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Abstract 

Event cameras, which asynchronously detect local brightness changes with sub-
millisecond precision, offer high temporal resolution, wide dynamic range, and effi‑
cient data throughput. While these advantages have driven advances in dynamic 
vision and motion analysis, their application to functional biological imaging remains 
underexplored. Here we present a comprehensive event-based imaging framework 
that includes quantitative optical characterization of event cameras, multi-modal 
in vivo imaging including cortical blood flow and neuronal calcium dynamics, 
and a novel self-supervised reconstruction algorithm, Implicit Neural Factorization 
(INF), which converts sparse event streams into continuous activity signals. This frame‑
work opens new possibilities for high-resolution, data-efficient functional imaging 
in biology.

Keywords:  Event-based imaging, Neuronal calcium dynamics, Implicit neural 
factorization, Functional biological imaging, Self-supervised learning, Asynchronous 
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Introduction
Understanding brain function demands tools capable of monitoring neuronal activity 
with exceptional spatiotemporal precision. Optical imaging has become an indispensa-
ble technique in neuroscience for this purpose, enabling non-contact, high-resolution 
visualization of large-scale neuronal populations at subcellular levels [1, 2]. However, 
conventional high-speed imaging faces intrinsic trade-offs between spatial and tempo-
ral resolution. Increasing frame rates reduces the field of view or spatial resolution—
through subarray readout or pixel binning—thereby introducing crosstalk between 
features [3]. Additionally, shorter exposure times diminish the signal-to-noise ratio due 
to reduced photon counts, while stronger illumination accelerates photobleaching, hin-
dering stable, long-term imaging [4, 5]. Moreover, because neuronal activity is inherently 
sparse [6, 7], traditional frame-based acquisition produces massive data volumes with 
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low information density, often exceeding 1 GB/s, thereby posing challenges for real-time 
data storage, transfer, and analysis [8].

Event cameras offer a promising alternative for overcoming these limitations. Unlike 
conventional frame-based sensors that synchronously sample all pixels at fixed frame 
rates, event cameras asynchronously detect local brightness changes with sub-milli-
second precision, generating an event when the logarithmic intensity changes at a pixel 
exceeds a preset threshold. This architecture enables ultra-high temporal resolution, a 
high dynamic range exceeding 110 dB (compared to 50–60 dB for sCMOS), and sub-
stantially lower data rates and power consumption. Leveraging these unique features, 
event cameras have recently been applied in various biological applications, including 
single-molecule localization microscopy [9], light-field microscopy for kilohertz-rate 
volumetric reconstructions [10], neuromorphic cell sorting [11], event-guided synchro-
tron X-ray imaging [12], and hybrid event/CMOS fluorescence microscopy [13].

Although the sparse and dynamic nature of neuronal activity aligns naturally with 
the asynchronous sampling paradigm of event cameras, a comprehensive framework 
for functional biological imaging using these sensors has not been established. Notably, 
most existing event-based techniques have focused on motion or blinking signals, where 
large brightness changes (ΔF/F0 ≫ 1) enable robust event detection [9–13]. In such set-
tings, the reconstructed data primarily captures where brightness changes occurred, 
rather than precisely recovering the magnitude and temporal dynamics of intensity 
changes. In contrast, functional imaging of neurons poses a substantially more chal-
lenging scenario. Brightness changes arising from functional indicators are inherently 
smaller (ΔF/F0 ≈ 0.1–0.5) than those encountered in motion or blinking applications, 
and illumination intensity is further constrained by photobleaching and phototoxicity, 
limiting attainable signal amplitude and signal-to-noise ratio.

Accordingly, a comprehensive pipeline should begin with quantitative optical charac-
terization of event cameras under biologically relevant criteria, to assess whether a given 
imaging modality is compatible with event-based acquisition. Subsequently, compatible 
imaging modalities should be experimentally validated, followed by the development 
of reconstruction algorithms capable of converting discrete event streams into analyz-
able representations [1, 14–17]. Such a pipeline would delineate the practical scope of 
event-camera-based functional imaging and enable the translation of sparse event data 
into quantitative biological readouts with a large field-of-view with maximum 5 kHz 
acquisition.

In this work, we present a unified framework for functional imaging with event cam-
eras —encompassing optical characterization, modality validation, and data reconstruc-
tion. We first quantified the optical performance of event cameras and determined the 
ΔF/F0 threshold required to achieve a target signal-to-background ratio (SBR) under bio-
logically plausible irradiance levels. Guided by this analysis, we then performed event-
based imaging of cortical blood flow and neuronal calcium dynamics across multiple 
biological systems, including cultured neurons, brain organoids, and the intact mouse 
cortex in vivo. Finally, we developed a self-supervised reconstruction method, Implicit 
Neural Factorization (INF), to convert discrete, asynchronous event streams into con-
tinuous, high-resolution activity traces. This biologically informed approach performs 
substantially better than existing self-supervised reconstruction methods when applied 
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to real calcium imaging data, without attenuating ΔF/F0 or introducing strong noise, 
faithfully recovering the amplitude and timing of individual calcium transients.

Results
Optical characterization of the event camera

To test the feasibility of using event cameras for functional biological imaging, we first 
performed a systematic optical characterization. We constructed an inverted widefield 
microscope equipped with a programmable LED module in the excitation path (Fig. 1a). 
In the detection path, we installed an event-based camera and an sCMOS camera. The 
light path was controlled by either a beamsplitter (event camera: sCMOS = 8:2) or a flip 
mirror, with a 0.55 × demagnifier to increase the field of view of the event camera by a 
factor of ~ 3.3. We used the DVXplorer (iniVation), whose high dynamic range and sta-
ble contrast threshold behavior made it a suitable representative model for quantitative 
optical characterization.

Unlike conventional sCMOS cameras that continuously measure absolute brightness, 
event cameras emit either a positive (+ 1) or negative (−1) event whenever the logarith-
mic change in brightness at a pixel exceeds a preset threshold. This results in the event 
camera encoding the temporal derivative of the input signal rather than its absolute 
intensity. Under triangular-wave illumination, the sCMOS trace follows the input inten-
sity, f(t), whereas the event camera output corresponds to its temporal derivative, df(t)/
dt, showing high positive polarity during brightness increases and vice versa (Fig. 1b, c).

Fig. 1  Optical characterization of event camera performance for functional imaging. a Schematic 
illustration of the optical configuration. b Comparison of sCMOS and event camera responses under 20 Hz 
triangular-wave input illumination. The sCMOS sensor records continuous brightness over time, whereas 
the event camera detects discrete increases and decreases in brightness. Only positive events are displayed 
for clarity. c Representative images of sCMOS and event camera output. d Background event rate measured 
under stable illumination at increasing irradiance levels. e Event rate plotted against relative brightness 
change (ΔF/F0) for different irradiance levels. f Signal-to-background ratio (SBR) as a function of ΔF/F0 and 
irradiance, revealing improved contrast with larger signal changes and brighter illumination. g Minimum ΔF/
F0 to achieve a target SBR plotted across different irradiance levels. Higher irradiance reduces the detection 
threshold, indicating improved sensitivity
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To determine optimal conditions for biological imaging, we quantified event genera-
tion and background activity under varying irradiance and relative brightness change 
(ΔF/F0). Imaging was performed using the ‘High’ sensitivity (threshold = 5) configura-
tion, which provided the best balance between background suppression and sensitivity 
(see Fig. S1 for detailed comparison). Background event rates under stable illumination 
increased with higher irradiance (Fig. 1d). Event rates rose with both higher ΔF/F₀ and 
irradiance, resulting in improved signal-to-background ratio (SBR; Fig. 1e, f ). Notably, 
higher irradiance lowered the relative brightness change required to achieve a given 
SBR, such that higher ΔF/F₀ and irradiance together facilitated higher SBR (Fig. 1g). Col-
lectively, these results suggest that event-based detection can reliably resolve cellular-
level dynamics under typical functional imaging conditions (i.e., irradiance = 0.1–1 μW/
mm2, ΔF/F₀ = 10–50%).

Cortical vascular imaging with an event camera

To demonstrate the applicability of event cameras for biological imaging, we first selected 
a modality that exhibits large brightness fluctuations and rapid dynamics. Cortical vascu-
lar imaging satisfies both criteria: the relative fluorescence change (ΔF/F0) is inherently 
high due to the weak baseline signal from tissue autofluorescence, and blood flow occurs at 
millimeter-per-second scales, requiring high temporal resolution to resolve the dynamics 
accurately. We prepared a mouse cranial window model and intravenously administered 
FITC-dextran to label blood plasma (Fig. 2a). The anesthetized mouse was secured under a 

Fig. 2  In vivo cortical vascular imaging using an event camera. a Schematic of the mouse preparation. A 
mouse with a cranial window was anesthetized for cortical imaging. b Left, widefield fluorescence image 
of pial vasculature acquired using an sCMOS camera. Scale bar, 20 μm. Middle, accumulated events from 
the event camera over time. Right, standard deviation image from naïve accumulation, highlighting three 
selected regions of interest (ROIs) selected for kymograph-based flow analysis. c 100 Hz reconstructed 
sequential event frames displayed at 0.1s intervals. Positive (green) and negative (magenta) events 
correspond to RBC-induced brightness fluctuations in narrow vessels. d Mean blood flow velocities measured 
from 1000 Hz reconstructions across the three ROIs. Error bars represent standard deviation over time. e 
Kymographs generated from 1000 Hz reconstructions. Diagonal band slopes correspond to flow velocity. 
f Mean event counts over time from a single vessel ROI (white box in left image). Alternating green and 
magenta spikes reflect RBC passages through the vessel
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custom head-fixation system, and cortical blood flow was imaged through a widefield fluo-
rescence microscope coupled to the event camera.

Narrow cortical vessels were especially well-suited for event-based detection, as trains of 
red blood cells (RBCs) intermittently displaced the fluorescent plasma, producing strong 
brightness fluctuations. Event data were initially reconstructed by binning events in 10 
ms intervals for visualization, with positive and negative events represented in green and 
magenta, respectively. Accumulated and standard-deviation images from this reconstruc-
tion revealed three vessel branches with clearly resolved blood flow patterns (Fig. 2b). The 
alternating green and magenta signals at a fixed site correspond to successive RBC pas-
sages, consistent with plasma-RBC separation during flow (Fig. 2f).

To achieve higher temporal resolution, we performed reconstruction at 1000 Hz by bin-
ning events into 1 ms intervals. Kymographs were generated from selected vessel branches, 
with slope reflecting flow velocity (Fig. 2d). Flatter slopes correspond to faster RBC move-
ment, while steeper slopes indicate slower flow velocities. For instance, in ROI 1 (cyan, 
Fig. 2b), slope changes before and after vascular bifurcation indicate localized velocity vari-
ation (Fig. 2e). We confirmed that the velocities measured from event-based kymographs 
were consistent with those obtained from simultaneously recorded sCMOS images in an 
additional experiment (Fig. S3). These results confirm that event cameras can reliably cap-
ture high-speed biological dynamics at frame rates unattainable by sCMOS cameras over 
the same field of view.

Central principle of implicit neural factorization

To further leverage event cameras for neural activity recording, a robust reconstruction 
strategy is essential. However, reconstructing calcium imaging from event streams pre-
sents a fundamental challenge: the data are sparse and asynchronous, encoding only rela-
tive changes in brightness rather than absolute intensities. To overcome this, we developed 
Implicit Neural Factorization (INF), a reconstruction framework that exploits the intrin-
sic spatial and temporal structure of calcium signals. Neurons exhibit spatially localized 
expression of calcium indicators, while neuronal populations show coordinated temporal 
dynamics [1]. Therefore, events arising from different pixels of the same neuron should be 
integrated into a unified, continuous-time activity trace —enabling temporal resolution 
beyond that achievable with fixed time-bin accumulation.

This biological property can be represented through a low-rank factorization [18–20] of 
calcium imaging data, L(t) = WH(t) , with the detailed formulation given by:

where L(t) ∈ R
s×1 , W ∈ R

s×k , H(t) ∈ R
k×1 , and s ∈ N and k ∈ N denote the number 

of pixels in the image and the rank of the data, respectively. Here, lu(t) ∈ C0 [t0, tf ]  
denotes the calcium signal at the u-th pixel in the continuous-time interval [t0, tf ] , 
hv(t) ∈ C0

(
[t0, tf ]

)
 denotes the temporal signal of the v-th low rank component in the 
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continuous-time interval [t0, tf ] , and wuv represents the contribution of v-th component 
to the u-th pixel. To preserve the native temporal precision of event data, temporal com-
ponents were parameterized as continuous-time functions using implicit neural repre-
sentation (Fig. 3a) [21, 22]. Each pixel’s signal is reconstructed as

where hθv (t) is a learnable, continuous time function that approximates hv(t) parameter-
ized by θ , and l̂u(t) denotes the predicted signal of the u-th pixel (Fig. 3c).

To design this reconstruction framework, we incorporate the event generation prin-
ciple: an event occurs when the logarithmic intensity change at a pixel surpasses a 
fixed threshold, with polarity reflecting signal direction (Fig. 3b) [23]. Based on this, 
we introduce an Asynchronous Temporal Consistency (ATC) loss [14] that enforces 
agreement between the temporal intensity changes in the reconstructed signals and 
the relative increments encoded by the event stream, ensuring physical consistency 
with the underlying event-generation process. By optimizing this objective under the 
low-rank formulation, INF learns spatial and temporal components that reconstruct 
neural activity in continuous-time precision (Fig. 3d; “ Methods”).

l̂u(t) =

k∑

v=1

wuvhθv (t),

Fig. 3  Reconstruction of event-based calcium imaging via implicit neural factorization (INF). a Conceptual 
overview of INF. Calcium imaging data are factorized into spatial footprints and continuous-time temporal 
components. b Events are generated when the logarithmic change in intensity exceeds a fixed threshold, 
with polarity indicating the direction of change (pink = positive, cyan = negative). c Temporal dynamics are 
modeled as implicit neural representations and combined with spatial weights to reconstruct continuous 
calcium signals. d A self-supervised loss enforces consistency between predicted temporal intensity changes 
and accumulated event polarities, ensuring adherence to the physical event-generation process
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Reconstruction of calcium signals from in vitro event camera data

To validate the effectiveness of our method in reconstructing calcium signals from 
experimentally acquired data, we acquired a paired dataset of cultured hippocam-
pal neurons recorded simultaneously with an event camera and an sCMOS camera 
(Fig. 4a). The data acquired with the sCMOS camera at 10 Hz served as the ground 
truth. Reconstructions from event data were generated at the same frame rate to 
allow direct comparison with two representative self-supervised learning-based 
methods: EvINR [24] and Ev-FlowNet [14]. As shown in Fig.  4b, our approach pre-
serves fine spatial structures that are highly consistent with the sCMOS reference, 
whereas EvINR and Ev-FlowNet produce noisier reconstructions with a substantial 
loss of spatial details.

Temporal fidelity was further assessed by extracting ROI traces from the sCMOS 
recordings and comparing them with reconstructed signals. Our method closely recov-
ers both the amplitude and timing of individual calcium transients, demonstrating strong 
overlap with the ground-truth traces (Fig. 4c). In contrast, Ev-FlowNet introduces high-
frequency noise, while EvINR captures only the coarse trend of the sCMOS signals, with 
significantly attenuated ΔF/F₀ [1], making individual transients nearly imperceptible.

Quantitative comparisons across three independent recordings are summarized in 
Fig. 4d. For each dataset, ROI-wise Pearson correlation coefficients (PCCs) were com-
puted between the sCMOS and reconstructed traces. The resulting PCC distributions 
are displayed as box plots, and statistical significance between methods was assessed 
using paired t-tests on ROI-level PCC values. Our method consistently outperforms 
existing approaches, yielding significantly higher correlations (p < 0.05) across all 
datasets.

Fig. 4  Comparative evaluation of event-based reconstructions against sCMOS reference. a Schematic of 
the hippocampal neuron culture used for calcium imaging. b Example ΔF/F₀ frames reconstructed at 10 Hz; 
yellow boxes highlight cropped regions shown below at higher magnification. c ΔF/F₀ traces from three 
representative neurons in the sCMOS recording and reconstructions using INF (ours), Ev-FlowNet, and EvINR. 
INF faithfully captures both the amplitude and timing of individual calcium transients, whereas Ev-FlowNet 
exhibits noisy fluctuations, and EvINR captures only coarse temporal trends with attenuated amplitudes. 
d Box plots of Pearson correlation coefficients (PCC) between sCMOS recordings and reconstructed 
traces across all ROIs from three independent datasets. Sample sizes per dataset: n = 6, 5 and 4 neurons, 
respectively. Statistical significance: ns, not significant; * p < 0.05; ** p < 0.01; *** p < 0.001



Page 8 of 17Yoon et al. PhotoniX            (2026) 7:21 

To further validate the reconstruction framework, we extended the analysis to a larger 
number of neurons (Fig.  5a). Standard deviation projections from the event-based 
reconstructions closely matched the sCMOS reference, highlighting overlapping pat-
terns of active neurons (Fig. 5b). Calcium traces extracted from multiple ROIs revealed 
distinct temporal activity patterns across individual neurons, reflecting heterogeneous 
activity within the network (Fig. 5c). The reconstructed signals accurately captured both 
the timing and relative amplitude of these transients compared to the sCMOS record-
ings, demonstrating that event-based reconstruction can resolve both population-level 
and subcellular activity in complex, asynchronous networks. These results further con-
firm the robustness and scalability of our reconstruction framework and its suitability 
for detailed multi-ROI analysis of calcium dynamics.

Event camera‑based imaging of neuronal dynamics in vivo

To further evaluate the applicability of event cameras for imaging calcium dynamics 
in  vivo, we first conducted a feasibility study in brain organoids (Fig. S4). To emulate 
functional dynamics, we applied synthetic patterned illumination to GFP-expressing 
neurons in forebrain organoids at a depth of 60 μm from the surface. The illumination 
pattern was tuned to resemble physiological calcium activity, with fluorescence changes 
ranging from 20–50% in ΔF/F₀. Individual ROIs were sequentially illuminated at 500 
ms intervals and imaged simultaneously with sCMOS and event cameras. Despite sig-
nal crosstalk among adjacent ROIs due to tissue scattering, the event camera effectively 
detected dynamic fluorescence changes, demonstrating its ability to resolve calcium-like 
activity patterns under scattering environments.

After validating feasibility in organoids, we performed in vivo cortical calcium imag-
ing using event cameras and an upright widefield microscope to assess performance 

Fig. 5  Event-based imaging and reconstruction of neuronal calcium dynamics. a Mean image of the 
hippocampal neuron culture used for calcium imaging. b Standard-deviation projections from the reference 
sCMOS recording and the event-based ΔF/F₀ reconstructions. A Gaussian blur (σ = 1.5 pixels) was applied to 
the event data prior to s.d. computation to suppress sensor-level noise. c Calcium traces from selected ROIs 
in panel b. Solid lines represent event-based reconstructions; dotted lines indicate reference sCMOS signals. 
Both traces were resampled at 10 Hz for comparison. d Schematic of the awake mouse model used for 
in vivo cortical calcium imaging. e Standard-deviation projection of the sCMOS signals. f Standard-deviation 
projection from event-based ΔF/F₀ reconstruction, processed identically to b (with Gaussian blur applied). 
g ΔF/F₀ traces from selected ROIs shown in panel f. Reconstructions were sampled at 10 Hz, and global 
brightness fluctuations were removed to enhance neuron-specific dynamics
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under physiological conditions. A cranial window was prepared in a mouse express-
ing GCaMP6s in cortical neurons, and imaging was conducted under awake condi-
tions (Fig. 5d). To maximize collection efficiency, sCMOS and event camera recordings 
were acquired sequentially. Standard-deviation projections from the reconstructed data 
revealed spatial activity patterns consistent with those captured by the sCMOS camera 
(Fig. 5e, f ). To reduce contamination from global fluorescence fluctuations caused by tis-
sue scattering and deep-layer activity, the global signal component was subtracted from 
the raw traces, revealing heterogeneous, asynchronous calcium transients across indi-
vidual neurons (Fig. 5g). Together, these results demonstrate that event cameras faith-
fully capture in  vivo neuronal calcium dynamics with high temporal precision, even 
under scattering conditions and during awake imaging.

Discussion
With their exceptional temporal resolution, wide dynamic range, and low power con-
sumption and data rates, event cameras represent a promising new modality for biologi-
cal imaging. Despite these advantages, previous event-based techniques have focused on 
motion or blinking signals to reconstruct structure or motion. In this study, we success-
fully visualized vascular dynamics and neuronal calcium activity in both cultured neu-
rons and the cortex of awake mice using event cameras, a significantly more demanding 
test cases for event cameras with smaller ΔF/F₀ signals and limited irradiance than prior 
structural or motion-focused applications. The resulting sparse event streams were not 
readily compatible with conventional quantitative analysis, and existing self-supervised 
reconstruction methods were insufficient for neuronal functional data, attenuating ΔF/
F0 or introducing strong noise (Fig.  4c, d). To overcome this, we introduced implicit 
neural factorization (INF), which leverages the spatiotemporal low-rank structure of 
neural activity to reconstruct ΔF/F₀ traces while preserving sub-millisecond temporal 
precision. This approach enabled quantitative validation that event cameras can faith-
fully capture biologically meaningful signals and allowed for direct comparisons with 
sCMOS recordings.

Several technical refinements could further enhance the performance of event cam-
eras in biological applications. In our setup, the limited illumination area constrained 
full utilization of the sensor’s field of view; intense illumination at the center generated 
more events than the peripheral regions. This can be addressed by expanding the illu-
mination area or employing a flat-top beam profile to achieve uniform intensity across 
the field. Furthermore, our widefield configuration shares the intrinsic limitations of 
single-photon microscopy, including limited depth resolution and background fluores-
cence. Fortunately, the modular architecture of event cameras enables seamless integra-
tion with advanced modalities such as temporal focusing two-photon microscopy [25], 
spinning disk confocal microscopy, or light-sheet microscopy, which could extend their 
application to deeper and more specific imaging contexts. This flexibility applies to both 
imaging modality and hardware selection (Figs. S2 and S3).

The goal of this work was to establish that event-based sensors can be effectively 
applied to in vivo functional biological imaging, a context in which sCMOS cameras are 
widely used. In the cortical vessel imaging experiments, we demonstrate a combination 
of wide field-of-view and 1000 Hz temporal sampling that defines an operational regime 
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not readily accessible with conventional sCMOS cameras, delineating a complementary 
capability of event-based sensing beyond standard frame-based acquisition (Fig. 2d, e). 
Even in regimes where sCMOS systems may approach similar frame rates, event-based 
sensors provide practical advantages, including compactness and low power consump-
tion, and are beneficial for portable functional imaging platforms.

Therefore, event cameras also hold promise for voltage imaging, where high-speed 
acquisition is critical. The current limitation arises from the low ΔF/F0 signals and lim-
ited irradiance of existing voltage indicators and genetically encoded voltage indicators 
(GEVIs), which limit event generation. This limitation could be addressed by developing 
brighter GEVIs or by incorporating image intensifiers to amplify photon flux without 
inducing photodamage.

Finally, a notable advantage of event cameras is their ability to detect and correct 
motion artifacts, owing to their design based on capturing local brightness changes 
rather than full-frame images. This property, well established in autonomous navigation 
and robotics, allows for precise motion tracking with high temporal resolution. In bio-
logical imaging, this feature can be exploited to detect and mitigate distortions caused 
by tissue drift, cardiac pulsation, or other physiological movements. Such motion-aware 
detection enhances signal fidelity and stability during in vivo neural imaging, especially 
under awake and mobile conditions.

Overall, event cameras represent a compelling platform for high-speed functional 
imaging in neuroscience. Their combination of asynchronous sensing, continuous-time 
signal reconstruction via INF, and seamless compatibility with existing optical systems 
positions them as a versatile tool for capturing rapid biological dynamics, particularly 
those that challenge conventional frame-based imaging.

Conclusion
We established a comprehensive experimental and computational pipeline, encompass-
ing optical characterization, modality validation, and signal reconstruction. Harnessing 
this framework, we demonstrated that event cameras reliably capture vascular dynamics 
and neuronal calcium activity in cultured neurons and in the cortex of awake mice. With 
their high temporal resolution, wide dynamic range, and asynchronous, data-efficient 
sampling, event cameras offer a powerful and versatile platform for next-generation 
functional imaging. By enabling real-time, low-latency acquisition of rapid biological 
signals, they open new avenues for investigating fast neural and vascular dynamics, neu-
romodulation, and behaviorally relevant activity in vivo.

Methods
Event camera optical setup

The event camera (DVXplorer, iniVation) was mounted on the left port of an inverted 
epifluorescence microscope equipped with a motorized filter wheel (Eclipse Ti2, Nikon; 
Fig.  1). An sCMOS camera (Kinetix22, Teledyne Photometrics) was attached to the 
eyepiece port to enable simultaneous fluorescence imaging. Both cameras and the fil-
ter wheel were controlled using NIS-Elements software (Nikon). The light path was 
adjusted either by an 8:2 beamsplitter (event camera: sCMOS = 8:2) to allow simulta-
neous acquisition, or by a flip mirror to direct light only to the event camera. Calcium 
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imaging recordings with sCMOS were acquired at a relatively slow rate (10 Hz) under 
sufficiently bright illumination, so the sCMOS data were not photon-limited and reliably 
captured the underlying calcium dynamics despite the 8:2 beam splitter directing less 
light to the sCMOS camera. For in vivo cortical calcium imaging, the event camera was 
mounted on the eyepiece port of a custom upright microscope (Cerna, Thorlabs). An 
sCMOS camera (ORCA-Flash 4, Hamamatsu) was used to define the field of view. In all 
configurations, a 0.55 × demagnifier (Nikon) was attached to the event camera, increas-
ing its effective field of view by approximately 3.3-fold. The excitation power was set to 
0.5–10 mW∙mm⁻2 for in vitro studies and ~ 30 mW∙mm⁻2 for in vivo studies. Additional 
event camera (IMX636, Sony) was used for cross-validation.

Optical characterization

For optical characterization, a single pollen grain was positioned at the center of the field 
of view. Illumination from a 445-nm LED (Solis-445C, Thorlabs) was modulated at 20 
Hz using a LED driver (DC2200, Thorlabs) to generate a triangular waveform. Irradi-
ance was first calibrated by measuring both the direct port output and the sCMOS signal 
under identical conditions; the sCMOS counts were then used to calculate irradiance 
during following measurements.

Background events were recorded under stable illumination, and total event counts were 
measured while varying the illumination amplitude and baseline. Events were collected 
from a circular ROI corresponding to the size of the pollen grain, and the total number of 
events was divided by acquisition time to obtain events per millisecond. The correspond-
ing ΔF/F₀ values were calculated from simultaneously acquired sCMOS fluorescence data.

Asynchronous temporal consistency loss

An event is generated at pixel (x, y) when the relative changes in brightness since the pre-
vious event reaches a fixed contrast threshold. A positive event occurs when the inten-
sity increases by a factor of (1+ c) , and a negative event occurs when it decreases by a 
factor of (1− c) , where c denotes the linear contrast sensitivity. For two events occurring 
at the same pixel at time point tm and tn ( tm < tn) , the corresponding intensity relation-
ship is expressed as

where �p+ and �p− denote the numbers of positive and negative events, respectively. 
Taking the logarithm yields

Defining θ+ = ln(1+ c) and θ− = ln(1− c) , the asynchronous temporal consistency 
loss [14, 26] is then formulated as

which enforces reconstructed signals l̂u(t) to remain consistent with the physical event-
generation process across all pixels and event pairs.

lu(tn) = (1+ c)
∑

p+(1− c)
∑

p− lu(tm),

lnlu(tn)− lnlu(tm) = �p+ln(1+ c)+�p−ln(1− c).

Latc = �s
u=1�n�=m

∣∣∣(ln̂lu(tn)− ln̂lu(tm))− (�p+θ+ +�p−θ−)
∣∣∣
2

2
,
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Regularization and total objective

To promote biologically plausible reconstructions, we impose three regularizations on 
the spatial component. The sparsity loss Lsp = |W |1 encourages sparsity [27], and the 
total variation loss LTV = |∇xW |1 +

∣∣∇yW
∣∣
1
 promotes spatial smoothness [28]. In addi-

tion, a baseline loss Lb is introduced to anchor the reconstruction, which is otherwise 
ill-posed due to the ambiguity of absolute scale [29].

The total training objective was

with �atc, �sp, �TV  , �b controlling the respective contributions. To better reflect the struc-
ture of calcium imaging data, the spatial component is decomposed as W = Ws +Wr , 
with regularization applied only to Ws ​ [27]. This design encourages Ws to capture sparse, 
spatially coherent neuronal footprints, while Wr remains unconstrained to account for 
background variability.

Pearson correlation coefficient (PCC)

For each ROI r , temporal fidelity is quantified by computing the Pearson correlation 
coefficient (PCC) between the reconstructed trace and the aligned ground-truth trace. 
Given reconstructed trace s and ground-truth trace g , the PCC value is defined as

where s and g  are the mean values of s and g , respectively, and σs and σg are the standard 
deviations of s and g.

Preprocessing of sCMOS recordings

To enable direct comparison with event-camera reconstructions, we converted sCMOS 
videos to the same ΔF/F₀ scale [1]. Prior to ΔF/F₀ computation, we applied a per-pixel 
linear detrending, consistent with the preprocessing used for the event stream. Specifi-
cally, each pixel’s fluorescence trace xi,j(t) was modeled with a linear trend and bias, and 
only the slope was removed, yielding a detrended signal x̃i,j(t) . The baseline fluorescence 
F₀ was defined as the temporal mean of this detrended signal, and ΔF/F₀ was computed 
as (F-F₀)/F₀. Preserving the bias ensured that the denominator remained positive, pre-
venting numerical instabilities when the mean signal approached zero.

Preprocessing of event stream

For each pixel, we constructed an accumulated time series by counting events within 
successive time bins, followed by linear detrending to remove low-frequency drift aris-
ing from sensor offsets and photobleaching (Fig. S5). After detrending, hot pixels [30] 
that continued to generate excessively frequent events were identified as outliers and 
excluded by masking samples whose values exceeded a predefined threshold.

Ltotal = �atcLatc + �spLsp + �TVLTV + �bLb,

PCC =

∑T
t=1(s − s)(g − g)

Tσsσg
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Parameterized architecture

The continuous-time signal L(t) is modeled with a low-rank spatiotemporal 
factorization,

where Ws,Wr are nonnegative spatial footprints, and Hs(t),Hr(t) denote temporal 
dynamics. The temporal components are parameterized using Sinusoidal Represen-
tation Networks (SIREN) [21], implemented as two independent models. SIREN is an 
implicit neural representation model consisting of a multilayer perceptron with sinusoi-
dal activation functions. Spatial footprints were initialized as learnable parameters and 
constrained to be nonnegative through clamping after each update.

All parameters were optimized using Adam optimizer [31], with learning rates of 
1× 10−5 for temporal and 5× 10−3 for spatial components. All three datasets in Fig.  4 
were trained with the same hyperparameters (rank of Ws = 40 , rank of Wr = 10 , 
�atc = 15, �sp = 0.05, �tv = 1× 10−5 , and SIREN consisting of three hidden layers of 512 units).

Baseline model configurations

For Ev-FlowNet, we followed the official implementation in events mode. All three 
datasets in Fig. 3 shared identical hyperparameters: five temporal bins, a learning rate 
of 0.001, and the Adam optimizer. The only dataset-specific difference was temporal 
window size, set to 22,000 for Data1, 20,800 for Data2, and 22,300 for Data3.

For EvINR, we used the default configuration provided in the original implemen-
tation, except for explicitly setting the event contrast threshold according to the 
hardware specifications of our event camera. Specifically, the threshold was set to 
ln(1.13) ≈ 0.122, corresponding to a 13% relative change in our DVS hardware. A 
learning rate of 9× 10−5 was adopted, while the Adam optimizer was retained. All 
other hyperparameters and training settings remained unchanged.

Primary neuron culture

All animal procedures were approved by the Seoul National University Institutional 
Animal Care and Use Committee and complied with all relevant ethical regulations 
for animal research (IACUC #SNU-250515–1, SNU-230703–1–5). Hippocampal pri-
mary neuron culture for calcium imaging was conducted following the previously 
established protocol with modifications [32]. Briefly, hippocampal neurons were dis-
sociated from embryonic day 17–18 (E17–E18) Sprague–Dawley rat pups and plated 
at a density of 100 cells/mm2 on 18-mm glass coverslips coated with poly-D-lysine 
and laminin (Neuvitro, WA). Cells were maintained at 37 °C and 5% CO₂ in NbAc-
tiv1 medium (BrainBits) supplemented with 1% penicillin–streptomycin, 1% N-2 
supplement. Neurons were sandwich co-cultured with astroglia for developmental 
support and maintained at 37 °C and 5% CO₂. One-quarter of the culture medium 
was replaced with fresh medium every 3–4 days. For calcium imaging, neurons were 
transduced at 4 days in  vitro (DIV 4) with AAV-DJ/8-hSyn-GCaMP6s (2.47 × 1013 
GC/ml), and imaging was performed 8 days post-infection (DIV 12) at 10 mW∙mm⁻2 

L(t) = WsHs(t)+WrHr(t),
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using a 25 × silicone-oil immersion objective lens (MRD73250, Nikon; NA = 1.05, 
working distance = 0.55 mm) during acquisition.

hiPSC culture

The human induced pluripotent stem cell (hiPSC; GM25256, male) was obtained from 
the National Institute of General Medical Sciences Cell Repository through the Coriell 
Institute for Medical Research. All hiPSC lines were maintained in 5% CO2 incubators 
at 37°C. The hiPSCs were maintained on mitomycin C-treated mouse embryonic fibro-
blasts (MEFs) and cultured in human hiPSC medium consisting of DMEM/F12 (Gibco) 
supplemented with 20% KnockOut Serum Replacement (Gibco), 1 × Glutamax (Gibco), 
1 × Non-essential amino acids (Gibco), 1% penicillin–streptomycin, 100 μM 2-Mercap-
toethanol (Sigma), and 10 ng/mL of human basic FGF (PeproTech). Cells were fed daily 
and passaged every 5–6 days upon reaching 70% confluency by manual dissection.

Generation of GFP‑engineered hiPSC line

The GFP-engineered hiPSC line was genetically engineered using the line GM25256 
obtained from Coriell following the previously established protocol with some modifica-
tions [33]. In brief, the NEPA electroporator (NEPA21, CUY650P5) was used to perform 
the electroporation (Poring pulse: voltage 175 V, length 2.5 ms, interval 50 ms, 2 pulses, 
decay rate 10%, positive polarity; Transfer pulse: voltage 20 V, length 50 ms, interval 50 ms, 
5 pulses, decay rate 40%, reverse polarities). 1 × 106 of hiPSCs and 1.8 μg of donor tem-
plate were mixed with 20 pmol of sgRNA (GGG​GCC​ACU​AGG​GAC​AGG​AUUGG) and 18 
pmol of Cas9 protein (Integrated DNA Technologies (IDT)) and added to NEPA electropo-
ration cuvettes with a 2 mm gap (NEPA). After transfection, 0.5 μg/mL puromycin (Sigma) 
was added for 10 days, and the medium was changed daily. The gRNA was extracted per 
colony using DNeasy Blood & Tissue kits (QIAGEN) following clonal expansion, which was 
then genotyped. The clone used in this study was chosen based on its morphology, homog-
enous expression of GFP, and the sequence validation of the amplicons.

Generation of forebrain organoids

Forebrain organoids were generated based on previously established protocol with slight 
modifications [34]. Briefly, colonies were incubated with collagenase IV at 37 °C for 1 
h and detached from mitomycin C-treated MEFs. For days 1–6, the embryoid bodies 
were maintained in DMEM/F12 supplemented with 20% KnockOut Serum Replace-
ment, 1 × Glutamax, 1 × Non-essential amino acids, 1% penicillin–streptomycin, 100 
μM 2-Mercaptoethanol, 10 ng/mL of human basic FGF, 2 μM dorsomorphin (Sigma), 
and 2 μm of A83-01 (Tocris). On day 7, the organoids were embedded in Matrigel 
(Growth Factor Reduced) with DMEM/F12 supplemented with 1 × Glutamax, 1 × Non-
essential amino acids, 1% penicillin–streptomycin, 1 × N-2 supplement (Gibco), and 10 
μM SB-431542 (Sigma) for another 7 days. From day 14 onward, forebrain organoids 
were cultured in a shaking incubator in DMEM/F12 supplemented with 1 × Glutamax, 
1 × Non-essential amino acids, 1% penicillin–streptomycin, 100 μM 2-Mercaptoethanol, 
1 × N-2 supplement, 1 × B-27 supplement (Gibco), and 2.5 μg/ml Insulin (Sigma). From 
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day 35, the organoids were further maintained every other day with Matrigel added into 
the media. Day 50–60 forebrain organoids were imaged for analysis.

Feasibility study in organoids

For the organoid feasibility study, sequential patterned illumination was delivered via 
a DMD coupled to a blue LED (Solis-445C, Thorlabs; 0.5 mW∙mm⁻2, 200 ms pulses, 
500 ms intervals, sawtooth input). The stimulation sequence and camera triggers were 
synchronized using a pulse stimulator (Master-9, AMPI). Imaging was performed 
simultaneously with the sCMOS (10 Hz) and the event camera at ~ 60 µm depth using 
a 40 × water-immersion objective (N40XLWD-NIR, Nikon; NA = 1.15, working dis-
tance = 0.59–0.61 mm). Event camera outputs were naively reconstructed in 100 Hz for 
analysis.

In vivo imaging

All animal procedures were approved by the Seoul National University Institutional Ani-
mal Care and Use Committee (SNU-210607–4–22). Mice were singly housed under a 
reversed 12:12-h light/dark cycle (22–23 °C, 40–60% humidity) with ad  libitum access 
to food and water. Cranial window surgery was performed as previously described [32]. 
In brief, wild-type mice were anesthetized with isoflurane (5% induction, 1.5% mainte-
nance), and a 5-mm circular craniotomy was made 2.5 mm caudal and 2.5 mm lateral to 
bregma. The cortical surface was kept hydrated with saline throughout the procedure.

For calcium imaging, AAV-Syn-GCaMP6s-WPRE (2.47 × 1013 GC/ml) was injected at 
eight cortical sites (1 mm apart, 50 nl per site, 150 µm depth) at a rate of 50 nl/min. A 
5-mm coverslip was sealed over the craniotomy with tissue adhesive, and a steel head 
bar was fixed using dental cement. Carprofen was administered postoperatively. Imaging 
was performed in awake mice at ~ 75 µm below the cortical surface using a 10 × objec-
tive (MRH00101, Nikon; NA = 0.3, working distance = 16 mm).

For vascular imaging, blood plasma was labeled via intravenous injection of 1% w/v 
FITC-dextran in PBS (FD2000S, Sigma-Aldrich). Mice were anesthetized with ketamine 
(100 mg/kg) and dexmedetomidine (1 mg/kg), and anesthesia depth was verified by toe-
pinch reflex. Imaging was performed at ~ 75 µm depth using a 40 × water-immersion 
objective (N40XLWD-NIR, Nikon; NA = 1.15, working distance = 0.59–0.61 mm).

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s43074-​026-​00240-8.

Supplementary Material 1: Figure S1. Optical characterization of event camera performance for threshold selection. 
a, Top, Background event rates measured under stable illumination across different irradiance levels and sensitivity 
thresholds. Lower thresholds produced more background events. Bottom, Background event rates for all thresholds 
except the highest. b, Event rates as a function of relative brightness change (ΔF/F₀) and irradiance at different sen‑
sitivity thresholds. c, Signal-to-background ratio (SBR) plotted against input ΔF/F₀ and irradiance for each threshold. 
At the lowest threshold, SBR decreased with increasing irradiance due to excessive background events. Figure S2. 
Validation of high-speed motion tracking using event-based imaging. a, 5 µm beads were imaged under controlled 
stage motion using an alternative event-based sensor model (IMX636, Sony) to confirm generalizability and high-
speed tracking performance. b, Conventional sCMOS imaging shows motion blur at high speeds. c-d, Event-based 
imaging reconstructs motion at multiple temporal resolutions (10 ms ≈ 100 Hz; 500 µs ≈ 2 kHz), preserving bead 
edges and resolving overlapping trajectories. e, Individual bead trajectories were segmented by clustering in 
events within a 2 ms temporal window. f, Bead velocities were estimated by robust regression of spatiotemporal 
trajectories. Event-based velocity estimates closely matched the ground-truth stage speed (dashed line; mean: 
2.19 ± 0.25 mm/s), confirming accurate, blur-free tracking. Minor inter-bead variations reflect expected differences 
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in event density during translation. Figure S3. Validation of in vivo capillary blood flow velocity measured with an 
event-based camera. a, Representative cortical capillaries in the mouse cortex recorded with an sCMOS camera at 
100 Hz. The magnified region shows selected line profiles and their corresponding kymographs. b, Simultaneous 
acquisition from the same field of view using an event-camera recording (IMX636, Sony), reconstructed at 10ms 
intervals (100 Hz equivalent) to match the sCMOS frame rate. Both imaging modalities exhibit comparable streak 
patterns in kymographs, representing RBC trajectories. A representative streak at time point t1 was selected for 
velocity estimation. c, Event points within a window at t1 were clustered based on local spatiotemporal velocity, 
revealing three distinct flow regions corresponding to the annotated line profiles in a and b. d, Velocity measure‑
ments for three representative flow paths derived from sCMOS and event-based data show close agreement. e, 
Correlation between sCMOS- and event-based velocity estimates across 13 streaks from two ROIs confirms robust 
consistency (R2 = 0.86). Scale bars, 20 µm. Figure S4. Feasibility study for imaging in scattering tissues with brain 
organoids. a, Generation of the GFP-engineered forebrain organoid for the feasibility study. b, Schematic illustra‑
tion of the optical configuration. DMDs were used for patterned illumination. c, ROI selection and corresponding 
patterned illumination representative image acquired with sCMOS. d, Sequential patterned illumination of each ROIs 
imaged with sCMOS. e, Left, example event acquired with event cameras during sequential patterned illumination. 
Right, standard deviation image acquired from 100 Hz naïve reconstruction. Gaussian blur of 1 pixel was conducted 
prior to standard-deviation calculation. f, Sequential patterned illumination of each ROIs imaged with event cameras. 
Figure S5. Linear detrending for baseline-drift removal in event-derived accumulated signals. a, Accumulated signals 
(solid) from 18 representative pixels over a 50 s interval with least-squares linear fits (dashed) approximating baseline 
drift. b, Example detrending results for 4 representative pixels: accumulated signal (blue), fitted linear trend (magenta 
dashed), and detrended signal (green) obtained by subtracting the fitted trend.
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