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ABSTRACT Event-to-video (E2V) reconstruction has gained significant attention recently for its advantages
in enabling high dynamic range and fast motion capture capabilities. However, event data encodes only
relative brightness changes, lacking the absolute intensity information necessary for accurate reconstruction.
Recent methods incorporate previously reconstructed images to provide intensity references but process them
in the spatial domain where low- and high-frequency components are highly coupled. This spatial processing
typically leads to the degradation of fine details and introduces artifacts such as over-smoothing, blurring and
low contrast reconstruction. To address this, we propose a deep spatio-temporal and frequency guided fusion
network for E2V reconstruction (DSTFN-E2V), featuring a dual-path architecture with two key components:
i) a prior frequency decomposition module (PFDM), and ii) a spatio-temporal event-driven feature extraction
module (STEM). The PFDM decouples low- and high-frequency information from previously reconstructed
images and current event voxel grid via a 2D discrete wavelet transform, processing the low-frequency
subband through residual blocks to preserve structural coherence and intensity references, while an edge-
detail refinement module (ERM) enhances edge and texture details from high-frequency subbands. The
frequency-specific features from PFDM and the spatio-temporal features from STEM are then integrated
through the proposed event-image fusion blocks (EIFBs) that apply cross-attention across three encoder
stages, enabling simultaneous structural preservation and detail recovery. Experiments on four real-world
datasets demonstrate that DSTFN-E2V achieves state-of-the-art results with 12% SSIM improvements while
being 50% faster than recent attention-based methods, with superior edge fidelity and reduced artifacts.

INDEX TERMS Event-to-video (E2V) reconstruction, discrete wavelet transforms, cross-attention networks.

I. INTRODUCTION
Event cameras are bio-inspired vision sensors that offer high
temporal resolution and low latency, making them well-suited
for scenes with fast motion. However, their asynchronous and
sparse output is incompatible with most conventional com-
puter vision algorithms designed for frame-based imagery.
Event-to-video (E2V) reconstruction [1], [2], [3] addresses
this gap by converting event streams into dense, frame-based
representations, enabling the effective use of established com-
puter vision models.

In recent years, deep learning (DL) has significantly ad-
vanced E2V reconstruction. Early works [4], [5], [6] intro-
duced convolutional recurrent neural networks (CRNNs) that
process event voxel grids to preserve temporal coherence.
More recent works [7], [8], [9], [10] have begun utilizing
previous reconstructions to guide current frame generation,
recognizing that prior frames contain valuable information
for enhancing reconstruction quality. Despite the significant
improvements in reconstruction performance achieved by
these DL strategies, existing methods face two fundamental
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limitations that constrain reconstruction quality. Firstly, these
methods perform reconstruction operations on events and pre-
viously reconstructed images solely in the spatial domain. In
the spatial domain, high-frequency (HF) and low-frequency
(LF) components are inherently coupled within pixel intensi-
ties, as each pixel value is simultaneously influenced by both
LF components (such as smooth regions and global structure)
and HF components (such as edges and fine details). This
mixing makes it difficult to separately control how different
frequencies are processed [11]. As a result, convolutional and
self-attention (SA) operations tend to favor smooth, LF fea-
tures over fine details [12], leading to blurred reconstructions
with a lack of structural details. Secondly, existing meth-
ods [1], [13], [14] require a heavy architecture for global
feature learning. To capture complex spatial relationships
and global context, current approaches rely on computation-
ally expensive attention-based models. This design choice
becomes problematic when processing high-resolution event
representations at inference time.

On the other hand, frequency-aware analysis methods, such
as those based on the discrete wavelet transform (DWT), have
shown strong potential in event-based vision. Unlike Fourier-
based methods [2], [11] that decompose a signal into global
frequency components without retaining information about
where in the image those frequencies occur, DWT performs
a spatially localized analysis by decomposing a signal into
one LF and three HF subbands where each wavelet coeffi-
cient encodes both frequency content and its spatial location
within the image. This property preserves the spatial corre-
spondence between frequency components and image regions
across multiple scales, which is particularly important in E2V
reconstruction where precise spatial alignment between event-
driven features and prior-frame frequency components must
be maintained during fusion. The LF subband serves as a
coarse approximation of the original image and preserves
global structures and background context information that is
typically absent in event data. On the other hand, the HF
subbands capture sparse local edge details along different
directions. By relying on these properties of DWT, some re-
cent works have shown notable performance improvements
in event-based vision [15], [16] by decomposing event rep-
resentations into frequency domain at a lower computational
cost [17]. Furthermore, operating on wavelet-decomposed
subbands reduces the spatial resolution of feature maps by
a factor of two (in each direction) at each decomposition
level, directly reducing the computational cost of subsequent
operations without sacrificing representational capacity.

In this work, we argue that decomposing a previously re-
constructed image into frequency subbands and fusing them
with event-driven features can offer two complementary ben-
efits that are grounded in the physical properties of event
cameras. First, since events are triggered by logarithmic in-
tensity changes at pixel locations, event data is inherently
sensitive to edges and motion boundaries which is precisely
the information captured by HF wavelet subbands. Static
edges that do not trigger events are preserved in the HF

subbands, whereas motion-degraded edges that generate
events can be sharpened using event guidance. Second,
event data captures intensity changes associated with struc-
tural motion but lacks dense background semantics, such
as, global structure, and overall intensity, while the LF sub-
band representing a coarse-scale version of the reconstructed
image, preserves these global appearance properties. This
physical alignment between event data characteristics and
wavelet subband properties establishes a natural and prin-
cipled division of roles: event features emphasize dynamic
structural cues, while the LF subband provides stable semantic
context.

These observations inspired us to explore the integration
of frequency domain information into the E2V reconstruc-
tion to improve the quality of reconstructed video frames.
To address the limitations of spatial-domain coupling and
heavy global modeling in existing methods, we propose a
deep spatio-temporal and frequency guided fusion network
(DSTFN-E2V), featuring a dual-path architecture. Unlike
prior approaches that process previously reconstructed im-
ages as spatial signals, DSTFN-E2V first decomposes the
previous reconstruction and current event voxel grid into
frequency-specific components using 2D-DWT. This decom-
position enables our model to disentangle global appearance
information from fine structural details before fusion with
event-driven features. Specifically, a prior frequency decom-
position module (PFDM) processes LF subbands from both
the prior reconstruction and the event voxel grid, preserving
global structures and intensity information that is inherently
missing from event streams. Meanwhile the HF subbands
are refined using a dedicated edge-detail refinement module
(ERM) to enhance edges and textures degraded by spatial-
domain smoothing. In parallel, a spatio-temporal event-driven
module (STEM) extracts spatial and temporally aggregated
features from event representations. This complementary in-
formation is then progressively fused through event-image
fusion blocks (EIFBs), which perform lightweight cross-
attention between event-driven features and frequency-aware
priors at multiple encoder-decoder stages. By decoupling
frequency information prior to fusion, DSTFN-E2V enables
balanced reconstruction of LF realism and HF details with-
out relying on heavy attention-based global modeling. As a
result, the reconstructed frames exhibit improved structural
consistency and contrast, while maintaining high computa-
tional efficiency. To the best of our knowledge, this work
is the first to explicitly reformulate prior-image guidance in
E2V reconstruction as a frequency-driven problem, where
frequency components of previously reconstructed images are
decoupled, processed according to their distinct roles, and
systematically fused with event-driven features. Our contri-
butions are as follows:
� We propose a novel spatio-temporal and frequency-

based framework that reformulates prior-image guidance
as a frequency-driven problem. By decoupling fre-
quency components of previously reconstructed images
before fusion with event-driven features, this framework
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effectively alleviates common reconstruction artifacts
such as over-smoothing, blurring, and loss of fine details.

� We design frequency-aware and event-guided fusion
modules, including PFDM, ERM and EIFB, which
model the complementary roles of frequency-domain
priors and event-driven features. These modules enable
selective preservation of global appearance information
and enhancement of structural details across multiple
reconstruction stages.

� We achieve improved reconstruction quality with
higher computational efficiency, outperforming recent
attention-based E2V methods. Despite employing cross-
attention for multi-stage feature fusion, the proposed
method remains lightweight and suitable for high-
resolution E2V reconstruction.

II. RELATED WORK
Event-based Video Reconstruction: Initial E2V reconstruction
approaches relied on hand-crafted methods. A complemen-
tary filter technique [18] combined events with frames using
high-pass and low-pass filtering, while [19] formulated the
problem as solving a Poisson equation where events represent
gradients of the log-intensity field. In recent years, DL has
shown remarkable efficacy for E2V reconstruction. Rebecq
et al. [4] were the pioneers in introducing a CRNN model
called E2VID and Scheerlinck et al. [6] followed with a com-
putationally lighter variant, “FireNet”. Stoffregen et al. [5]
further enhanced results through E2VID+ and FireNet+ by
utilizing statistics from synthetic datasets to bridge the domain
gap with real-world data. Weng et al. [13] introduced the
first transformer-based model utilizing SA to capture global
context across event sequences, while Ma et al. [14] integrated
spatial and channel attention with deformable convolutions
for richer feature representation. In contrast to methods that
process events alone, recent approaches combine events with
intensity images, recognizing that they provide complemen-
tary information, with intensity capturing static scene content
and events excelling in dynamic regions. SPADE-E2VID [10]
employed spatially adaptive denormalization layers, to pro-
vide information from previous reconstructions into the net-
work. HyperE2VID [9] pioneered the use of hypernetworks
to dynamically modulate convolutional weights based on pre-
vious reconstructions. CISTA-LSTC [8] instead formulated
reconstruction as an unrolled optimization problem, maintain-
ing temporal consistency through learned sparse coding with
previous reconstructions as initialization points. Another line
of works [7], [12] first reconstructs an initial image via pre-
trained models, then uses it as a conditional input alongside
events, particularly within diffusion-based frameworks.

Deep Frequency-enhanced Models: Recent advances in
DWT-enhanced DL models have attracted considerable at-
tention for event-based vision. Fang et al. [20] proposed
3DWSNet for action recognition, decomposing event streams
into frequency subbands to capture multi-scale temporal
patterns. Cui et al. [15] introduced WD-DETR for object de-
tection, employing wavelet denoising to separate signal from

noise in event representations. Cheng et al. [21] developed
a wavelet-based framework extracting frequency-decomposed
features for recognition tasks. Sun et al. [16] explored cross-
modal fusion for motion deblurring, applying DWT to both
blurred images and events to align HF edge information.
Leng et al. [17] theoretically established the computational
advantage of wavelet transforms over learnable frequency rep-
resentations, demonstrating that fixed wavelet basis functions
eliminate trainable parameters while providing natural multi-
resolution decomposition. Moreover, our prior works [22],
[23] have shown the effectiveness of frequency-domain anal-
ysis in E2V reconstruction. While existing methods apply
frequency analysis directly to event representations, they
mainly operate on the event stream itself. In contrast, we ap-
ply frequency decomposition to both previously reconstructed
image and current event voxel grid and introduce a dual-path
fusion architecture that processes frequency subbands through
specialized modules before integrating them with event fea-
tures.

III. PROPOSED METHODOLOGY
This paper considers the problem of reconstructing a sequence
of intensity images, Îk , from an event stream. Starting from
the common approach in the literature [9], [24] the event
stream is converted into voxel grids. Each voxel grid, Vk , is
then passed to the proposed network, DSTFN-E2V, which
reconstructs a 2D grayscale image from it, having dimensions
H × W × 1, where H and W represent the image height and
width, respectively.

A. EVENT REPRESENTATION
In this section, we describe our methodology for represent-
ing event data as a voxel grid. Given an event stream, {ei},
containing NE events, each event, ei = (xi, yi, ti, pi ), corre-
sponds to the i-th event characterized by spatial coordinates,
(xi, yi ), timestamp, ti ∈ [0, T ], and polarity, pi ∈ {+1,−1},
indicating an increase (+1) or decrease (−1) in brightness,
for all i ∈ {0, . . . , NE }. We construct event voxel grids using
a between-frames strategy in which events are grouped such
that all events occurring between two consecutive frames are
aggregated into the same voxel grid. Specifically, given the
image timestamps, the set of events in the k-th group is defined
as Ek = {ei | Tk−1 < ti ≤ Tk} where Tk is the ending times-
tamp of the k-th group, and its duration is �T = Tk − Tk−1.
We divide the events in each group into B temporal bins
to discretize the continuous-time event data; and adopted a
common value of B = 5. The timestamps of the events in
the group are first normalized to the range [0, B − 1]. Each
event then contributes its polarity to the two closest bins using
bilinear interpolation. The voxel grid, Vk ∈ RH×W ×B, for the
k-th group is formed using (1):

Vk (x, y, t ) =
∑

i

pi max(0, 1 − |t − t∗
i |)δ(x − xi, y − yi )

(1)
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FIGURE 1. Overall architecture of the proposed DSTFN-E2V.

where δ is the Kronecker delta that is used to select the event
location and t∗

i = (B − 1) ti−Tk
�T is the normalized timestamp.

B. PROPOSED DSTFN-E2V ARCHITECTURE
The proposed DSTFN-E2V utilizes a dual-path architecture
designed to process the event voxel grid, Vk , at each time
step, k, producing a corresponding reconstructed image, Îk , (as
shown in Fig. 1). The main path, known as the STEM, consists
of three encoder-decoder stages with skip connections. In each
encoder, convolutional log-short term modules (ConvLSTMs)
are used to capture the spatio-temporal dependencies in Vk .
In parallel, the second path, PFDM, processes both the previ-
ous reconstructed image, Îk−1, and the current voxel grid Vk .
PFDM extracts frequency-aware features that describe both
the static and dynamic elements of the scene. The spatio-
temporal features from STEM and frequency-aware features
from PFDM are then fused at each encoder stage through
the proposed EIFBs, which apply cross-attention to integrate
global context from both paths into the final reconstructed
image, Îk .

Recurrent Formulation: Let S l
k denote the recurrent state

of the l-th ConvLSTM [4] encoder block in the STEM path
at time step k (as shown in Fig. 1). Given the states from the
previous time step, {S l

k−1}3
l=1, and the current event voxel grid,

Vk , our network predicts the intensity image, Îk , and computes
the current states, {S l

k }3
l=1, as (2):

(Îk, {S l
k }3

l=1) = STEM(Vk, {S l
k−1}3

l=1, {I l
freq}3

l=1) (2)

where I l
freq denotes the prior frequency features at decompo-

sition level l , which are generated by the PFDM and fed into
the corresponding encoder stage of STEM as (3):

I l
freq = PFDM(Vk, Îk−1), l ∈ {1, 2, 3} (3)

1) PRIOR FREQUENCY DECOMPOSITION MODULE (PFDM):
The input to the PFDM is the concatenation of current event
voxel grid, Vk ∈ RH×W ×5, and the previously reconstructed
image, Îk−1 ∈ RH×W ×1, forming Iev

k ∈ RH×W ×6.
2D Discrete Wavelet Transform (2D-DWT): We apply a

three-level hierarchical 2D-DWT decomposition to progres-
sively separate frequency components at multiple scales. At
each level, the 2D-DWT decomposes the input into four

FIGURE 2. Detailed illustration of the PFDM and EIFB. The illustrated
module structures and spatial dimensions correspond to the first level of
decomposition; processing at other scales follows the same design.

subbands at half spatial resolution: one LF approximation sub-
band, Il

LL ∈ R(H/2l )×(W/2l )×6, and three HF detail subbands,

Il
LH , Il

HL, Il
HH ∈ R(H/2l )×(W/2l )×6. This hierarchical decom-

position applies 2D-DWT recursively on the LL subband
from the previous level, producing features at resolutions
H/2l × W/2l (Fig. 2). The LL subband captures coarse-scale
structural information through low-pass filtering in both hor-
izontal and vertical directions, encoding global scene layout
and intensity distribution. The LH subband isolates horizontal
edge information (high-pass horizontal, low-pass vertical),
HL captures vertical edges (low-pass horizontal, high-pass
vertical), and HH encodes diagonal edge details (high-pass
in both directions). This decomposition separates semantic
context from edge-centric features in a single operation [17].
We use the Haar wavelet [25] for this decomposition. We ex-
perimented with other wavelet bases, including Daubechies-2
and symlets, but observed no significant difference in re-
construction performance. Given this, we selected the Haar
wavelet due to its lower computational complexity arising
from its simple filter structure. We evaluated different de-
composition depths (2, 3, and 4-levels). Moving from 2 to
3 levels yields consistent improvement across all metrics,
while further increasing to 4-levels provides only marginal
gains with additional computational cost. Therefore, we adopt
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FIGURE 3. Detailed illustration of the ERM module (left) and the layered
architecture of the Inception-Net (right).

a 3-level decomposition as a trade-off between performance
and efficiency. We found that this separation enables three
complementary mechanisms for cross-modal fusion: i) HF
subbands explicitly encode edge and intensity transition fea-
tures that align with the event-driven intensity changes, en-
abling structural correspondence between frequency-domain
features and event representations; ii) HF subbands pre-
serve both static and dynamic edge structure, complementing
events that only capture moving edges; and iii) LL sub-
band provides absolute intensity and semantic context that
events lack. While DWT provides frequency separation, raw
wavelet coefficients require adaptive processing to extract
task-relevant features. CNNs have showed superior capability
in learning hierarchical feature representations from wavelet
subbands [26], [27] as convolutional filters can adaptively em-
phasize informative patterns while suppressing noise within
each frequency band. Therefore, at each decomposition level,
the LL subband, Il

LL, passes through a residual block (RB)
consisting of two 3 × 3 convolutional layers (Conv) with
ReLU activation and skip connection to preserve structural
information.

Edge-detail Refinement Module (ERM): The three HF sub-
bands at each level, l , contain directional edge information
critical for reconstruction. However, directly using raw HF
coefficients can introduce noise and inconsistent edge re-
sponses due to sparsity in Vk and reconstruction errors in
Îk−1. Therefore, inspired by [28], we designed the ERM,
where, as shown in Fig. 3, three HF subbands are initially
processed through depthwise separable convolutions (DW-
Conv) to extract features from each subband independently
and efficiently. Then, we employ two cross-attention lay-
ers [29], where Il

HH serves as query (Q), while Il
LH and Il

HL
provide keys (K) and values (V ), respectively. Cross-attention
is preferred over CNN-based fusion as the contribution of
horizontal and vertical edge features to diagonal edge refine-
ment varies spatially depending on local content. Unlike fixed
convolutional kernels, cross-attention allows Il

HH to dynam-
ically attend to the most relevant features from Il

LH and Il
HL

at each spatial location, enabling adaptive directional comple-
mentarity. This mechanism also facilitates noise suppression
by reducing the influence of inconsistent or spurious edge
responses while preserving coherent edge structures. Finally,
each enhanced subband then passes through a multi-scale
parallel convolution block inspired by the inception architec-
ture [30]. This block consists of three parallel branches with
different kernel sizes convolutions, which simultaneously cap-
ture edge features at different spatial scales. The larger kernels

provide broader contextual information, while smaller kernels
preserve fine edge details. The outputs from all three branches
are concatenated and fused through a convolution to produce
the aggregated features. The processed LF and HF features
in PFDM are concatenated and passed through a 1 × 1 Conv
layer to produce the final frequency-decomposed features,
Il

f req.

2) SPATIO-TEMPORAL EVENT-DRIVEN MODULE (STEM):
Head Layer: The input Vk ∈ RH×W ×5 passes through a Conv
layer with 3 × 3 kernel and stride 1 to extract initial features,
Fev , while preserving spatial dimensions.

Encoder Blocks: STEM employs three encoder stages, each
containing a ConvLSTM followed by an EIFB. ConvLSTM
first applies a Conv layer with 3 × 3 kernel and stride 2 to
extract local features and downsample the spatial resolution.
This downsampling matches the spatial dimensions of Il

f req
for cross-modal fusion. The convolved features then pass
through an LSTM [31] to capture long-range temporal de-
pendencies by maintaining hidden states across time steps.
The output of this block, F̃ev is then fused with Il

f req features
through EIFB producing multi-scale fused representations,
F l

f used .
Event-Image Fusion Block (EIFB): While attention mech-

anisms have shown strong performance in E2V reconstruc-
tion [13], [14], standard SA incurs substantial computational
cost due to pairwise computation of attention scores across
all spatial locations, resulting in O(H2W 2) complexity. Fur-
thermore, existing methods [8], [10] process event and image
features through concatenation or process it only in spatial
domain, limiting the network’s ability to efficiently learn
cross-modal dependencies. To address this, following the
approach [32], our EIFB performs efficient cross-modal atten-
tion where frequency-aware features from the PFDM serve as
Q to retrieve relevant information from event-driven features.
Specifically, as shown in Fig. 2, both input features undergo
layer normalization (LN) and 1 × 1 convolution to project
them into a common embedding space of dimension C. The
frequency features, Il

f req, generate Q, while event features,

F̃ev , generate K and V . To reduce computational complexity,
we perform attention in the channel dimension rather than
the spatial dimension. We reshape Q, K,V from RC×H×W to
RC×HW and compute the channel-wise cross-attention as (4):

Fattn = V · softmax

(
QT K√

dk

)
(4)

where QT K ∈ RC×C . This design produces an attention map
of size C × C instead of HW × HW . Since C is a design pa-
rameter chosen independently of the input spatial resolution,
the proposed formulation allows control over the model com-
plexity. As a result, the computational cost no longer scales
quadratically with the input spatial resolution, reducing from
O(H2W 2) to O(C2). The attention mechanism performs soft
indexing of K by Q features in the channel space, allowing HF
components to selectively emphasize event channels encoding
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edge information, while LF components attend to channels
carrying broader temporal patterns. The frequency features,
Il

f req, are reshaped and combined with attention output, Fattn ∈
RC×HW , via a residual connection. The result then passes
through a feed-forward network (FFN) consisting of two lin-
ear layers with GELU activation applied after the first layer.
The final fused features combine frequency-specific inten-
sity information from previous reconstructions with temporal
dynamics from events, enabling the decoder to utilize both
static scene structure and dynamic changes for high-quality
reconstruction.

Decoder Blocks: To progressively reconstruct the intensity
image, we employ bilinear upsampling with the a factor of 2.
These interpolated features are then refined through a Conv
layer with 3 × 3 kernel size, allowing the decoder to capture
local spatial relationships and further enhance feature repre-
sentation.

Prediction Layer: The prediction layer consists of a 1 × 1
Conv layer that maps the features to the final intensity image.
This yields the reconstructed image, Îk ∈ RH×W ×1. We do not
use an activation function after this layer.

C. TRAINING DETAILS
To train our model, we employ a combination of two loss
functions. Firstly, we use learned perceptual image patch
similarity (LPIPS) loss as employed in [4]. LPIPS measures
the difference between the reconstructed image, Îk , and the
corresponding GT image, Ik , by comparing deep feature rep-
resentations extracted using a VGG network [33] pre-trained
on ImageNet [34]. Formally, LPIPS loss is defined as LLP

k =
j(Îk, Ik ), where j denotes the LPIPS distance. Secondly, we
incorporate a temporal consistency loss, LTC

k , proposed in [4],
to enforce smooth transitions between consecutive images in
the reconstructed image sequence given as: (5):

LTC
k = Mk

k−1

∥∥∥Îk − Wk
k−1(Îk−1)

∥∥∥
1

(5)

where Mk
k−1 = exp(−α‖Ik − W k

k−1(Ik−1)‖2
2) is a weighting

term that accounts for occlusions, and W k
k−1(Îk−1) is the result

of warping the reconstructed image at time step k − 1 to time
step k, using the optical flow. In our experiments, we set
α = 50 as done in [4], [5], [9]. The final loss function, L, is
computed using (6):

L =
L∑

k=1

LLP
k + λTC

L∑
k=L0

LTC
k (6)

In our experiments, we set L = 20, which denotes the se-
quence length of consecutive images considered by our model
during training. This length controls how many time steps
the model unrolls to capture temporal dependencies. We set
λTC = 5 and L0 = 2, as indicated in [4].

We implement the proposed model in PyTorch for training.
The network is trained over 300 epochs with a batch size of
4 on an RTX 3080 GPU with 16 GB of RAM. We utilize
the Adam optimizer with an initial learning rate of 10−4,

which decays by 10% every 50 epochs. We also perform data
augmentation with random crop and flip operations. The size
of the crop was set to 128 × 128, and the probability of both
vertical and horizontal flips was set to 0.5. To further enhance
performance and mitigate overfitting, we incorporate noise
augmentation, pause augmentation, and hot-pixel augmenta-
tion following the methods in [5].

During early training, the network’s previous reconstruc-
tion, Îk−1, used as input to PFDM, contains significant errors,
which can destabilize learning. To address this, we adopt a
curriculum learning (CL) scheme [35] from [9], where the
network gradually transitions from GT supervision to self-
generated priors. Specifically, we initially provide PFDM with
GT previous images, Ik−1, rather than the actual network pre-
diction, Îk−1. Over the first 100 epochs, we linearly increase
the contribution of predicted frames through a weighting
schedule as (7) and (8):

β = min

(
1,

epoch

100

)
(7)

Iev
k = β · Îk−1 + (1 − β ) · Ik−1 (8)

where Iev
k is the actual input to PFDM. This schedule al-

lows the network to learn stable frequency decomposition on
reliable intensity references before adapting to its own pre-
dictions. After epoch 100, we use only network predictions
(β = 1), ensuring the model learns to refine its own outputs
during inference when GT priors are unavailable.

IV. EXPERIMENTAL RESULTS
Training Dataset: We follow a common approach to generate
a synthetic training dataset [5] using the “Multiple-Object-
2D” rendering engine of ESIM [36]. This engine simulates
multiple foreground objects moving across a background im-
age, employing various 2D motion properties. Background
images were selected from the MSCOCO dataset [37], while
foreground objects were sourced from [5]. The dataset con-
sists of 280 sequences, each 10 seconds in length. The contrast
threshold values for event generation ranged from 0.1 to 1.5.
Each sequence in our training dataset comprises an event
stream together with the corresponding GT images and op-
tical flow maps produced at an average rate of 51 Hz. The
resolutions of event and image cameras are both 240 × 180
pixels.

Testing Datasets: To evaluate our proposed model, we uti-
lize sequences from four real-world datasets: i) The event
camera dataset (ECD) [38], recorded with a DAVIS240 C sen-
sor at a resolution of 240 × 180; ii) The high-quality frames
(HQF) dataset [5], recorded using two DAVIS240C sensors
at the resolution of 240 × 180 pixels; iii) The multi vehicle
stereo event camera (MVSEC) dataset [39] captured using
a DAVIS346B sensor at a resolution of 346 × 260 pixels;
and iv) A high-speed and HDR dataset [4], recorded with a
Samsung DVS Gen3 camera with a resolution of 640 × 480
pixels, which includes challenging scenarios with strong light
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TABLE 1. Quantitative Reconstruction Quality and Computational Efficiency Results

contrasts and is used to demonstrate the generalizability of our
model on a higher-resolution sensor.

Quality Evaluation Metrics: To quantitatively assess the
proposed model, the following commonly used full refer-
ence metrics were used: peak signal-to-noise ratio (PSNR) ↑,
structural similarity index measure (SSIM) ↑ and LPIPS ↓.
Additionally, we employ root mean square (RMS) ↑ contrast,
also used by prior works [2], [10]. The RMS contrast metric
is used to evaluate image contrast by calculating the standard
deviation of pixel intensities.

Benchmark Methods: We compare DSTFN-E2V against
state-of-the-art (SOTA) methods across three categories:
i) CNN-based (E2VID [4], E2VID+ [5] FireNet [6]) that
process events through spatial convolutions and temporal
aggregation without prior-guide; ii) prior-guided methods
(SPADE-E2VID [10], HyperE2VID [9] CISTA-LSTC [8])
that incorporate Îk−1 through spatial-domain modulation; and
iii) attention-based methods (ET-Net [13], RecNet [14]). To
ensure a fair evaluation, only methods with publicly available
source code were selected for comparison. All methods were
retrained on our dataset using identical settings and publicly
available code, except for [14], which we implemented based
on the model description provided in the original paper and
have named as “RecNet”. As the GT images of ECD are
darker, we follow a common approach [4], [8] of normalizing
the images into the range of [0, 1] to enable comparison with
reconstructed images. As the GT images of ECD are darker,
we follow a common approach [4], [8] of normalizing the
images into the range of [0, 1] to enable comparison with
reconstructed images.

Reconstruction Quality Results: Table 1 provides the av-
erage values of each metric across all evaluated frames. On
ECD, our method surpassed the best SOTA method (ET-
Net) by 2.44 dB PSNR and 0.065 SSIM, while reducing
LPIPS to 0.224. Similar improvements are observed on HQF
(15.99 dB PSNR, +1.70 dB over ET-Net) and MVSEC
(12.45dB PSNR, +2.30 dB over ET-Net). Notably, DSTFN-
E2V also achieves superior results over prior-guided methods
that operate solely in the spatial domain, underscoring the
effectiveness of frequency-aware feature modeling. More-
over, the improved RMS contrast computed for ECD, reflects
DSTFN-E2V’s ability to preserve global intensity distribu-
tion. Our LL subband processing maintains absolute intensity

reference from previous reconstructions, preventing the inten-
sity compression observed in methods without prior guidance
(e.g., E2VID, FireNet: RMS contrast < 37).

Computational Efficiency Results: Table 1 also reports the
computational efficiency in terms of the number of parameters
(in millions) and average reconstruction time per frame (in
milliseconds) at two different resolutions. Compared to ex-
isting attention-based methods, DSTFN-E2V is significantly
lightweight, requiring fewer parameters while achieving lower
inference times. This efficiency mainly stems from the design
of the PFDM, which utilizes fixed wavelet-based components
integrated with lightweight convolutional processing (see Sec-
tion V). In addition, the proposed EIFB operates on compact
feature interactions rather than dense spatial attention, fur-
ther lowering inference overhead (see suppl. document). As
a result, DSTFN-E2V achieves a favorable balance between
reconstruction quality and efficiency, making it a well-suited
attention-based method for resource-constrained event-based
vision applications.

Visual Quality Results: To support quantitative results, we
provided visual comparison in Fig. 4. As shown in the ECD
results DSTFN-E2V better preserves fine structural details
and sharp edges, which is consistent with its higher SSIM
scores. In contrast, competing approaches exhibit noticeable
blurring and loss of edge definition, particularly around object
boundaries (see red rectangles in the first row). On the more
challenging MVSEC dataset (third row), existing methods
suffer from degraded textures under motion and lighting varia-
tions. DSTFN-E2V produces visually sharper reconstructions
with clearer object structures (highlighted in red rectangle).
For HQF dataset (last two rows), DSTFN-E2V successfully
recovers fine textures and small structural details that are
largely lost in competing methods (blue rectangles).

Fast Motion Scenarios Results: Fig. 5 shows DSTFN-E2V
robustness under fast camera motion from the ECD dataset.
While rapid movements typically cause severe motion blur
and ghosting artifacts in E2V reconstruction, our method
maintains scene detail recovery with minimal blurring.

High-resolution Reconstruction Results: To evaluate the
generalization ability of our method at higher resolutions,
Fig. 6 demonstrates that DSTFN-E2V produces competitive
reconstructions comparable to existing methods while main-
taining computational efficiency.

VOLUME 7, 2026 547



MAQSOOD ET AL.: DEEP SPATIO-TEMPORAL AND FREQUENCY GUIDED FUSION NETWORK FOR EVENT-TO-VIDEO RECONSTRUCTION

FIGURE 4. Visual quality results on three real-world event datasets. First two rows correspond to ECD, third for MVSEC and last three rows are from HQF
dataset. Overall, our proposed DSTFN-E2V excels in detail recovery with minimum artifacts.

FIGURE 5. Visual quality results of DSTFN-E2V for dynamic_6dof of the ECD FAST subset.

FIGURE 6. Visual quality results for hdr_selfie of the high-resolution HDR
dataset.

V. ABLATION STUDY
In this section, we evaluate various design elements of the
DSTFN-E2V model to verify their impact on performance.

w/o PFDM: We train a variant without the PFDM path,
processing only Vk , through STEM. Table 2 shows, compared
with the full model, removing PFDM results in significant
decrease in performance (from both with and without CL).
Notably, PFDM achieves better results only with 893 thou-
sand additional parameters, providing an efficient balance
between quality and computational cost. Fig. 7 shows top

k-channels visualization from Encoder-2 of STEM. Without
PFDM, channels appear relatively sparse, with most of the
activations showing high contrast or very localized structures,
whereas with PFDM, the top k-channels are much more con-
sistent in their structure. The activations are smoother and less
noisy, indicating that the model is focusing on more coherent
patterns.

STEM w/ Îk−1: We train a model that concatenates Îk−1
directly with Vk in STEM to distinguish the benefits of our
architectural features from the simple use of past recon-
structions. This variant shows only marginal improvement
compared to the model without PFDM, indicating that simple
concatenation fails to integrate features from both modalities
effectively.

PFDM w/o Vk: In this variant, only Îk−1 is used for fre-
quency decomposition, without incorporating the current Vk .
The consistent decrease in metrics, especially SSIM and
LPIPS, highlights that without Vk , the model fails to fully
capture both static and dynamic features of the scene. This
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TABLE 2. Ablation Results in Terms of Quality Evaluation Metrics and Number of Model Parameters Across Three Datasets. Results are Reported for
Models Trained With and Without Curriculum Learning (CL) Strategy.

FIGURE 7. Top 48 channels from Encoder-2.

lack of current event information limits the model’s ability
to effectively learn frequency-aware features from both the
dynamic changes and the static components.

w/o EIFB: This variant replace EIFBs with simple con-
catenation followed by Conv layers at three encoder stages.
This variant shows a notable degradation compared to the
full model which shows that CNNs, which capture only lo-
cal spatial relationships, cannot effectively model the global
dependencies between Il

f req and F̃ev . In contrast, our EIFB

employs cross-attention where Il
f req features serve as Q and

F̃ev features as K /V , enabling adaptive, long-range feature
interactions. This mechanism allows the model to selectively
attend to relevant event information based on frequency con-
tent, resulting in superior reconstruction quality.

w/o ERM: We train a model, where ERM is replaced with
standard RBs. The 0.20 dB PSNR and 0.017 SSIM drop shows
that ERM’s cross-attention mechanism between directional
subbands is crucial for preserving edge and texture details.
Fig. 8 illustrates the effect of ERM processing: before ERM,

FIGURE 8. Visual effect of ERM on HF subbands.

the HF subbands contain noisy, fragmented edge information
with inconsistent directional features; after ERM, the sub-
bands exhibit enhanced edge clarity.

PFDM w/o DWT: To isolate the contribution of the wavelet-
based frequency decomposition within PFDM, we train a
variant in which the 2D-DWT is removed. In this variant,
the concatenated input features are passed directly to RB and
ERM without frequency decomposition. As shown in Table 2,
this variant yields a notable performance drop compared to
the full model, with results approaching those of the w/o
PFDM variant. This confirms that without explicit frequency
decoupling, the HF and LF components remain entangled
within pixel intensities, preventing the model from separately
controlling structural coherence and edge enhancement.

VI. CONCLUSION
This paper presented DSTFN-E2V, a novel deep spatial-
temporal and frequency guided fusion network that addresses
fundamental limitations in E2V reconstruction by decoupling
the processing of frequency information. Our approach uti-
lizes frequency decomposition through 2D DWT to enable
independent handling of structural and fine detail recov-
ery. The proposed PFDM provides global structure through
LL subband processing, while the ERM enhances edge and
texture details from HF subbands. These frequency-aware
features are integrated with event-driven features through
cross-attention based EIFB across multiple scales, effec-
tively mitigating common artifacts such as over-smoothing,
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blurring, and contrast degradation. Moreover, DSTFN-E2V
provides almost 50% computational efficiency when com-
pared with existing attention-based methods. Future directions
include extending DSTFN-E2V with learnable frequency de-
composition methods such as trainable wavelet transforms to
further enhance reconstruction quality.
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