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Abstract. X-ray computed tomography (CT) reconstruction is inher-
ently an ill-posed inverse problem, particularly with sparse-view pro-
jections. Unlike traditional frame-based sensors that acquire projections
at fixed intervals, neuromorphic event cameras operate asynchronously
at the pixel level and trigger events only when the log-intensity change
exceeds a threshold. This asynchronous sensing naturally captures high-
frequency angular variations during object rotation, providing comple-
mentary information between sparsely sampled projections. However,
the application of event cameras to CT reconstruction remains largely
unexplored. To bridge this gap, we introduce a Neuromorphic X-ray
CT framework. Specifically, we propose an Event-enhanced Neural At-
tenuation Field (ENAF) that models the volumetric attenuation field
by jointly leveraging sparse projections and event streams. To support
and validate this framework, we construct synthetic neuromorphic CT
datasets and acquire a real-world dataset. Experiments on both syn-
thetic and real-world datasets demonstrate that ENAF consistently out-
performs state-of-the-art frame-only methods while maintaining train-
ing efficiency. To the best of our knowledge, this work presents the
first application of neuromorphic sensing to X-ray CT and establishes
the feasibility of event-enhanced sparse-view CT reconstruction. The
code and datasets are available at https://wanghongjian98.github.
io/projects/neuroxct/.
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1 Introduction

X-ray computed tomography (CT) enables non-destructive volumetric imaging
of internal structures and is widely used in materials science, biology, and in-
dustrial inspection [13,34,40]. High-quality CT reconstruction typically requires
a large number of projection views acquired with dense angular sampling and
sufficient exposure time. However, practical constraints on radiation dose, acqui-
sition speed, and data throughput often limit the number of projections that can
be acquired. For example, medical CT may acquire fewer X-ray projections to
reduce radiation exposure [17,20,24], whereas high-speed synchrotron CT must
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Fig. 1: Neuromorphic X-ray CT. Our system integrates two complementary modali-
ties: sparse projections acquired at uniform angular intervals, and asynchronous event
streams with microsecond temporal resolution. By accumulating events over arbitrary
time windows [ta, tb], we generate accumulated event maps that provide complemen-
tary angular-change information between sparse projections.

capture fast dynamic processes within very short scan times, restricting the
number of available angular measurements [13]. In both cases, the reconstruc-
tion problem enters a sparse-view regime, where limited sparse angular informa-
tion makes the inverse problem severely ill-posed. While various regularization-
and learning-based methods have been developed to mitigate reconstruction ar-
tifacts [3, 5, 32, 38], their performance remains fundamentally bounded by the
limited information available at the measurement level.

Unlike conventional frame-based cameras that capture images at fixed in-
tervals, event cameras asynchronously record per-pixel brightness changes. An
event is triggered whenever the change in log-intensity exceeds a preset con-
trast threshold. Each event records the pixel location, timestamp, and polarity,
indicating the direction of the brightness change. This sensing paradigm offers
microsecond-level temporal resolution, high dynamic range (> 120dB), and low
temporal redundancy [12]. Leveraging these advantages, event cameras have re-
cently demonstrated strong potential in image restoration [22, 23, 37] and 3D
reconstruction [16, 21, 31]. In the X-ray domain, event cameras have also been
applied to temporal super-resolution in 2D radiography [33]. However, their ap-
plication to 3D CT reconstruction remains largely unexplored.

In this work, we propose to combine conventional frame-based acquisition and
neuromorphic sensing for CT reconstruction (Fig. 1). By integrating these com-
plementary sensing modalities, the proposed paradigm aims to leverage absolute
attenuation information from sparse projections and high-temporal-resolution
angular-change information from events for high-fidelity volumetric reconstruc-
tion. However, these two modalities have fundamentally different characteristics:
frame projections are spatially synchronous but temporally discrete, whereas
event streams are asynchronously triggered at the pixel level and temporally
adaptive. This mismatch makes it challenging to integrate events into conven-
tional grid-based reconstruction pipelines. To address this, inspired by recent
successes in applying implicit neural representations (INRs) to CT reconstruc-
tion [5, 38], we model the volumetric attenuation field as a continuous function.
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Specifically, we propose an Event-enhanced Neural Attenuation Field (ENAF)
that fuses sparse projections and asynchronous events to improve sparse-view
CT reconstruction. In summary, our main contributions are threefold:
– Neuromorphic X-ray CT framework and dataset. To the best of our

knowledge, we introduce the first CT framework that incorporates neuro-
morphic sensing. To support this new paradigm, we introduce NeuroTomX,
a dataset comprising synthetic datasets with simulated events and a real-
world dataset with synchronized frame and event measurements.

– Event-enhanced Neural Attenuation Field (ENAF). We propose a
unified continuous representation that integrates sparse projections with
asynchronous events. By exploiting the high-temporal-resolution information
encoded in events, ENAF provides complementary constraints for reducing
the angular ambiguity inherent in sparse-view CT reconstruction.

– Improved sparse-view reconstruction performance. Extensive experi-
ments demonstrate that ENAF suppresses reconstruction artifacts and recov-
ers fine-grained structural details, consistently outperforming existing frame-
only reconstruction methods on both synthetic and real-world datasets.

2 Related Work

2.1 X-ray CT Reconstruction

Classical analytical methods, such as FDK [10] for cone-beam geometry or
FBP [15] for parallel-beam geometry, are computationally efficient but often
degrade severely in ill-posed settings. Model-based iterative reconstruction in-
corporates physical priors but is often computationally expensive and relies on
handcrafted regularizers [2, 3, 32]. Data-driven deep learning methods improve
reconstruction quality using learned priors, yet typically require large paired
training datasets [1, 7]. Recently, implicit neural representations (INRs) have
emerged as a promising alternative for self-supervised volumetric reconstruc-
tion, showing strong potential in sparse-view CT [5, 9, 18, 38, 39]. Unlike grid-
based approaches, INRs such as Neural Attenuation Fields (NAF) represent the
attenuation volume as a continuous coordinate-based function and enable re-
construction through differentiable projection consistency [38]. Building on this
foundation, SAX-NeRF introduces Line-Segment Transformers to capture fine-
grained structures [5]. Concurrently, 3D Gaussian Splatting has been adapted for
tomography to leverage explicit spatial primitives for efficiency [35], while diffu-
sion models have been employed as generative priors for ill-posed and limited-
view reconstruction tasks [8,19]. In this work, we adopt NAF as our backbone for
sparse-view settings. Its continuous and efficient formulation naturally facilitates
the integration of asynchronous event streams alongside sparse projections.

2.2 Event-based 3D Reconstruction

Event cameras have recently been explored for 3D reconstruction, owing to their
microsecond temporal resolution and high dynamic range. Early geometric meth-
ods, such as event-based multi-view stereo [28] and SLAM [29], demonstrated
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that 3D structures can be recovered even under rapid motion or extreme light-
ing conditions where traditional cameras fail. However, these methods remain
tied to hand-crafted geometric assumptions and do not directly provide a flexi-
ble, learnable representation for complex 3D scenes. Building on the success of
INRs, recent research has integrated event cameras into implicit 3D reconstruc-
tion frameworks [36]. Some of these approaches rely solely on event data for
scene representation [14,16,30], while others adopt a hybrid fusion of events and
RGB frames [6, 27]. For example, EventNeRF reconstructs a dense neural radi-
ance field (NeRF) from a monocular event stream for 3D-consistent novel view
synthesis [30], while E-NeRF estimates a NeRF from a fast-moving event cam-
era and shows improved robustness under fast motion and high-dynamic-range
conditions [16]. Hybrid methods like E2NeRF [27] leverage events to compensate
for motion blur in conventional video. Despite this rapid progress, neuromorphic
sensing has yet to be explored in X-ray CT. Unlike existing event-based neu-
ral rendering methods that primarily model optical radiance or scene appear-
ance, CT reconstruction estimates a volumetric attenuation field from X-ray line-
integral measurements. This distinction prevents a direct transfer of event-based
NeRF formulations to CT. In this work, we address this gap by proposing an
event-enhanced 3D reconstruction framework tailored to X-ray imaging physics.

3 Method

3.1 Problem Formulation

We consider a neuromorphic X-ray CT acquisition setup. Let f(x) : R3 → R+ de-
note the unknown 3D attenuation field. According to the Beer–Lambert law [15],
for a given projection angle θ and detector coordinates (x, y), the measured in-
tensity Iθ(x, y) is:

Iθ(x, y) = I0 exp
(
−Aθ(x, y)

)
, Aθ(x, y) ≜

∫
Lθ,x,y

f(x) dx, (1)

where I0 is the incident intensity and Aθ(x, y) is the line-integral projection (or
simply projection) along the X-ray path Lθ,x,y.

In addition to conventional intensity frames, the system also records a syn-
chronized event stream that senses per-pixel changes in the log-intensity given
by:

log Iθ(x, y) = log I0 −Aθ(x, y). (2)

Let θ(t) denote the rotation angle at time t, and log Iθ(t)(x, y) be the log-
intensity at pixel (x, y) at that moment. Under the standard idealized contrast-
threshold model, an event ek = (xk, yk, tk, pk) is triggered whenever the accu-
mulated change reaches a predefined contrast threshold C > 0:

log Iθ(tk)(xk, yk)− log Iθ(tk−1)(xk, yk) = pkC, pk ∈ {+1,−1}, (3)

where tk and tk−1 are the timestamps of successive events at the same pixel. Due
to the inverse relationship between log Iθ and Aθ (Eq. (2)), a positive event (pk =



Neuromorphic X-ray Computed Tomography 5

Fig. 2: Comparison of neuromorphic and uniform sampling. Neuromorphic event-based
sampling (C = 0.3) adaptively captures the transient pulse at t = 0.6 s using only 16
events. In contrast, uniform sampling at varying densities (N = 5, 10, 25) fails to resolve
the peak intensity and suffers from temporal aliasing. The 1D signal can be interpreted
as the temporal log-intensity trace of a detector pixel during continuous rotation.

+1) indicates a decrease in the projected attenuation Aθ(tk)(xk, yk) relative to
its value at tk−1, while a negative event (pk = −1) indicates an increase.

Let A = {Aθn}N−1
n=0 denote the set of acquired projections at regular angles

(i.e., θn = πn/N), and E = {ek}N
′−1

k=0 the set of events. Our goal is to reconstruct
the attenuation field f(x) from A and E .

3.2 Neuromorphic Sampling

Unlike conventional frame-based sensors that capture signals at fixed tempo-
ral intervals (e.g ., equi-spaced angles under constant rotation), event cameras
adaptively trigger measurements in response to signal dynamics, as illustrated
in Fig. 2. This fundamental difference leads to complementary sampling charac-
teristics. Regular projection acquisition operates at a fixed sampling rate, which
limits the recoverable temporal bandwidth according to the Nyquist criterion.
Rapid temporal variations that exceed this limit cannot be faithfully resolved and
may lead to aliasing. Meanwhile, slowly varying or static regions are repeatedly
sampled, producing redundant measurements. In contrast, neuromorphic event-
based sampling excels at adaptively capturing high-frequency angular variations,
yet it does not directly capture slowly varying or constant components where no
events are triggered.

This complementarity naturally motivates our hybrid acquisition strategy,
which integrates asynchronous events with sparse projections to leverage the
strengths of both modalities. By fusing the low-frequency structural information
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Fig. 3: Overview of the proposed Event-enhanced Neural Attenuation Field (ENAF).
(i) Spatial coordinates x along a ray are sampled and encoded via multi-resolution
hash encoding γ(·), then (ii) fed into an MLP fΦ(x) parameterizing the 3D attenuation
field. (iii) To supervise the network, projections are rendered at three distinct angles:
a uniformly sampled angle θi is used to compute the projection loss Lproj, while two
randomly sampled angles θa and θb are used to calculate the predicted projection
difference Âθa − Âθb . This predicted change is then supervised by the event loss Levent,
which compares the difference with the accumulated event map Ea,b derived from the
set of events Ea,b over the corresponding interval.

from projections with high-frequency angular dynamics from events, we aim to
achieve high-fidelity volumetric reconstruction.

3.3 Event-enhanced Neural Attenuation Field (ENAF)

Following [38], we represent the 3D attenuation field as fΦ(x) = MLP(γ(x);Φ),
where γ(·) is a multi-resolution hash encoding and Φ denotes the trainable pa-
rameters of the latent embeddings within the encoding volume and the weights
of the MLP. ENAF is designed to bridge the information gap in sparse-view CT
by leveraging high-temporal-resolution event streams. The overall architecture
of ENAF is illustrated in Fig. 3.

In the projection forward model, each X-ray path Lθ,x,y corresponds to a
detector coordinate (x, y) at projection angle θ. Points along the ray are param-
eterized as x(s) = oθ,x,y + sdθ,x,y, where oθ,x,y and dθ,x,y denote the ray origin
and unit direction vector, respectively. s denotes the propagation distance along
the ray. The explicit (θ, x, y) subscripts are omitted for clarity hereafter. Then
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the predicted projection Âθ(x, y) is approximated via numerical integration:

Âθ(x, y) =

∫
Lθ,x,y

fΦ(o+ sd) ds ≈
S∑

k=1

fΦ(o+ sk d)∆s, (4)

where sk = k∆s are uniformly spaced samples, ∆s is the discretization step, and
S is the total number of sampled points along the ray.

To bridge the angular gap between sparse-view projections, we consider a pair
of angles θa and θb (corresponding to timestamps ta and tb) randomly sampled
from the temporal axis. Within the interval [ta, tb], we define Ea,b(x, y) = {ek |
tk ∈ [ta, tb], xk = x, yk = y} as the set of events occurring at pixel (x, y). The
accumulated event map Ea,b approximates the total change in log-intensity and
is then computed by summing the polarities pk of these pixel-specific events:

Ea,b(x, y) = C
∑

ek∈Ea,b(x,y)

pk, (5)

where C denotes the preset contrast threshold as in Eq. (3).
From the estimated attenuation field, we render the predicted projection

difference between these two angles:

∆Âa,b = Âθa(x, y)− Âθb(x, y). (6)

Since log Iθb − log Iθa = Aθa − Aθb under a constant incident intensity, the pre-
dicted attenuation difference ∆Âa,b can be compared with the accumulated event
map Ea,b. By enforcing consistency between these two, ENAF can incorporate
high-frequency angular dynamics to reduce structural ambiguities.

3.4 Optimization Objectives

The network parameters Φ are optimized using a hybrid objective that combines
projection consistency with event-based supervision:

L(Φ) = Eθn∼PΘ
[Lproj(θn)] + λe E(θa,θb)∼PE

[Levent(θa, θb)] , (7)

where λe ≥ 0 balances the contribution of the event-based supervision. Here
PΘ denotes the uniform sampling over the regular projection angles, while PE

represents the random sampling of temporal event intervals. During training,
both expectations are approximated using mini-batch sampling.

Projection-based Consistency. To preserve the absolute scale, we minimize the
mean squared error (MSE) between the predicted and measured projections:

Lproj(θn) =
∥∥∥Âθn −Aθn

∥∥∥2
2
, (8)
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Table 1: Details of the datasets used in the experiments. Dim.: volume resolution
in voxels; Proj.: projection resolution in pixels; EPP: average number of events per
pixel. Synthetic projection intensities are derived from CT volumes normalized to the
[0, 1] range. ∗Real-world dataset acquired at the TOMCAT beamline of the Swiss Light
Source. †Estimated threshold based on the original physical projection scale.

Dataset Dim. (N2 ×D) Proj. (W ×H) Events Thresh. (C) EPP

Chest 1282 × 128 256× 256 5.52M 0.0005 84.19
Jaw 2562 × 256 512× 512 12.95M 0.001 49.40
Foot 2562 × 256 512× 512 10.70M 0.001 40.81
Abdomen 5122 × 463 1024× 1024 11.33M 0.0025 10.81

Lattice∗ 12802 × 720 1280× 720 51.26M 0.2† 55.62

Event-based Supervision. For event supervision, we randomly sample angular
intervals (θa, θb) and enforce consistency between the predicted projection dif-
ference ∆Âa,b and the corresponding accumulated event map Ea,b. In practice,
the exact contrast scale of an event camera is not precisely known and may be
affected by sensor noise, temperature drift, and manufacturing variability [12].
Directly matching the magnitudes of the two quantities would therefore require
accurate threshold calibration. We instead adopt a normalized MSE loss [16]
that compares their normalized spatial patterns:

Levent(θa, θb) =

∥∥∥∥∥ ∆Âa,b

∥∆Âa,b∥2 + ϵ
− Ea,b

∥Ea,b∥2 + ϵ

∥∥∥∥∥
2

2

, (9)

where ϵ is a small constant for numerical stability.

4 Experiments

4.1 Datasets

We evaluate ENAF on four synthetic CT datasets with simulated event streams
and one real-world dataset. Details of these datasets are summarized in Tab. 1.

Synthetic datasets. Following the experimental settings of NAF [38], we use
the Chest, Jaw, Foot, and Abdomen datasets and generate projections uniformly
distributed over 180◦ using the TIGRE toolbox under a cone-beam geometry [4].
The original CT volume serves as the ground truth (GT). To simulate events, we
first forward-project each volume at 500 densely sampled angles. The resulting
per-pixel log-intensity signals are linearly interpolated in time, and events are
triggered using the contrast-threshold crossing model in Eq. (3). The threshold
C is chosen to produce approximately 5M–13M events per dataset. Since the
original volumes are normalized, these threshold values should be interpreted as
relative parameters.
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Fig. 4: Real-world acquisition setup at the TOMCAT beamline, Swiss Light
Source [33]. (a) Photograph of the experimental setup, with the event camera high-
lighted by the red box. (b) Schematic illustration of the setup. The transmitted X-rays
are converted into visible light by the scintillator, pass through optics and are captured
by the GigaFRoST frame detector [26] and the Prophesee EVK4 event camera [11].

Real-world dataset. The real-world dataset was acquired at the TOMCAT beam-
line, Swiss Light Source, using parallel-beam geometry under continuous X-ray
illumination, as used in [33]. A dual-camera system was used in our experi-
ment (Fig. 4). It captures a nano-architected metallic lattice with fine geometric
details [25]. The two cameras were temporally synchronized using a shared ex-
ternal trigger, and simultaneously recorded the sample during a 180◦ rotation
over 4.5 s; the acquired 450 frames were cropped to a 1280 × 720 field of view
(1.41× 0.79 mm2). Spatial alignment was estimated directly from the acquired
data by registering frame-derived projection-difference maps with accumulated
event maps. Further details are provided in the supplementary material. For ref-
erence, we estimate a contrast threshold of C ≈ 0.2 (Tab. 1), by correlating the
accumulated event maps with the corresponding projection-difference maps.

4.2 Implementation Details

ENAF is implemented in PyTorch and optimized using Adam. The learning rate
is initialized at 1 × 10−3 and decayed to 1 × 10−4 over the first 1,500 epochs.
All models are optimized for 3,000 epochs. During training, we use a batch size
of 1,024 rays. The number of samples per ray is adapted to the target volume
resolution. Specifically, we use 192 sample points for Chest, 320 for Jaw, Foot,
and 576 for Abdomen. For the lattice dataset, we use 1,280 sample points per
ray. For event supervision, we randomly sample temporal windows [ta, tb] to form
event maps. For reproducibility, these settings of event-loss weight λe and the
maximum event-window span are included in the released configuration files. For
consistency with prior methods, we use the official NAF/SAX-NeRF evaluation
protocol for computing 3D PSNR and SSIM across all compared methods. All
experiments are conducted on a single NVIDIA H100 GPU.
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Table 2: Quantitative comparison of reconstruction performance on four anatomical
datasets (Chest, Abdomen, Foot, and Jaw). PSNR (dB) and SSIM are reported for
5, 10, 25, and 50 projection views. For consistency with the learning-based baselines,
the metric computation follows the official evaluation implementation of NAF [38] and
SAX-NeRF [5]. The learning-based baselines are retrained under the same experimental
settings as ENAF. The bold and underlined values indicate the best and second-best
results, respectively. All methods are evaluated using the same projection data and
imaging geometry.

5 views 10 views 25 views 50 views

Dataset Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Chest

FDK 12.59 0.2082 16.66 0.3651 21.82 0.6208 22.89 0.7861
SART 19.83 0.5787 23.42 0.7347 28.15 0.8955 32.17 0.9594
NAF 17.75 0.5157 24.75 0.7965 29.62 0.9168 33.50 0.9667
SAX-NeRF 20.52 0.6498 25.53 0.8240 30.46 0.9291 34.26 0.9701
ENAF (ours) 29.79 0.9330 31.10 0.9479 32.58 0.9622 34.57 0.9750

Abdomen

FDK 12.19 0.1674 15.62 0.2797 19.20 0.4623 22.63 0.6030
SART 23.10 0.7246 25.12 0.7885 28.26 0.8598 31.40 0.9170
NAF 21.42 0.6886 24.80 0.7690 29.53 0.8671 34.69 0.9544
SAX-NeRF 24.10 0.8005 26.62 0.8462 31.06 0.9192 34.95 0.9589
ENAF (ours) 29.14 0.8851 30.23 0.9038 32.76 0.9368 35.11 0.9584

Foot

FDK 11.79 0.1593 15.20 0.2371 20.22 0.4141 24.53 0.6000
SART 22.67 0.7100 24.34 0.7930 27.26 0.8768 30.29 0.9296
NAF 24.29 0.8357 26.59 0.8703 30.14 0.9135 31.82 0.9347
SAX-NeRF 23.65 0.8326 26.74 0.8737 30.32 0.9170 32.25 0.9404
ENAF (ours) 30.02 0.9105 30.78 0.9223 31.70 0.9330 32.45 0.9409

Jaw

FDK 15.49 0.1288 18.68 0.2496 23.71 0.5386 28.58 0.7816
SART 24.80 0.7091 26.04 0.7428 29.07 0.8447 33.13 0.9301
NAF 24.99 0.6869 26.87 0.7581 30.37 0.8629 34.37 0.9398
SAX-NeRF 25.12 0.7017 27.41 0.7764 31.39 0.8922 35.34 0.9510
ENAF (ours) 31.88 0.9026 33.16 0.9267 34.66 0.9467 35.54 0.9530

4.3 CT Reconstruction on Synthetic Dataset

Quantitative Results. Tab. 2 presents the quantitative results comparing the
proposed ENAF method against traditional methods (FDK [10] and SART [2])
and recent state-of-the-art (SOTA) INR-based models (NAF [38] and SAX-
NeRF [5]). We evaluate each method across four different settings corresponding
to a limited number of 5, 10, 25, and 50 sparse projections/views. The results in-
dicate that ENAF outperforms competing methods in almost all tested scenarios
both in PSNR and SSIM, and it consistently outperforms NAF in all cases. The
advantage of ENAF is most pronounced in extremely sparse settings, where a
significant enhancement is observed by fusing the two modalities. For instance,
in the 5-view Chest reconstruction, ENAF achieves a remarkable PSNR of 29.79
dB, which is a 12 dB improvement over the standard NAF and 9.27 dB higher
than SAX-NeRF. This significant gain demonstrates that by leveraging event
data, our model can recover structural information that is typically lost when
projection data is severely undersampled.
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(a) 5-view CT reconstruction.

(b) 25-view CT reconstruction.

Fig. 5: Qualitative comparison of sparse-view CT reconstructions. (a) Under extremely
sparse 5-view sampling, our method preserves structural details better than FDK,
SART, NAF, and SAX-NeRF. (b) With 25 views, integrating events further suppresses
background artifacts and enhances high-frequency structures.



12 H. Wang et al.

(a) (b)

Fig. 6: Reference reconstruction of the real-world lattice dataset using FBP with all
450 recorded projections: (a) 3D rendering and (b) central slice.

As the number of views increases, the performance gap between the methods
gradually narrows. In the 50-view setting, the additional intensity projections
provide a sufficiently dense sampling in this setting, making the supplementary
information from the event stream less critical. Nevertheless, ENAF still main-
tains a competitive performance, achieving the highest or second-highest scores
across most anatomical datasets, and it consistently outperforms NAF. This
confirms that ENAF is not only robust under extreme sparsity but also remains
highly effective as more measurements become available.

Qualitative Results. Fig. 5a and Fig. 5b present the visual comparison of ENAF
against traditional and SOTA baselines. Under the extreme sparsity of 5 views,
analytical methods (FDK, SART) fail to reconstruct recognizable structures due
to streak artifacts. While INR-based methods (NAF and SAX-NeRF) recover
global shapes, they still suffer from significant structural loss and noise. In con-
trast, ENAF maintains sharp anatomical boundaries and structural integrity.

At 25 views, ENAF further demonstrates its superiority in suppressing back-
ground noise and recovering fine-grained details. In the Jaw dataset, existing
approaches often fail to reconstruct intricate texture boundaries and introduce a
noisy background. By leveraging events, ENAF effectively restores cleaner back-
grounds and more complex structural patterns, enhancing high-frequency fidelity
and producing reconstructions that are more consistent with the GT.

4.4 CT Reconstruction on Real-world Dataset

To further evaluate ENAF under experimental acquisition conditions, we con-
duct experiments on the real-world nano-architected lattice dataset. We use the
reconstruction obtained by applying FBP to all 450 projections. Given the high
projection resolution of 1280× 720, these 450 projections represent a relatively
sparse-view sampling scenario. Fig. 6a shows its 3D rendering, and Fig. 6b shows
the corresponding central slice. Although the reconstruction with FBP exhibits
characteristic streak artifacts, it provides a qualitative reference for assessing the
reconstruction fidelity of our proposed method.
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Fig. 7: Qualitative comparison on the real-world lattice dataset using 5, 10, and 25
frame projections. ENAF preserves sharper node structures and clearer lattice bound-
aries than the frame-only reconstruction methods.

For sparse-view evaluation, we uniformly subsample 5, 10, and 25 projections
while using the event stream. As shown in Fig. 7, FBP and SART exhibit severe
streak artifacts and structural blurring as the number of frame projections de-
creases. NAF improves the overall visual smoothness but still has blurred lattice
boundaries and node structures. SAX-NeRF slightly improves local structures
compared with NAF, but residual artifacts and boundary blurring remain. In
comparison, ENAF restores sharper node structures and clearer lattice connec-
tivity, particularly in the 5-view setting.

4.5 Sensitivity Analysis to Event Simulation Noise

We further analyze the robustness of ENAF to noise in the simulated event
stream. Experiments are conducted on the Chest dataset in the 5-view setting.
Starting from the clean simulated events, we independently corrupt the event
stream with two types of perturbations: random temporal jitter in timestamps
and spatially random spurious events.

As reported in Tab. 3, ENAF remains stable under both perturbations. In-
creasing the timestamp delay to 10ms decreases PSNR by only 0.30 dB, while
adding spurious events with a count equal to 50% of the original event stream
reduces PSNR by 0.17 dB. This robustness is mainly due to the interval-based
formulation of event supervision. Instead of enforcing consistency at the level
of individual events, ENAF compares accumulated event maps over angular in-
tervals. Consequently, small timestamp perturbations, even up to 10ms over a
5 s acquisition, typically keep events within the same or neighboring accumula-
tion windows. Similarly, isolated spurious events are spatially incoherent and do
not form consistent structures aligned with object motion or projection changes;
their contribution is therefore largely averaged out during event accumulation.
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Table 3: ENAF robustness to event noise on the Chest dataset using 5 views. Times-
tamp jitter adds a random delay sampled uniformly from [0, tmax] to each event. Spuri-
ous noise uniformly adds isolated random events to the original stream, with the ratio
denoting the added-event count relative to the original count.

Noise setting Clean Low Medium High

Jitter tmax 0 1.0 ms 5.0 ms 10.0 ms
PSNR/SSIM 29.79/.9330 29.78/.9328 29.66/.9312 29.49/.9294

Spurious ratio 0 10% 20% 50%
PSNR/SSIM 29.79/.9330 29.77/.9322 29.73/.9316 29.62/.9292

4.6 Training Efficiency

We compare ENAF with the NAF and SAX-NeRF in terms of reconstruction
quality and training time. As shown in Fig. 8, ENAF achieves a favorable quality–
efficiency trade-off across the 5-, 10-, and 25-view settings. In the challenging 5-
view setting, ENAF reaches approximately 30 dB PSNR within 5 minutes, sub-
stantially outperforming NAF (< 18 dB) and SAX-NeRF (∼ 21 dB). Notably,
SAX-NeRF requires more than 60 minutes and 25 views to achieve a reconstruc-
tion quality comparable to that of ENAF using only 5 views, highlighting the
efficiency and data effectiveness of the proposed method.

4.7 Event-only Reconstruction

We further conduct an event-only reconstruction on the real-world dataset to
analyze the structural information contained in the event stream alone. We op-
timize the model using only Levent and normalize the reconstructed volume for
visualization. As shown in Fig. 9, event-only supervision recovers visible lattice
structures in regions with sufficient event activity. However, regions with weak
projection changes generate fewer events and are reconstructed less accurately.
Adding sparse frame projections restores the missing absolute attenuation infor-
mation and improves structural completeness, highlighting the complementary
roles of frame projections and events.

4.8 Limitations

The current real-world evaluation is limited to a single lattice specimen acquired
under a controlled synchrotron setup. Future work will evaluate broader sample
types and imaging conditions, and design dedicated acquisition protocols with
explicit dosimetry, low-SNR measurements, and high-speed operation.

5 Conclusion

This work establishes the feasibility of using neuromorphic event sensing as com-
plementary angular-change supervision for sparse-view X-ray CT reconstruction.
Experiments on synthetic and real-world data demonstrate improved reconstruc-
tion quality over frame-only methods.
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Fig. 8: Reconstruction quality versus training time on the Chest dataset. All timings
are measured on a single NVIDIA H100 GPU over 3,000 training epochs. The suffix
“-v” denotes the number of frame projections (5, 10, or 25).

Fig. 9: Comparison of event-only and event-enhanced reconstructions on the real-world
lattice dataset. The event-only reconstruction is normalized for visualization. The red
boxes indicate a region with relatively sparse event activity, while the blue boxes high-
light visible lattice structures recovered from event supervision.
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