30.65 9.89 15.79 20.82 17.16 33%
✓ ✓ Events Ours 8.86 12.21 10.78 18.58 12.97 23.32 8.70 15.13 16.71 14.14 1.6%

✗ ✓ Events EventPS 3.45 13.22 7.32 23.33 13.54 29.80 8.34 12.42 16.14 14.17 1.6%

# Events 470 k 306 k 354 k 458 k 200 k 327 k 246 k 334 k 393 k 343 k /

ficiency stems from the event camera’s inherent ability to
capture only meaningful brightness changes.

Fig. 7 shows the visual comparison between different
non-learning methods, that is, the frame-based UPS method
PF14, the proposed EventUPS, and the calibrated event-
based method EventPS. EventUPS reconstructs clean and
detailed normals that closely match the ground truth, and
accurately recovers the circular lighting trajectory. The nor-
mals from PF14 appear visibly noisier and less defined,
especially for the challenging HARVEST object, aligning
with the error metrics in the table. This demonstrates our
method’s ability to robustly disentangle geometry, lighting,
and non-ideal effects from sparse event data alone. Even-
tUPS’s superiority over non-learning, frame-based PF14
shows particular strength on objects with complex spec-
ularities and textures like HARVEST (23.32◦ vs. 30.65◦)
and READER (16.71◦ vs. 20.82◦). Most notably, our un-
calibrated method’s performance is on par with, and even
slightly surpasses, the average performance of the fully cal-

ibrated event-based method EventPS (14.17◦ MAE). For
objects like HARVEST and BUDDHA, our method is more
accurate. We attribute this to our model’s explicit residual
term, which effectively isolates and accounts for non-ideal,
real-world effects like ambient illumination.

4.3. Evaluation on Real Camera
Data. To demonstrate the practical applicability of our
method, we fabricated five physical objects with ground
truth normal maps and captured real events using our cus-
tom lighting systems. These data have varying character-
istics: simple geometry (BALL), spatially-varying albedo
(BALLICCV), moderate geometric details (BUNNY), and
complex details (HORSE, TIGER).

Results. Fig. 8 shows results on our captured real dataset,
which presents additional challenges including sensor
noise, non-idealities in event generation. Our method
produces high-quality normal reconstructions with clear
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Figure 8. Results on real data. EventUPS successfully recovers
detailed normals despite sensor noise and non-ideal lighting (light
trajectories are visualized as in Fig. 1).

preservation of fine details, achieving an average MAE of
16.58◦ across all objects. The spherical object BALLICCV
with “ICCV” text highlights an important property: the esti-
mated normal map is invariant to ambient-albedo ratio vari-
ations, as the text is barely visible in both the event and the
reconstructed normal map. The BUNNY and TIGER objects
demonstrate EventUPS’s ability to recover intricate geomet-
ric details. We observe slightly higher angular errors near
object boundaries, which we attribute to near-light effects
(the distance between the big ring light and the object is ap-
proximately 10 cm) and imperfect lighting alignment. Nev-
ertheless, the overall quality of reconstruction is high. The
estimated lighting configurations accurately reflect the dual
ring structure used during capture.

Robustness to lighting patterns. To evaluate the robust-
ness of our method to different lighting configurations, we
captured the same objects using both the “dual ring” and
“trefoil curve” lighting patterns. As shown in Fig. 9, Even-
tUPS produces consistent normal reconstructions regardless
of the lighting pattern used. This demonstrates that our ap-
proach effectively recovers both surface normals and light-
ing directions without requiring a specific lighting arrange-
ment, providing flexibility for different practical scenarios.
The trefoil pattern yields better results for objects with com-
plex geometry due to its more varied lighting directions,
while the dual ring configuration provides more uniform

(a) D
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G
(b) TR

EFO
IL

Normal LightEvent Residual

0 1

Figure 9. Performance across illumination patterns. EventUPS
delivers consistent normal and lighting estimates for both the (a)
dual-ring and (b) trefoil curve patterns, showcasing its robustness.

coverage for smoother objects.

5. Conclusion and Discussion
We have presented EventUPS, the first method to solve UPS
using an event camera. By introducing a novel augmented
null space formulation, a continuous lighting model, and
leveraging known lighting fixture geometry, we resolve the
fundamental challenges of applying UPS to the event do-
main. Our experiments show that EventUPS achieves accu-
racy comparable to or better than its traditional frame-based
counterpart while requiring only a fraction (5%) of the data
bandwidth. Our method is robust to ambient illumination
and different lighting configurations, making it practical for
deployment in less controlled environments.

While our approach represents an advance in uncali-
brated event-based PS, several avenues for future work
remain. First, extending our framework to handle non-
Lambertian surfaces would enhance its applicability in real-
world scenarios with complex materials. Second, integrat-
ing learning-based components could further improve ro-
bustness to noise and outliers while maintaining the physi-
cal interpretability of our current model. Finally, exploring
applications in dynamic scene reconstruction, where both
the camera and objects may be in motion, represents an ex-
citing direction for future research.
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