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Abstract. This work introduces and demonstrates the first system ca-
pable of imaging fast-moving extended non-rigid objects through strong
atmospheric turbulence at high frame rate. Event cameras are a novel
sensing architecture capable of estimating high-speed imagery at thou-
sands of frames per second. However, on their own, event cameras are
unable to disambiguate scene motion from turbulence. In this work, we
overcome this limitation using event-based light field cameras: By si-
multaneously capturing multiple views of a scene, event-based light field
cameras and machine learning-based reconstruction algorithms are able
to disambiguate motion-induced dynamics, which produce events that
are strongly correlated across views, from turbulence-induced dynamics,
which produce events that are weakly correlated across view. Tabletop
experiments demonstrate event-based light field can overcome strong tur-
bulence while imaging high-speed objects traveling at up to 16,000 pixels
per second.

Keywords: Event camera - Atmospheric turbulence - Light field - Video
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1 Introduction

Long-range imaging through the atmosphere is the primary goal of terrestrial
astronomy, remote sensing, surveillance, and other applications. Atmospheric
turbulence represents the central impediment to this goal. Regardless of sensor
resolution, aperture size, platform stability, or cost, atmospheric turbulence sig-
nificantly degrades image fidelity by introducing blur, geometric distortion, and
wander.

Traditionally, turbulence has been mitigated with hardware-based solutions,
such as adaptive optics (AO) [18|, or software-based solutions, such as lucky
imaging |12| or, more recently, deep learning [55H57|. However, almost all existing
solutions share the same fundamental constraint: they rely upon conventional
image sensors which integrate light over a fixed exposure window, irrecoverably
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Fig. 1: Method overview. We introduce an event-based light field camera to image
through turbulence at high speed. The event camera avoids motion blur by detecting
brightness changes at microsecond time resolution. The light field offers cross-view
constraints on the scene.
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blending any scene dynamics or turbulence fluctuations that occur over a time
scale shorter than the exposure time. In this work, we overcome this limitation
with event cameras.

Event cameras mitigate motion blur by measuring brightness change asyn-
chronously at microsecond timescales, making them a natural candidate for re-
covering high-speed dynamics. Several lines of work have used frames and events
to image through turbulence . However, they have relied upon restric-
tive rigid-body assumptions about scene motion or have restricted the
reconstructions to the rate of the frame-based camera , thereby giving up
event-camera’s central advantage.

Event-only imaging of dynamic scenes through turbulence is nontrivial. If the
scene were static and all events were due to turbulence, one may be able to ex-
ploit these events to help reconstruct the scene . If the turbulence was static
and the scene was dynamic, one could use existing event-to-video frameworks to
reconstruct a (distorted) high-speed video . However, when both the
turbulence and the scene are dynamic, both will produce (largely indistinguish-
able) events, thereby invalidating the assumptions that existing methods rely
upon.

In this work, we use an event-based light field camera (Event Fields) to
overcome this ambiguity. Light fields provide multiple sub-apertures simultane-
ously, each corrupted by a different turbulence realization, while scene dynamics
remain largely consistent across all views. Thus, each light field view provides a
constraint on the singular scene image, and inconsistent motion across views can
be attributed to turbulence. We exploit this structure (implicitly) using the re-
current encoder-decoder architecture E2VID with stacked multi-view event
inputs and train it to reconstruct clean, high-speed video through turbulence.
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In summary, our contributions are:

— The first event-only method for high-speed imaging through turbulence,
breaking the frame-rate barrier of conventional cameras.

— Demonstration that light field optics provide sufficient information for re-
moving turbulence while preserving scene motion.

— Real (in-lab) and simulated experiments demonstrating our method signifi-
cantly outperforms single-view reconstruction.

2 Related works

2.1 Light Field Imaging

Light field imaging acquires multiple simultaneous views of a scene from distinct
viewpoints, encoding both spatial and angular information of light [21,48|. Cam-
era arrays achieve this by positioning multiple independent sensors at spatially
separated viewpoints [51]. While conceptually straightforward, they require pre-
cise inter-sensor synchronization and their physical bulk limits deployment in
constrained platforms. Single-shot alternatives using microlens arrays overcome
the synchronization problem by imaging all sub-apertures onto a single sen-
sor [1,/36]. However, the dense lenslet grid demands precise optical alignment
and manufacturing tolerances. Kaleidoscope-based designs avoid both draw-
backs [31},138]. Planar mirrors placed at the intermediate image plane fold the
optical path, routing light from distinct regions of the aperture to separate areas
of the sensor and producing multiple virtual viewpoints without additional optics
per channel. This construction requires no microlens fabrication and eliminates
inter-camera synchronization entirely, accordingly we adopt it here.

2.2 Imaging Through Aberrations with Light Fields

Ng and Hanrahan first demonstrated that light fields could be used to correct
for optical aberrations back in 2006 [35]. Light fields have since been used to
image through turbulence on multiple occasions [3046,47,/49]. Intuitively, by
capturing multiple perspectives of the same scene at the exact same time, these
cameras create valuable spatial redundancy that can be used to remove turbu-
lence and other aberrations. These systems have relied on conventional image
sensors. While a few recent works have combined light fields with event cam-
eras to perform high-speed 3D imaging [16}|38|, ours is the first work to use
event-based light field cameras to image through turbulence.

2.3 Software-based Imaging through Turbulence

Classical turbulence mitigation algorithms often use spatial registration and tem-
poral fusion [6,32,/41] to recover imagery. Accordingly, these methods generally
depend on static references or distortion-free patches and fail in dynamic scenes
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or strong turbulence. Learning-based methods relax these requirements: self-
supervised and test-time optimization use priors such as lucky images [12], blind
degradation estimation [22)} 28], or pretrained mitigation models|[,11] and adapt
without paired data, but are iterative and ill-suited to high-speed use; meanwhile
physics-based simulators|[33] enable supervised learning with fast inference via
feed-forward sequence-to-sequence [57] or recurrent [13,55] networks. All of these
approaches remain limited by conventional sensors' xed exposure, which con-
ates scene dynamics and turbulence at high frame rates.

Event cameras, with microsecond-level temporal resolution, are a natural
candidate for resolving this bottleneck. An early work, used an event camera
to identify lucky regions in conventional frames [3,4]. Two recent works ex-
plore this direction with machine learning: EvTurb [29] employs events to guide
single-frame restoration, while EGTM [27] leverages event temporal resolution
to compute adaptive fusion weights for conventional frames. In both, the nal
image formation depends on the integration time of the conventional sensor,
leaving output constrained to standard frame rates.

A fundamental bottleneck thus persists across all existing methods: event
cameras alone cannot distinguish scene-induced events from turbulence-induced
events. We propose an event-only approach that leverages light eld imaging to
resolve this ambiguity and achieve high-speed imaging through turbulence.

2.4 Hardware-based Imaging through Turbulence

AO, wherein one measures and then physically compensates for optical aberra-
tions using deformable mirror or spatial light modulator, is the primary hardware-
based approach for imaging through turbulence [18]. The majority of AO systems
rely upon wavefront sensors|[8,17,44], which can be accelerated with event cam-
eras [15], 25,43, 58]. However, with a few notable exceptions [10,17,23,37.50,52],
existing AO systems rely upon guidestars bright points in the scene that can

be used for calibration which greatly limits their exibility. Ours is the only
guidestar-free turbulence mitigation approach that can operate at kHz.

2.5 Events to Video

Reconstructing intensity frames from event streams has seen rapid evolution.
Early methods [39/40|42] employ recurrent U-Net structures with ConvLSTM
or ConvGRU modules to accumulate temporal state across asynchronous events,
enabling continuous video reconstruction. HyperE2VID [9] extends this paradigm
by introducing a hypernetwork that dynamically predicts convolutional ker-
nel sizes, improving adaptability to varying event densities. To better capture
long-range temporal dependencies, ETNet [45] adopts transformer architectures,
achieving improved reconstruction quality at the cost of increased computa-
tional overhead. More recently, EventMamba [13] leverages state-space models
to achieve e cient long-range modeling with linear complexity. A fundamen-
tal assumption underlies all these methods: events arise exclusively from scene
dynamics or camera motion.
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Fig. 2: Image model for event-based light eld camera under turbulence. A

light eld camera captures N simultaneous sub-aperture views, each observing the same
scene through an independent turbulence realization, which injects di erent turbulence-
induced uctuations across views while leaving the scene contribution identical.

Under atmospheric turbulence, events no longer arise from scene motion
alone. With a single camera, both turbulence and scene dynamics introduce
changes in intensity, and retraining these networks on turbulent data does not
resolve this fundamental ambiguity. We overcome this limitation with a light eld
event camera that simultaneously captures multiple views of the scene. Events
caused by scene dynamics are strongly correlated across views, while events
caused by turbulence are weakly correlated, providing the cross-view structure
a network can exploit to disentangle the two.

3 Methods

3.1 Modeling Turbulent Event Light Fields

Our imaging model is illustrated by Figure 2. A detailed description follows. The
intensity at the sensor I(x;t) is given by the incoherent imaging integral under
an anisoplanatic point spread function (PSF):

Z

1(x;1) = jhu (69 2 S(u; t) du; 1)
where S(u;t) is the scene radiance and Rhi(x;t) is the complex coherent PSF
which incorporates the phase errors introduced by turbulence along the optical
path [14]. The accumulated phase error leads to the geometric warp and spatially
varying blur observed at the sensor, as dictated by h(x;t) [7].

This forward model is bilinear in S and jhj2: scene motion (changes in S) and
turbulence (changes in h) are multiplicatively coupled, making their individual
contributions ambiguous in the observed intensity |. Thus, recovering both from
a single observation constitutes an ill-posed blind inverse problem.

Multiple views mitigate this ambiguity. If N observations share a scene S
through separate turbulence realizations fi!) g, the system accumulates cross-
view constraints on the czommon S:

10 (x;t) = ih® (0] 2S(u;t)ydu; i=1;:::;N: 2)

s
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Fig. 3: Network architecture. Each sub-aperture event stream is converted to a

voxel grid E 2 RB"W ; the N grids are stacked along the channel dimension
to form the joint input Ex 2 RNB"W A recurrent convolutional encoder-decoder
processes the stacked input window by window and outputs a reconstructed frame V.

Fig. 4: Simulation pipeline. Turbulence is added to clean frames using a turbulence
simulator based on the phase-to-space (P2S) transform [33]. V2E converts turbulent
frames to events [20]. The process is repeated 9 times to simulate a 3 3 light eld. The
network is trained on simulated data and generalizes to tabletop experimental settings.

S can be assumed to be the same in each view, because at long range parallax
is negligible. However, turbulence a ects each view dierently. Rays entering
each sub-aperture traverse a spatially distinct atmospheric column, imparting a
unigue instantaneous phase error and associated PSIiu')h(t).

We obtain N views with a light eld event camera, with the goal of high speed
imaging through turbulence. Following the standard event camera model [39],
the intensity of each view is passed through a non-linear logarithmic threshold:
an event (x;t;p) 2 EO is emitted whenever the absolute log-intensity change
L Ot =jlogl @ (x;t) logl @ (x;t t)j exceeds a threshold C, with po-
larity p; =sgn(L ).

3.2 Turbulence Mitigation Model

While the N di erent views provide critical cross-view constraints on the shared
scene S, the system remains underdetermined without physical regularization
on h. Rather than designing explicit priors for this non-convex joint estimation
problem, we adopt a data-driven approach: a neural network is trained to di-
rectly approximate the inverse mapping from the N event streams to the clean
video V . By training on a large dataset of simulated turbulence [33], the network
implicitly learns the spatial statistics of anisoplanatic turbulence and the man-
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