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Abstract. Hybrid event–frame sensors integrate an Event Vision Sensor
(EVS) and an Active Pixel Sensor (APS) within a single chip, combin-
ing the high dynamic range and low latency of the EVS with the rich
spatial intensity information from the APS. While this tight integration
offers compact, temporally precise imaging, the complex circuit architec-
ture introduces non-trivial noise patterns that remain poorly understood
and unmodeled. In this work, we present the first unified, statistics-based
imaging noise model that jointly describes the noise behavior of APS and
EVS pixels. Our formulation explicitly incorporates photon shot noise,
dark current noise, fixed-pattern noise, and quantization noise, and links
EVS noise to illumination level and dark current. Based on this formula-
tion, we further develop a calibration pipeline to estimate noise param-
eters from real data and offer a detailed analysis of both APS and EVS
noise behaviors. Finally, we propose H-ESIM, a statistically grounded
simulator that generates RAW frames and events under realistic, jointly
calibrated noise statistics. Experiments on two hybrid sensors validate
our model across multiple imaging tasks (e.g., video frame interpolation
and deblurring), demonstrating strong transfer from simulation to real
data. https://yunfanlu.github.io/HESIM

1 Introduction

Event cameras [12,74], due to their asynchronous triggering mechanism, provide
high dynamic range and low latency, enabling progress in vision tasks, e.g., high
speed video imaging, and optical flow estimation [13,76]. In contrast, frame-based
cameras capture dense global intensity information, making the two modalities
complementary in both time and space. Consequently, many studies have ex-
plored event–image fusion to exploit these complementary advantages. Never-
theless, most existing approaches achieve spatial alignment between images and
events using beam splitters [38,60,67,84], which require complex optical alignment
and lead to bulky, impractical hardware designs. Hybrid sensors [5, 18, 32, 74, 76]
address these limitations by leveraging advanced semiconductor integration to
output events and intensity frames from a single chip that integrates an Active
Pixel Sensor (APS) and an Event Vision Sensor (EVS), as shown in Fig. 1 (a).
⋆ Corresponding authors
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Fig. 1: (a) Hybrid event-frame sensor with interleaved APS and EVS pixels, example
Quad-Bayer layout. (b) Our framework: i. a unified imaging noise model Mβ for
both APS and EVS (Sec. 3); ii. calibration of APS/EVS noise (Sec. 4); iii. Hybrid
event sensor simulator, H-ESIM, which generates RAW frames and events (Sec. 5). iv.
downstream tasks, such as video frame interpolation, video deblurring. (Sec. 6)

Specifically, the APS captures dense intensity frames, while the EVS records
pixel-wise brightness changes with microsecond latency. Their shared circuit ar-
chitecture ensures precise spatiotemporal alignment. This compact integration
enables hybrid sensors to be easily applied to embedded platforms, e.g., mo-
bile phones and drones [41, 47, 48]. However, the increased circuit complexity
of hybrid sensors introduces more complex noise patterns than those observed
in conventional cameras [47]. This leads to an open problem: how to accurately
calibrate hybrid sensor noise and develop a simulation framework that supports
downstream vision tasks?

To better characterize the noise distribution of hybrid sensors, we develop
the first statistics-based imaging noise model that jointly describes the noise
behavior of APS and EVS within a unified framework. This model builds on prior
works on standard cameras [27,72], while incorporating the circuit mechanisms of
event pixels [16,17]. In the hybrid sensor architecture, we explicitly model photon
shot noise [22], dark current noise [45], fixed-pattern noise [14], and quantization
noise [57]. These noise sources exist in both APS and EVS. However, prior work
rarely provides quantitative separation or measurement for EVS. To address this,
we first introduce the Q-function [25, 65] from statistics to link observed event
probabilities with illumination and dark current. As a result, the imaging noise
model provides a unified explanation of how noise originates and propagates in
both pixels, clarifying their correlations and differences.

Based on the unified noise model, we design a calibration pipeline to esti-
mate key noise parameters from real data. APS and EVS are intrinsically linked
through their shared scene luminance. Therefore, our approach derives direct and
interpretable estimates through APS calibration, instead of relying on indirect
brightness inference [39]. For APS, we employ multi-exposure compositing [59] to
recover cleaner intensity frames and adopt a statistical estimation method rather
than a purely non-parametric fit [50] to ensure interpretability. This step sup-
ports APS analysis and provides a clean brightness reference for EVS calibration.
Calibrating EVS is more challenging because its differential trigger outputs only
discrete ±1 signals. In EVS, noise arises from photon shot and dark current drift,
with rates that depend on both irradiance [6] and bias settings [16]. To overcome
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this, we employ an inverse Q-function formulation [9, 29, 64, 65] that relates ob-
served brightness to noise event probabilities, enabling quantitative estimation
of EVS noise parameters. The calibrated parameters and noise models allow
consistent APS–EVS noise generation and support the subsequent simulation.

Based on the calibrated parameters, we develop the hybrid sensor simula-
tor, H-ESIM. Given a high-frame-rate video, H-ESIM jointly generates RAW
frames and events with calibrated noise statistics. On the APS side, we de-
sign a controllable sRGB→RAW inverse pipeline that injects calibrated fixed-
patterns, shot, and dark–current noise, and we pair it with an ISP implemented
in NumPy [21]. On the EVS side, in contrast to prior simulators [23,56], which rely
on hand–tuned hyperparameters and frame interpolation, H-ESIM is the first
framework to unify APS and EVS simulation under a statistical model with
parameters estimated from real data. We explicitly apply the calibrated thresh-
old and noise parameters to simulate the log–difference triggering process. As a
result, these components together yield a simulator that closely follows real hy-
brid sensors in both noise statistics and event triggering behavior. Furthermore,
to remove interpolation artifacts [23], we introduce a high–speed video dataset
(3200 fps) as input, which improves temporal fidelity. Consequently, H-ESIM
provides an open and reproducible implementation and produces consistent ap-
pearance between simulated and real data.

We evaluate the framework on two hybrid sensors with different pixel layouts
and color filters. The evaluation includes two stages. First, we assess calibration
accuracy by comparing estimated and measured noise distributions. The results
show close agreement with real sensor measurements. Second, networks trained
on our simulated data improve performance on real data. This suggests that
the calibrated simulation reduces the domain gap. In summary, we present (1)
the first comprehensive imaging noise model for hybrid event sensors, connect-
ing shot, dark-current, fixed-pattern, quantization, and layout-dependent effects;
(2) a quantitative calibration pipeline and dataset for estimating key noise pa-
rameters; (3) H-ESIM, the hybrid sensor simulator that generates RAW frames
and events, enabling reproducible research and downstream vision applications.

2 Related Works

Event Sensor: Event cameras evolved from neuromorphic silicon retina con-
cepts [46] to the first dynamic vision sensor (DVS) [37]. The DVS encoded tem-
poral contrast with microsecond latency and high dynamic range. Later stream-
based architectures [2,5,55] enhanced noise robustness, resolution, and efficiency,
and stacked implementations [10,19] further reduced pixel pitch and maintained
high HDR. However, pure event sensors lack absolute intensity information. To
address this limitation, hybrid designs [18, 32, 76] combine frames and events to
exploit their complementary properties. Hybrid architectures have recently at-
tracted research interest, although they remain under active development [47,48].
Standard Camera Noise: Noise is inherent in imaging systems. Accurate
noise calibration is important for modeling image formation. Recent work ex-
plores different strategies, including statistical models with parameter fitting [72]
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Fig. 2: Hybrid sensor imaging pipeline and simplified pixel circuits. (a) Real scene. (b)
Hybrid event sensor. (c) APS path: photons filtered by the CFA generate charge in the
photodiode, which is integrated and read through a shared row bus and column ADC.
The noise sources include photon shot noise Nshot, dark-current shot noise NDCSN,
black-level correction noise NBLC, row noise Nrow, and quantization noise Nq. (d) EVS
path: the photodiode drives a logarithmic stage, differentiator, and comparator with
threshold Θ to emit events; dominant noise arises from photon shot and dark-current
processes, fixed-pattern offsets. The shared photoreceptor ensures tight temporal and
spatial alignment, while the mixed layout introduces cross-coupled noise that our model
and calibration explicitly address.

and data-driven approaches such as GAN or flow-based models that learn noise
statistics from data [8, 33, 44]. Non-parametric methods [50, 81] reuse real noise
patches without explicit assumptions. Hybrid models combine physical priors
with learning-based components to enhance robustness under extreme condi-
tions [7, 35]. These methods provide useful insights. However, modeling hybrid
APS noise remains challenging due to shared layout and circuit coupling.
Event Camera Noise: Event noise differs from noise in frame-based sensors.
Early works investigated noise sources at the circuit level. [51] quantified the
influence of dark current, leakage, and parasitic photocurrent on background
activity, while [16] showed that the event photoreceptor behaves as a second-order
system. Furthermore, [17] identified a physical noise floor, showing that event
noise is lower-bounded by twice the photon shot noise. At the statistical level,
ESIM [56] and v2e [23] introduced random contrast thresholds to emulate noisy
triggering. [39] proposed a Brownian-motion-based noise model. More recently,
[6] related event noise to photon arrival statistics, revealing that noise events
encode pixel intensity information. [52] characterized background activity under
controlled illumination, emphasized the need for physics-grounded noise models.
Additionally, [58] proposed an event denoising method, yet still acknowledged
that explicit noise modeling remains challenging.
Event Camera Simulators: Simulators play an important role in event vision.
They enable training and evaluation in scenarios that are difficult to capture.
Rule-based methods, e.g., ESIM [56], v2e [23], DVS-Voltmeter [39], ADV2E [26],
and PECS [20], generate events using handcrafted rules to 3D scenes or high-
speed videos. Recent variants [1, 66, 82] improve physical fidelity by integrating
temporal continuity, spectral rendering, or multi-modal integration. In contrast,
learning-based methods [53, 83] learn sensor noise characteristics from data but
offer limited interpretability. Despite these advances, existing simulators do not
provide a unified framework for joint APS–EVS modeling. In particular, they do
not couple the two modalities through shared and calibrated parameters.
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3 Statistical Imaging Noise Model
APS and EVS of hybrid sensors share the same optical system, e.g., the lens and
aperture. Therefore, the ideal electrical signal Ic(t; ∆t) at time t is shared across
both modalities, as shown in Fig. 2. This signal is obtained by integrating the
scene radiance L(τ, λ) filtered by the color filter Cf (λ) and photodiode circuit
Pc(λ) over the photodiode integration time [t−∆t, t] and visible wavelength range
Λ defined in Eq.1.

Ic(t; ∆t) =

Z t

t−∆t

Z
Λ

Pc(λ)Cf (λ)L(τ, λ)dλ dτ (1)

The APS and EVS pixels differ in how they sample this shared signal Ic. The
APS pixel performs integral sampling over ∆t, producing RAW intensity frames,
whereas the EVS pixel applies differential, thresholded readout of the logarithmic
signal to emit events. Therefore, both modalities can be modeled within a single
physics-informed statistical framework that takes Ic(t; ∆t) as the shared input
while accounting for the APS exposure time and the EVS sensitivity. This unified
view enables the separation of illumination-dependent, exposure time-dependent,
and fixed noise terms, and reveals cross-coupled effects from the mixed layout
and shared readout chain. In the following, we detail the APS and EVS noise
models and their interconnections.
APS Pixel: Since APS directly records the integrated intensity, we model its
output Io as the ideal signal Ic plus three additive noise components, as expressed
in Eq. 2: illumination-dependent shot noise Nshot, exposure time-dependent noise
Ntime, and fixed noise Nfixed. These noise sources are treated as approximately
additive terms, and following previous studies [7, 8, 42], each is modeled using
Gaussian or uniform distributions for tractability. First, photon shot noise arises
from Poisson photon arrivals [28, 72]. Therefore, in statistical signal modeling,
when the photon count per pixel is moderate or high, the Poisson distribution
can be approximated by a Gaussian distribution [4, 11]. Second, temporal noise
combines a linear drift from defective, hot or leaky, pixels with dark-current
shot noise, whose variance increases with exposure time and temperature [27].
Third, fixed noise NFP includes spatially structured offsets, row noise Nrow, and
black-level correction NBLC. Hybrid layouts amplify Nrow, making row noise
more pronounced. Additional contributions include read noise and quantization
noise, which we model as uniform with step size q. Finally, a residual term Nres
aggregates small unmodeled effects and is used only for completeness.

Io =Ic+Nshot(Ic)| {z }
illum. dep.

+Ntime(∆t)| {z }
expo. dep.

+ Nfixed| {z }
constant

=Ic+N
�
0, σ2

shot
�| {z }

Nshot(Ic)

+∆t NDP+N
�
0, σ2

DCSN
�| {z }

Ntime(∆t)

+NFP + N
�
0, σ2

read
�
+U

�−1

2q
,

1

2q

�
| {z }

Nfixed

+Nres

(2)
EVS Pixel: The event pixel first accumulates charge, which in turn modulates
the voltage, as illustrated in Fig. 2 (d). Between two consecutive times t0 and
t1, an event is triggered only when the voltage difference at logarithmic domain
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between Vt0
and Vt1

exceeds the predefined threshold θ. This mechanism makes
the event generation process more complex than that of the APS. In hybrid
sensors, the EVS operates at a fixed sampling rate to eliminate the scanning
pattern observed in earlier designs, e.g., DVS346 [24,77]. At each recording time,
the pixel integrates photocurrent over a short interval. The ideal accumulated
voltage is denoted as V̂t. It is linearly proportional to the integrated photocurrent
Ic, following the charge–voltage relation in the pixel circuit. The observed voltage
is corrupted by multiple noise sources, photon shot noise Nshot, dark-current shot
noise NDCSN, fixed offsets NFP, and a baseline voltage VPD from the photodiode
circuit as in Eq. 3.

Vt1
= V̂t1

+ Nshot + NDCSN + NFP + VPD (3)

For two consecutive samples t0 and t1, the voltage difference is defined by Eq. 4.
At time t1, an event is generated as Qe(∆Vt1), where Qe(·) denotes the quantiza-
tion function: an ON event (+1) is triggered when ∆Vt1 > θ, an OFF event (−1)
is triggered when ∆Vt1

< −θ. To analyze the noise distribution, we decompose
∆Vt1

into two parts as shown in Eq. 4: the signal term S, determined by the
clean voltages V̂t0

, V̂t1
, and the noise term Ne, produced by various noise sources.

Here, the instantaneous noise at time t is given by nt = Nshot + NFP + NDCSN.
∆Vt1 = log Vt1 − log Vt0

= log(1 +
nt1

V̂t1 + VPD
) − log(1 +

nt0

V̂t0 + VPD
)| {z }

Noise part, Ne

+ log(
V̂t1 + VPD

V̂t0 + VPD
)| {z }

Signal part, S

(4)

Based on this formulation, we derive the relationship between individual noise
components and the voltage difference. Under non-extreme low-light conditions,
where noise magnitude is smaller than the signal level, this relationship can
be approximated using a first-order Taylor expansion. Accordingly, we define
the event noise Ne as in Eq. 5. The noise components are modeled as fol-
lows. Photon shot noise Nshot depends on irradiance. It is approximated as
Nshot ∼ N (0, σ2

shot), where σ2
shot ∝ V̂t. Dark-current shot noise is similarly

approximated as NDCSN ∼ N (0, σ2
DCSN). Fixed-pattern noise NFP arises from

device mismatches and is treated as a deterministic offset.

Ne ≈
Nshot,t1

+ NDCSN,t1
+ NFP

V̂t1 + VPD
−

Nshot,t0
+ NDCSN,t0

+ NFP

V̂t0 + VPD
(5)

Following previous work based on the Brownian-motion assumption [39], the
event noise Ne at t0 and t1 is assumed to be independent. Accordingly, Ne is
modeled as a Gaussian distribution in Eq. 6, where we denote V̂t1

+ VPD as
Vt1

and V̂t0
+ VPD as Vt0

. This Gaussian distribution of event noise Ne has
variance σ2

n and mean µn. For defective pixels, µn takes non-zero values. This
formulation explicitly shows how illumination conditions and circuit parameters
jointly determine the probability of event noise.

N
�

NFP
� 1

Vt1

− 1

Vt0

�
| {z }

µn

, (σ2
shot+σ2

DCSN−2ρσshotσDCSN)(
1

V2
t1

+
1

V2
t0| {z }

σ2
n

)
�

(6)
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Subsequently, we employ the Q-function [9,64,65] as defined in Eq. 7, to analyze
the probability of event triggering. Specifically, we denote the probabilities of
ON / OFF events as P+ and P−, which can be expressed as Eq. 8. In the static
scene case S = 0, and zero-mean noise µn = 0, these probabilities simplify to
P+ = Q(θ/σn) and P− = 1 − Q(−θ/σn) = Q(θ/σn).

Q(x) =
1√
2π

Z +∞

x

e−t2/2dt (7)

P+ = P(∆Vt1 > θ) = Q
�θ − (S + µn)

σn

�
,

P− = P(∆Vt1 < −θ) = 1 − Q
�−θ − (S + µn)

σn

� (8)

In summary, this statistical model establishes explicit links between the observed
signals, RAW frame Io for APS frames and probabilities P+, P− for EVS events,
and their underlying noise sources, as formulated in Eq. 2 and Eq. 8. This unified
viewpoint forms the foundation for noise calibration.

4 Hybrid Event Sensor Noise Calibration

To calibrate noise in a hybrid sensor, we first collect and pre-process a dedicated
dataset, then model the noise of APS and EVS sequentially. We adopt a control-
variable strategy to estimate each group. For APS pixels, we vary the exposure
time under a fixed scene, whereas for event pixels, we control pixel brightness
through scene design. The calibration dataset includes two configurations: (i)
dark measurements with the lens fully covered, and (ii) illuminated measure-
ments with static multi-brightness patterns, e.g., checkerboards, color checker,
resolution charts, each captured under multiple exposure times.
APS Noise Calibration: Our goal is to estimate the parameters in Eq. 2. We
separate the composite noise Na, and express the aggregate form as Eq. 9, where
σ2

× is the cross-term, which corrects variance among different noise sources.

Na =N (0, σ2
shot+σ2

DCSN+σ2
read−σ2

×)+∆tNDP+NFP + Nq (9)

The dark frames are Id = {I∆ti

d }Ti=1 and the illuminated frames are Iw =
{I∆ti

w }Ti=1, where T denotes the set of exposure times. For each exposure time,
we record Ncal frames and denote the per-exposure means as Ī∆t

d and Ī∆t
w . Us-

ing the dark means and their linear dependence on exposure, we solve the re-
lation Ī∆t

d = ∆tNDP + NFP to obtain NDP and NFP. We further decompose
the fixed-pattern component as NFP = Nrow + NBLC, where Nrow ∈ RH is the
row bias and NBLC ∈ RH×W is the per-pixel black-level component. For illu-
minated frames, we subtract the calibrated dark components from Ī∆t

w to ob-
tain a bias-corrected estimate Î∆t

w = Ī∆t
w − Ī∆t

d . We then compute the empir-
ical mean and variance of Î∆t ms

w to estimate the sum of stochastic variances
σ2

shot +σ2
DCSN +σ2

read. Specifically, taking the variance on both sides of Eq. 9
yields Var(Na) = σ2

shot +σ2
DCSN +σ2

read −σ2
× +1/(12q2)). We treat Ic and ∆t as
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regressors and fit the variance by least squares. We adopt the second-order poly-
nomial model in Eq. 10 and fit each pixel position within a Quad-Bayer block
(16 positions) to obtain βa = {βi}5i=0. The second-order polynomial provides a
flexible empirical model for residual signal- and exposure-dependent variance.
Photo response non uniformity (PRNU) is not separately identified in the cur-
rent calibration; its effect could be absorbed by the per-position coefficients.

Var(Na)=σ2
shot+σ2

DCSN+σ2
read−σ2

× =β0+β1Ic+β2∆t+β3I2
c +β4Ic∆t+β5∆t2 (10)

APS Noise Parameters: The final calibration includes sixteen per-position
coefficients βa and fixed components NBLC, Nrow, NDP. This per-position cali-
bration effectively captures spatial non-uniformity introduced by the hybrid lay-
out while preserving a simple and interpretable mapping from (Ic, ∆t) to noise
variance, as defined in Eq. 9, Eq. 10.
Event Noise Calibration: The EVS noise calibration is to link observed noise
events to the model parameters. Under the threshold-comparator model, the
event probabilities are given by the Q function, see Eq. 7, Eq. 8. In a static
scene (S = 0) and with zero-mean bias (µn = 0), we obtain P+ = P− = Q(θ/σn),
which yields Eq. 11. This equation relates the unobserved noise variance σ2

n to
the observable event probability P and to V̂t, which is mapped from Ic.

σ2
n =

2(σ2
shot + σ2

DCSN − 2ρσshotσDCSN)

(V̂t1 + VPD)2
= (

θ

Q−1(P )
)2 (11)

However, two main challenges arise: (1) Domain mapping: APS provides digital
intensity Ic, whereas EVS operates in a logarithmic voltage domain (V̂t). An
interpretable, monotonic mapping Ic → V̂t is therefore required to bridge the
two domains. (2) Noise coupling: Photon shot noise and dark-current noise are
correlated on a hybrid layout, which directly influences the estimation of σ2

n.
To address these challenges, we collect noise events under consistent conditions,
including dark scenes and static grayscale ramp scenes. The APS calibration is
applied to recover a clean pixel intensity Ic by Eq. 2. Subsequently, an affine
mapping projects APS intensity to the EVS voltage domain, V̂t + VPD ≈ β1Ic +
β2, under monotonicity and positivity constraints. A scale factor β0 converts
the threshold units ensuring that β0Θ is comparable to Q−1(P ), here Θ is the
hardware threshold, e.g., 0.75 mV. For random noise, we adopt an intensity-
dependent model consistent with the APS: σshot = β3Ic, σDCSN = β4, and
ρ = −β5, which yields the regression form in Eq. 12. For the events with N
trials, we count n+, n− and obtain P+ = n+/N, P− = n−/N, P = 1

2 (P+ + P−),
then define the observation Q−1(P ). This procedure estimates parameter set
βe = {βi}5i=0 and produces a bad-pixel mask, handling µn ̸= 0 or outliers by
separate modeling or removal. EVS Noise Parameters: We first estimate µn

from events captured under dark conditions, where signal-dependent components
are minimized. This term represents the fixed offset. Since Eq. 12 is nonlinear, we
optimize the parameters using gradient descent to fit the relationship between
pixel intensity Ic and the observed event probability P . After estimating βe, we
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Fig. 3: Key steps of H-ESIM. (I) Input and inverse colorimetric mapping: (a)–(d)
map a 3200 fps video to per-pixel intensity Ic and APS/EVS CFA through inverse
gamma and inverse color matrix and white balance. (II) APS simulator with calibrated
noise: (e)–(g) add fixed terms Nrow, NBLC, and ∆tNDP, then sample the illumina-
tion/exposure–dependent variance fa(Ic, ∆t; β¯a) to synthesize RAW (Eq. 2, Eq. 9,
Eq. 10). (III) EVS simulator with statistically modeled triggering: (h)–(k) map Ic to
voltage, form the signal S and noise Ne with offsets µn, compute P+ and P− through
Q(·) and threshold θ (Eq. 11, Eq. 12), and sample events using βe.

compute the probability of events for each pixel under the current intensity using
Eq. 8. Finally, we sample ON and OFF events according to these probabilities
to produce the simulated event stream.

Q−1(P ) =
θ

σn
=

θ(V̂t1 + VPD)p
2(σ2

shot + σ2
DCSN − 2ρ σshot σDCSN)

=
β0Θ(β1Ic + β2)p

2((β3Ic)2 + β2
4 + 2β5β3Icβ4)

(12)

5 Hybrid Event Sensor Simulator (H-ESIM)

This section presents the design of our proposed hybrid event sensor simulator
H-ESIM based on the preceding statistical noise model and calibration. Given
a high–frame–rate video sequence, H-ESIM generates RAW frames and events
whose noise follows the calibrated distributions. Our objectives are: (i) to en-
sure interpretable and controllable noise that matches hardware behavior, and
(ii) to achieve efficient execution for both training and evaluation. To eliminate
interpolation artifacts, we leverage a high–speed dataset (3200 fps,1296 × 1024),
which prevents the temporal distortions observed in previous pipelines [23, 56].
APS Simulator: The synthesized RAW images should match the noise statis-
tics of real RAW and, after the ISP, reproduce the appearance of the input
sRGB frames. To achieve this, we implement a controllable sRGB→RAW in-
verse pipeline and inject calibrated noise through the following steps: (1) In-
verse gamma correction: convert RGB frames to a linear irradiance domain. (2)
Inverse color matrix and white balance: map linear RGB to the camera color
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Fig. 4: APS noise calibration on Eiger and GEN2. (a–b) Estimated row bias (inter-
cept). (c) Measured per-pixel noise variance (GEN2). (d) Distribution of measured and
predicted noise. (e) Measured vs. estimated variance across pixels. Scatter points de-
note measured noise variance, and curves denote fitted models.

space and undo white balance. (3) Resampling to Bayer: rearrange into a sin-
gle–channel RAW pattern according to a CFA, e.g., Quad–Bayer. (4) Fixed
terms: following Eq. 2, add NFP = Nrow + NBLC and ∆tNDP. (5) Illumina-
tion/exposure–dependent noise: using Eq. 10 and the position–dependent coeffi-
cients βa, sample the random terms driven by Eq. 9, Eq. 10. (6) Quantization:
apply the camera bit depth to generate the synthesized RAW frames.
APS ISP Library: To provide a reproducible imaging pipeline, we implement
an open ISP that connects the sRGB and RAW domains. The implementation is
provided in NumPy and includes black-level correction [3], demosaicing [36], color
correction [75], gamma and tone mapping [34]. The ISP performs RAW →sRGB
conversion to maintain consistency with the inverse pipeline. Compared to prior
work [79] implemented in MATLAB, our open implementation allows inspection
and modification of the processing steps. See Appx. C for more details.
EVS Simulator: On the EVS pipeline, we explicitly apply the calibrated thresh-
old, dark current and photon shot params βe, as well as position dependence and
readout coupling , to drive the log-domain differencing and comparator process,
as expressed in Eq. 4 and Eq. 8. The workflow consists of the following steps:
(1) Linear intensity to voltage: reuse APS steps 1–3 to obtain per–pixel Ic; map
to the EVS voltage domain through the affine model V̂t + VPD ≈ β1Ic + β2. (2)
Log differencing and sampling: at times t0, t1 compute the signal term S and
the noise term Ne of ∆Vt1 as defined in Eq. 4. (3) Threshold and noise injec-
tion: convert the hardware threshold Θ to the simulation threshold θ; sample
Ne ∼ N (µn, σ2

n) using Eq. 11 and Eq 12 with σshot ≈ β3Ic, σDCSN ≈ β4, and
correlation ρ ≈ −β5. (4) Trigger decision: form ∆Vt1

= S + Ne; emit ON if
∆Vt1 > θ, OFF if ∆Vt1 < −θ, else suppress; ensure the empirical trigger rates
match Eq. 8. Here, Ne includes photon shot noise, dark current, and position-
dependent offsets, as defined in Eq. 4 and Eq. 6.
Implementation: We implement H-ESIM in NumPy [21] and PyTorch [54].
The APS and EVS simulators share the same input and parameter interface, en-
suring portability and cross-verification. The simulator also supports parameter
modification for quantitative noise analysis and the simulation of more complex
noise patterns. It reproduces the log-difference triggering mechanism and realis-
tic noise behavior, providing stable and statistically consistent data for training
and evaluating downstream tasks.
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Fig. 5: Noise events on GEN2 and Eiger. (a, b) Event-probability visualization from
GEN2 and Eiger. (c) Event-probability vs. brightness. (d, e) Per-pixel positive vs.
negative event counts for an illuminated scene and for a dark scene.

6 Experiments

We conduct experiments in two stages: first, we validate the noise model and
calibration framework on real data; second, we evaluate the simulator on real
data—assessing temporal accuracy via video frame interpolation [43, 68] and
spatial fidelity via video deblurring [61, 62]. Sensors: We evaluate two hy-
brid event sensors1, GEN2 and Eiger, both using a Quad-Bayer [15] APS to
increase spatial resolution. Within each Quad-Bayer [15] block, GEN2 embeds
one white event pixel, whereas Eiger integrates four color-filtered event pixels.
The APS resolution is 3246 × 2448, and the EVS resolutions are 1632 × 1224
and 816 × 612, respectively. Dataset: To support both stages, we collect noise-
calibration data, high-speed motion videos, and blurred videos, while addition-
ally leveraging the publicly available datasets [73, 74, 79]. Each sensor outputs
APS RAW frames and event streams. Implementation: All experiments are
conducted with NumPy [21] and PyTorch [54] on a single NVIDIA A100 GPU.

6.1 Noise Model and Calibration Analysis

Following Sec. 3 and Sec. 4, Fig. 4 and Fig. 5 present the noise-calibration results
of APS and EVS. APS Noise Analysis: (i) Fixed-pattern noise: Fig. 4 (a)–(b)
show the fixed components. The Eiger exhibits strong row noise, consistent with
the influence of its embedded EVS pixels, one quarter per Quad-Bayer, on the
readout path, whereas the GEN2 shows no visible banding. Although fabrication
and circuit design also contribute, the results indicate that stronger APS–EVS in-
tegration increases fixed-pattern noise. (ii) Generated vs. real noise distributions:
Fig. 4 (c) shows that, for GEN2, the pixel-wise noise variance rises with image
brightness. Fig. 4 (d) compare real and predicted noise from the clean intensity
frame, showing a close statistical match. (iii) Brightness-dependent noise: Fig. 4
(e) plot real and predicted noise across brightness levels. Furthermore, pixels un-
der different color filters follow distinct trends, supporting the color-separated
modeling. In summary, two key insights emerge: (1) EVS–APS stacking and
mixing amplify fixed noise; (2) color filters and pixel positions jointly influence
per-pixel noise. These findings emphasize the complexity of hybrid-sensor noise
modeling.
1 www.alpsentek.com/product, Eiger Model:APX003

 www.alpsentek.com/product
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Fig. 6: VFI under a skip-one-frame setting. The intermediate frame is removed and
predicted from adjacent APS frames and events. The reference frame uses rolling-
shutter readout, which causes geometric distortion under fast motion. w/o and w denote
without and with H-ESIM fine-tuning, respectively.
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EVS parameter stability

Fig. 7: Numerical stability of
EVS parameter estimation. We
perform 200 independent runs
with random initialization. The
boxplots summarize the distri-
bution of the estimated param-
eters. All coefficients of varia-
tion are below 0.066, indicat-
ing strong stability across multi-
start optimization.

EVS Noise Analysis: (i) Coupling of illu-
mination and event noise: Fig. 5 (a)–(b) show
that per-pixel event probability increases with
brightness, confirming a direct link between il-
lumination and noise events in Eq. 8. (ii) Event
noise count distribution: Fig. 5 (c) further shows
that, as brightness increases, the entire distri-
bution shifts upward, aligning with the predic-
tion of Eq. 12. (iii) Coupling of polarity asym-
metry and threshold : Fig. 5 (d)–(e) show that,
in darkness, ON events slightly exceed OFF
events, while under illumination, the ON/OFF
balance varies with brightness, indicating non-
linear threshold–brightness coupling. These ob-
servations confirm the illumination-dependent
EVS noise captured by our model and calibra-
tion, and further reflect the intrinsic complexity
of EVS noise behavior. (iv) EVS Parameter Sta-
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Table 1: VFI results under the one-frame-skipping protocol on real data. "Simulator"
indicates the simulator used to generate the pre-training or finetune data for each
model. Methods marked w/o and w denote without and with H-ESIM fine-tuning.

Methods TL CBMNet TL-XL w/o TL-XL w HR-INR w/o HR-INR w
Simulator ESIM [56] ESIM [56] v2e [23] ours ESIM [56] ours

E
ig

er PSNR↑ 29.9948 31.9309 32.3046 33.8743 32.4129 35.2425
SSIM↑ 0.5793 0.8410 0.7755 0.8629 0.7821 0.8862

LPIPS↓ 0.4042 0.3021 0.2143 0.1677 0.1979 0.0787

G
E
N

2 PSNR↑ 31.6309 33.7758 34.1787 34.5801 34.2631 35.5198
SSIM↑ 0.7583 0.8329 0.9112 0.9127 0.9134 0.9278

LPIPS↓ 0.2175 0.2643 0.0865 0.0535 0.0726 0.0419

Table 2: Spatial deblurring on the hybrid sensor Eiger with RAW and events. Meth-
ods marked (w/o) are trained only on the dataset [74], while those marked (w) are
additionally fine-tuned on H-ESIM. blue is improvement and red is degradation.

Method Simulator CLIP-IQA ↑ MUSIQ ↑ NRQM ↑

eSL [78] (w/o) [74] 0.3070 18.74 4.091
eSL [78] (w) [74] + H-ESIM 0.4346 22.97 5.899
MAER [63] (w/o) [74] 0.3297 18.88 5.038
MAER [63] (w) [74] + H-ESIM 0.3370 19.05 5.064
EFNet [61] (w/o) [74] 0.2208 16.83 3.797
EFNet [61] (w) [74] + H-ESIM 0.4248 21.52 5.108

bility: Fig. 7 shows the convergence results under different random initializations.
The maximum coefficient of variation across parameters is 0.066. This indicates
low dispersion relative to the mean and suggests stable convergence of the noise
parameters. See Appendix B for more details.

6.2 Temporal and Spatial Evaluation of H-ESIM

We evaluate temporal and spatial modeling on dynamic scenes captured by
GEN2 and Eiger. Temporal Analysis: For temporal evaluation, we bench-
mark TimeLens [69], CBMNet [31], TimeLens-XL [43], and HR-INR [40] on VFI.
Official training code is available for TL-XL and HR-INR, which we fine-tune
using data generated by H-ESIM. In testing, we remove one intermediate APS
frame and predict it from two adjacent frames and events. We report reference-
based metrics, including PSNR, SSIM [71], and LPIPS [80]. The reference APS
frame is captured with rolling-shutter readout and exhibit geometric distortion
under fast motion; it therefore serves as a reference rather than a distortion-
free ground truth. (i) Quantitative Results: Tab. 1 reports PSNR, SSIM, and
LPIPS. After fine-tuning with H-ESIM, both TimeLens-XL and HR-INR show
consistent improvements across distortion-based and perceptual metrics. The
gains are more evident on Eiger, where fixed-pattern noise and layout-induced
artifacts are stronger. This suggests that the calibrated simulator provides train-
ing data that better matches real hybrid sensor statistics, thereby reducing the
domain gap between synthetic and real data. (ii) Qualitative Results: Fig. 6
presents representative visual comparisons. Baseline models exhibit edge mis-
alignment in moving regions. TL-XL without fine-tuning occasionally amplifies
event fixed noise, leading to isolated noise points in reconstructed areas. After H-
ESIM fine-tuning, such artifacts are suppressed, and reconstructed edges appear
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sharper and more coherent. Under extremely fast motion, none of the methods
fully recover the exact object contours due to rolling-shutter distortion and event
sparsity. However, fine-tuned models produce clearer edge transitions and bet-
ter structural continuity. In particular, HR-INR more reliably reconstructs the
contour of the fast-moving shuttlecock, reflecting improved temporal consistency
under hybrid-sensor noise.
Spatial Analysis: We further assess spatial modeling through hybrid-sensor de-
blurring. Since ground-truth sharp frames are unavailable, we report no-reference
image quality metrics: CLIP-IQA [70] and MUSIQ [30] for perceptual and se-
mantic fidelity, BRISQUE [49] for naturalness and distortion, and We evaluate
eSL [78], MAER [63], and EFNet [61] under the same setting as [74], compar-
ing models fine-tuned with and without H-ESIM. Tab. 2 shows that fine-tuning
on H-ESIM leads to consistent improvements in perceptual metrics across all
models. Gains are most evident in CLIP-IQA, with similar trends observed in
MUSIQ and NRQM. These results suggest that calibrated simulation helps re-
duce spatial artifacts and improves structural coherence under real hybrid-sensor
noise. Overall, H-ESIM fine-tuning improves spatial detail recovery and percep-
tual consistency on real hybrid-sensor data. See Appx. D for more visualization.
Comparison with Generic Simulators: Tab. 1 and Tab. 2 list the simulator
used during training. Generic simulators such as ESIM [56] and v2e [23] generate
contrast-based events but do not model hybrid-sensor-specific noise, including
layout-dependent fixed noise. After fine-tuning with H-ESIM, both VFI and
deblurring models show consistent improvements. This indicates that calibrating
simulator statistics to real hybrid sensors reduces the synthetic–real domain gap
and improves robustness to hybrid-specific noise.

7 Conclusion

This work presents the first simulation framework for hybrid event sensors. We
develop a unified imaging noise model, a calibration method, and a realistic
simulator, H-ESIM, supported by comprehensive temporal and spatial analy-
ses for downstream tasks. Our framework establishes a foundation for future
hybrid-sensor research and aims to inspire broader community efforts in hybrid
event sensor. Limitation: As an initial step toward hybrid-sensor simulation,
our model does not explicitly cover extreme conditions, such as very low illumi-
nation, extreme temperatures, or bandwidth constraints. Under these regimes,
noise statistics may deviate from the Gaussian approximation adopted in this
work. Extending the model to account for such conditions remains future work.
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