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WaveE2VID: FREQUENCY-AWARE EVENT-BASED VIDEO RECONSTRUCTION 
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ABSTRACT 

Event cameras, which detect local brightness changes instead of 
capturing full-frame images, offer high temporal resolution and low 
latency. Although existing convolutional neural networks (CNNs) 
and transformer-based methods for event-based video 
reconstruction have achieved impressive results, they suffer from 
high computational costs due to their linear operations. These 
methods often require 10M-30M parameters and inference times of 
30-110 ms per forward pass at a resolution of 640 × 480 on modern 
GPUs. Furthermore, to reduce computational costs, these methods 
apply CNN-based downsampling, which leads to the loss of fine 
details. To address these challenges, we propose an efficient hybrid 
model, WaveE2VID, which combines the frequency-domain 
analysis of the wavelet transform with the spatio-temporal context 
modeling of a deep convolutional recurrent network. Our model 
achieves 50% faster inference speed and lower GPU memory usage 
than CNN and transformer-based methods, maintaining 
reconstruction performance on par with state-of-the-art approaches 
across benchmark datasets. 
 

Index Terms— Event camera, wavelet transform, deep 
learning, video reconstruction. 
 

1. INTRODUCTION 

Event cameras, also known as neuromorphic cameras, offer a 
revolutionary approach to visual sensing by mimicking biological 
systems. Unlike conventional cameras that capture fixed-rate 
frames, event cameras operate asynchronously, detecting pixel-level 
light changes only when they exceed a pre-defined threshold. This 
novel mechanism provides significant advantages, including high 
temporal resolution, and low power consumption. However, the 
sparse and unstructured output of event cameras poses challenges 
for processing with traditional computer vision algorithms. 
Converting event streams into videos of sequential intensity images 
has become a key solution in event-based vision, enabling the 
application of frame-based algorithms to the reconstructed results 
for various vision tasks. 

Deep learning techniques, particularly convolutional neural 
networks (CNNs), have shown remarkable success in event-based 
video reconstruction. E2VID, the first CNN-based model proposed 
by Rebecq et al [1], achieved a significant boost in reconstruction 
quality. Building on E2VID, Scheerlinck et al [2], introduced 
FireNet, a lightweight network that reduced inference time with only 
a minor compromise in accuracy. Subsequently, Stoffregen et al [3], 
showed reliance of these supervised methods on synthetic data 
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generated by simulators like ESIM [4]. To address this, Federico et 
al [5], proposed the first self-supervised learning model, SSL-
E2VID, which utilized optical flow and event-based photometric 
constancy to train networks without ground truth (GT). More 
recently, HyperE2VID [6] extended E2VID with hypernetworks [7], 
enabling dynamic parameterization for improved adaptability. 

Despite these advancements, CNN-based methods face notable 
limitations. First, their high computational costs result in 
reconstruction times ranging from 30-110 milliseconds (ms) at a 
resolution of 640 × 480. To mitigate these costs, aggressive 
downsampling techniques are often employed to reduce input 
resolutions, which compromise fine details [8] in the reconstructed 
images. Furthermore, CNN’s local receptive fields necessitate deep 
architectures to capture global dependencies [9], leading to 
increased computational overhead. Recently, ET-Net [10] a 
transformer-based model was introduced to capture global 
dependencies from event data. While promising, ET-Net suffers 
from high computational costs due to their linear operations required 
for modeling long-range dependencies, resulting in average 
inference times of 116.9 ms. 

Frequency-aware analysis methods [11] have demonstrated 
their potential in event-based vision. The wavelet transform (WT), 
a well-established technique for multi-resolution and frequency-
domain analysis, has recently gained attention in event-based vision 
for its integration into deep learning frameworks [12]. Event data is 
inherently sparse, dynamic, and rich in high-frequency information 
such as edges and brightness changes, which WT can efficiently 
decompose into localized, multi-scale subbands. By capturing both 
local and global contexts without requiring deep architectures, WT 
overcomes the limitations of convolutional methods [9]. 
Additionally, WT's ability to preserve fine-grained details while 
providing compact representations ensures computational efficiency 
[13]—a critical requirement for event-based vision tasks. 

Building on these strengths, we propose WaveE2VID, a novel 
event-based video reconstruction model that integrates WT into a 
deep learning architecture. WaveE2VID combines the frequency-
domain capabilities of WT with the spatio-temporal modeling 
strength of a deep convolutional recurrent network (DCRN) to 
achieve high-quality video reconstruction while significantly 
reducing computational overhead. WaveE2VID introduces two 
novel modules. Firstly, the frequency-aware downsampling module 
(FA-Encoder), utilizes 2D discrete wavelet transform (2D-DWT) 
for multi-resolution decomposition, effectively capturing global 
context and preserving frequency details. Unlike CNN-based 
downsampling methods that discard spatial information, the FA-
Encoder retains critical features across diverse scales, ensuring 
efficient representations and a broader receptive field. Secondly, the  



 
Figure 1: Overall proposed model pipeline for reconstruction of grayscale intensity images from event stream.

frequency-aware reconstruction module (FA-Decoder) leverages the 
inverse discrete WT (IDWT) to reconstruct high-fidelity intensity 
images by combining wavelet-based features with those learned by 
the DCRN, maintaining fine details and temporal consistency. To 
summarize the contributions: 

1) We propose WaveE2VID, a novel hybrid event-based video 
reconstruction model that effectively balances reconstruction 
quality and efficiency, reducing parameters from 30M to 7M 
and inference time from 116.90 ms to 12.72 ms. This is 
achieved by combining frequency-domain representations 
from WT with the temporal modeling capability of DCRN. 

2. RELATED WORK 

2.1 Event-Based Video Reconstruction Methods 

Video reconstruction is a prominent topic in event-based vision. 
Earlier approaches relied on non-machine learning techniques, like 
SLAM [14], regularization [15], and optimization [16] for 
reconstructing videos. The first machine learning approach, 
proposed by Barua et al [17], utilized a simulator to develop a sparse 
patch-based dictionary, enabling the matching of event patches to 
gradient patches. The success of deep learning, particularly CNNs, 
led to E2VID [1], which set new standards in reconstruction quality 
and spurred further advancements in models [6] [10]. Cadena et al 
[18] proposed SPADE-E2VID, a modified E2VID architecture by 
employing a new decoding scheme. One potential downside of these 
CNN-based works is their high computational cost, contrasting with 
the low-power and low-latency nature of event cameras. Therefore, 
we focus on the development of an efficient model that reconstructs 
good quality intensity images in resource constraint environments.  

2.2 Wavelet Transform Methods 

WT decomposes incoming signals into four subbands (i.e., one low-
frequency and three high-frequency) using predefined functions, 
resulting in minimal information loss [9] as the transform is 
inherently designed for reversible compression (through IDWT). 
Finder et al [9], proposed a wavelet convolutional (WTConv) layer 
that increases the receptive field of convolutions effectively without 
suffering from over-parametrization. More closely related to our 
work, Liu et al [13] incorporate the WT within a modified UNet 
architecture [19] for down-sampling and up-sampling, 
demonstrating that the integration of CNNs and WT achieves 
superior performance in restoration tasks. Recently, Fang et al [12] 
proposed a spike wavelet transform (SWformer) model, which 
integrates WT into spiking neural networks (SNNs). Their work 
demonstrates that SWformer can efficiently and effectively extract 
both spatial and frequency features from event data, outperforming 
conventional SNNs in various tasks. In addition to this, other studies 
have investigated the application of WT in event-based vision, such 

as in fault diagnosis [20] and motion analysis [21] tasks. Despite 
this, to the best of our knowledge, no prior work has explored the 
potential of WT in event-based video reconstruction. 

3. PROPOSED APPROACH 

Our goal is to generate a sequence of intensity images {𝐼መ௞} from an 
event stream. To achieve this, we begin with a preprocessing step 
that converts the event stream into voxel grids (Section 3.1) and each 
voxel grid is then processed by the proposed model. The model 
reconstructs a 2D grayscale image having dimensions 𝐻 × 𝑊 × 1 
at each time step 𝑘,  using the previous network state 𝑠௞ିଵ and 
updating it to current state 𝑠௞. Here 𝐻 and 𝑊 represents the image 
height and width, respectively. Figure 1 shows the block diagram of 
our proposed approach.  

3.1 Event Representation 

To process the event stream, we follow a common approach in 
event-based literature [22]. Our network input is an event tensor 
𝐸(𝑥, 𝑦, 𝑡) with dimensions 𝐻 × 𝑊 × 𝐵, where 𝐵 is the number of 
temporal bins (referred to as the number of channels). To populate 
the event tensor, we employ trilinear voting (interpolation), where 
each event, (𝑥௜ , 𝑦௜ , 𝑡௜ , 𝑝௜), contributes its polarity, 𝑝௜, to its two 
closest temporal bins based on their normalized timestamps. Each 
event contribution to the event tensor 𝐸 is determined using (1): 

𝐸(x, y, 𝑡௡) =  ෍ 𝑝௜  𝑚𝑎𝑥

௜

(0, 1 − |𝑡௡ − 𝑡௜
∗|) (1) 

where 𝑡௡ denotes the temporal bin index, 𝑝௜ the polarity of the 𝑖௧௛ 
event, indicating whether it corresponds to an increase or decrease 
in intensity, and 𝑡௜

∗ is the normalized version of the event timestamp, 
𝑡௜, calculated using (2).  

𝑡௜
∗ =  

𝑡௜ − 𝑡௠௜௡

𝑡௠௔௫ − 𝑡௠௜௡
(𝐵 − 1) (2) 

Here, 𝑡௠௜௡ represents the earliest timestamp and 𝑡௠௔௫ represents the 
latest timestamp observed in a section of the event data with 𝑁 
events. We set 𝐵 = 5 and 𝑁 =  30000 in our experiments. 

3.2 Network Architecture 

The proposed WaveE2VID architecture integrates convolutional 
layers (2DConv), convolutional long short-term memory 
(ConvLSTM) [23] and WT within a UNet-based structure [19]. A 
crucial aspect of the encoding scheme lies in the synergy between 
2D-DWT layers and DCRN, while in the decoder, images are 
reconstructed using the detailed recovery of features by 
incorporating spatial details from IDWT. We describe each 
component of our proposed model in detail below. 



Head Layer (HL): This layer employs a single 2DConv with a 
kernel size of 3 × 3, and stride of 1, to preserve spatial dimensions. 
The input event tensor, comprising 5 channels (i.e., bins), is 
transformed into a tensor of 𝐶 = 16 channels. 
Frequency-aware downsampling module (FA-Encoder): Our 
model consists of two FA-Encoder blocks. Each block works in 2D-
DWT-CNN-ConvLSTM manner. The extracted features from HL 
are fed to the first FA-Encoder block, that initially apply 2D-DWT 
to decompose each channel into different frequency subbands. 2D-
DWT yields coefficients corresponding to low-frequency 
components, which encapsulate essential structural details, and 
high-frequency components, which encode intricate fine details. The 
advantage of this approach lies in its cost-effectiveness, as 
expanding the channel dimensions which is usually accomplished 
through learnable convolutions, is achieved here using 2D-DWT 
with fixed kernels, making it a non-parametric method. To 
implement this, we employ the Haar [24] orthogonal wavelet 
functions due to their performance and faster computation on event 
data. The convolutional filters for Haar are defined in (3): 

𝑓௅௅(𝑥) = ቂ
1 1
1 1

ቃ,      𝑓௅ு(𝑥) = ቂ
−1 −1
1 1

ቃ 

(3) 
𝑓ு௅(𝑥) = ቂ

−1 1
−1 1

ቃ ,  𝑓ுு(𝑥) = ቂ
1 −1

−1 1
ቃ 

where 𝑓௅௅ filter serves the purpose of capturing the low-frequency 
information, while the 𝑓௅ு  , 𝑓ு௅ and 𝑓ுு filters are tasked with 
capturing high-frequency information in three distinct directions 
(horizontal, vertical and diagonal respectively) of input data. These 
four filters together form an orthogonal set that efficiently represents 
input data on a novel basis without redundancy. More specifically, 
a one-dimensional DWT is applied to the input, where low-pass and 
high-pass filters are convolved along the row and column directions 
separately. As a result, four subband images are obtained 
(𝑥௅௅, 𝑥௅ு, 𝑥ு௅ , 𝑥ுு), which contain all the image information. 
According to this definition, the decomposition and convolution 
process are performed on input data using (4): 

𝑥௅௅ = (𝑓௅௅ ∗  𝑥) ↓ଶ ,        𝑥௅ு = (𝑓௅ு ∗  𝑥) ↓ଶ, 
 𝑥ு௅ = (𝑓ு௅ ∗  𝑥) ↓ଶ,        𝑥ுு = (𝑓ுு ∗  𝑥) ↓ଶ 

(4) 

where ∗ is the convolution operation and ↓ଶ  denotes downsampling 
by a factor of 2. In conventional CNN, a single kernel is used for 
downsampling. In our approach, we employ both high-frequency 
and low-frequency filters as kernels for data decomposition. This 
dual-filter design enhances the inclusivity of input pixels, effectively 
expanding the receptive field [9]. Unlike state-of-the-art methods [1] 
[2] [3] [18], which rely on 3 × 3 or 5 × 5 filters, our backbone 
integrates 2 × 2 low and high-frequency filters. By combining four 
such filters, we achieve an effective filter size equivalent to 8 × 8, 
with faster computation. Note that the receptive field only does not 
assure the precise reconstruction of data, other factors also 
contribute to the architecture’s performance. Therefore, to enhance 
the module’s capacity to extract the spatio-temporal context of data, 
the FA-Encoder incorporates a refinement step using DCRN. In this 
phase, the low-frequency subband, 𝑥௅௅, undergoes a 3 × 3 2DConv 
followed by rectified linear unit (ReLU) activation and batch 
normalization (BN) layer to extract deeper structural features. The 
three high-frequency subbands are concatenated and processed 
through a separate 3 × 3 2DConv and ReLU activation, to extract 
intricate fine-grained details (shown in Figure 1). By processing 
each frequency subband independently, the module achieves a finely 
tuned adaptation to the intricate feature representations within each 
frequency band. To impose the long-range dependencies and 
maintain hidden states, we employ a ConvLSTM layer (details 

below). At the end of this stage, the down-sampled and frequency-
enhanced features are reconstructed using IDWT, which is then 
passed to the FA-Decoder layer for further processing. 
Residual Block (RB): Our architecture incorporates a single residual 
block to mitigate overfitting and preserve the network’s 
performance. This block consists of two 2DConv layers, each with 
a kernel size of 3 × 3, designed to maintain the spatial and channel 
dimensions of the input. A skip connection adds the input features 
to the output of the second convolution before applying the ReLU. 
Frequency-aware reconstruction module (FA-Decoder): The 
output dimensions from the RB differ from the original input 
dimensions, necessitating a reconstruction process to recover the full 
dimensions of the intensity image. To achieve this, we designed two 
FA-Decoder blocks, followed by a ConvLSTM block, to ensure 
accurate and detailed reconstruction. Each FA-Decoder block is 
specifically tailored to upscale the feature maps spatial resolution 
while preserving the channel consistency required to align with the 
FA-Encoder’s output. Notably, these blocks benefit from the 
detailed recovery of features by incorporating spatial details from 
the IDWT (also shown in Section 4.4). Utilizing the wavelets 
orthogonal properties, our model allows for the recovery of down-
sampled features using IDWT. The IDWT reconstructs the original 
image resolution decomposed and processed by the FA-Encoders. 
This reconstruction is concatenated with the reconstructed image via 
bicubic interpolation of FA-Decoder block, where the upsampling 
factor is 2 to maximally alleviate the adversarial effects. The 
interpolated features are then refined through a 2DConv layer with 
a 3 × 3 kernel size, allowing the decoder to capture local spatial 
relationships and further enhance feature representation (Figure 1). 
ConvLSTM Block: Following [18], to mitigate flickering artifacts, 
we employ a ConvLSTM block that utilizes a 3 × 3 convolutional 
kernel with the same number of input and hidden layers as the 
previous layer. This layer produces the output that utilizes the 
previous states to enhance the temporal stability of reconstruction. 
Prediction Block: This layer is a standard convolutional layer with 
a 1 × 1 kernel size and, unlike [1], we apply BN before the sigmoid 
activation function to this layer. 
Loss Function: We used a combination of two loss functions for 
training. The first is the reconstruction loss ℒ௞

ோ = 𝑑(𝐼መ௞ , 𝐼௞), where 𝑑 
denotes the learned image patch similarity (LPIPS) distance [25]. 
The LPIPS metric measures perceptual similarity by passing both 
the reconstructed and target images through a VGG network [26], 
pre-trained on the ImageNet dataset [27]. Secondly, we use temporal 
consistency (TC) loss [28], as employed in [1], denoted as ℒ௞

்஼ , 
which aims to enforce temporal coherence between consecutive 
images based on the GT optical flow 𝐹௞ିଵ

௞  and compute the 
photometric error. The temporal consistency loss is ℒ௞

்஼ =

𝑀௞ିଵ
௞ ฮ𝐼መ௞ − 𝑊௞ିଵ

௞ (𝐼መ௞ିଵ)ฮ
ଵ

  where 𝑊௞ିଵ
௞   represents the result of 

warping the reconstruction at time step 𝑘 − 1  to time step 𝑘 using 
the optical flow, and 𝑀௞ିଵ

௞  is a weighting term that accounts for 
occlusions. The final loss, denoted as ℒ, is a weighted sum of both 
loss functions over 𝐿 consecutive images and computed using (5) 
where ்஼ is the weight assigned to the temporal consistency loss 
(set to 5 empirically to balance with the reconstruction loss, as is 
also done in [1]). We train the recurrent network with a sequence 
length 𝐿 = 40 and 𝐿଴ = 2. 

ℒ = ෍ ℒ௞
ோ 

௅

௞ୀଵ

+ ்஼ ෍ ℒ௞
்஼

௅

௞ୀ ௅బ

 (5) 

4. RESULTS AND EXPERIMENTAL SETUP 
In this section, we first discuss the datasets used, followed by a 



 
Figure 2: Visual results on ECD sequences with corresponding GT. Our approach can reconstruct good quality images. 

Table 1: Comparison of computational costs. 

Method Parameters 
Time (ms) 
𝟐𝟒𝟎 × 𝟏𝟖𝟎 

Time (ms) 
𝟔𝟒𝟎 × 𝟒𝟖𝟎 

E2VID, E2VID+ [1] [3] 10712090 6.2 30.88 
FireNet,FireNet+ [2] [3] 39999 1.6 2.03 
SPADE-E2VID [18] 12493030 16.1 26.34 
ET-Net [10] 22184698 32.1 116.90 
HyperE2VID [6] 10149881 6.6 18.82 
WaveE2VID (Ours) 7432193 3.03 12.72 
SPADE-WG (Ours) 12058089 12.81 20.05 
E2VID-WG (Ours) 9596161 5.1 12.82 

comparison of our approach with existing methods from two 
perspectives: i) computational performance, and ii) reconstruction 
accuracy. Lastly, we provided ablation study on proposed method. 

4.1 Datasets 

Training Dataset: Following the approach in [3], we synthesized 
the training dataset using the ESIM [4] rendering engine. 
Specifically, the “Multiple-Object-2D” simulation was employed, 
combining background images from the MSCOCO dataset [29] and 
foreground objects provided by [3]. The dataset consists of 280 
sequences, each spanning 10 seconds, with event streams, GT 
intensity frames, and optical flow maps generated at an average rate 
of 51 Hz. Simulations were conducted with a sensor resolution of 
240 × 180 pixels. For the contrast threshold settings, the values 
varied within each sequence between 0.1 and 1.5 in ascending order. 
Testing Datasets: We evaluated our model on two real-world 
datasets: i) Event camera dataset (ECD) [30], which is a widely 
recognized benchmark dataset used for evaluating event-based 
vision methods, comprising seven sequences recorded using 
DAVIS240C [31] sensor with a resolution of 240 × 180; and ii) The 
sequences from the high speed and HDR dataset [32], having a 
higher sensor resolution of 640 × 480, recorded by a Samsung DVS 
Gen3 [33] device. 
Implementation Details: WaveE2VID is implemented in PyTorch, 
trained for 300 epochs with a batch size of 10, using Adam optimizer 
(10ିସ learning rate, 10ିଷ weight decay). We applied data 
augmentation with random crops of 128 × 128 and flips 
(vertical/horizontal with 50% probability). Our model included 
noise, pause and hot-pixel augmentation as detailed in [3]. 
Comparison Methods: We evaluated WaveE2VID using MSE 
(lower is better), SSIM (higher is better), and LPIPS (lower is 
better). We compared our model to eight state-of-the-art methods. 
As the GT images of ECD are darker, we follow a common approach 
[2] [18] of normalizing the images into the range of [0,1] to enable 
comparison with reconstructed images, without applying post-
processing to the reconstructed images. Additionally, to evaluate the 
generalizability of our model, we developed wavelet-guided (WG) 
versions of E2VID and SPADE-E2VID, named E2VID-WG and  

Table 2: Quantitative results on the ECD dataset. 
Method MSE SSIM LPIPS TC 
FireNet [2]  0.102 0.498 0.336 0.042 
FireNet+ [3] 0.076 0.496 0.326 0.035 
E2VID [1] 0.064 0.502 0.386 0.013 
E2VID+ [3] 0.045 0.520 0.313 0.012 
SSL-E2VID [5] 0.096 0.415 0.432 0.068 
SPADE-E2VID [18] 0.091 0.462 0.387 0.048 
ET-Net [10] 0.055 0.519 0.235 0.013 
HyperE2VID [6] 0.054 0.542 0.265 0.014 
WaveE2VID (Ours) 0.051 0.524 0.281 0.011 

Table 3: BRISQUE score on the high speed and HDR dataset. 
Method hdr_sun hdr_tunnel hdr_selfie Avg. 
E2VID [1] 19.75 20.52 14.52 18.72 
FireNet [2] 30.25 21.56 22.25 24.96 
HyperE2VID [6] 17.36 19.75 13.58 16.89 
WaveE2VID(Ours) 18.56 14.65 16.93 16.71 

 
SPADE-WG. In SPADE-WG, two ConvLSTM blocks were 
replaced by FA-Encoder blocks, and in E2VID-WG, both encoder 
and decoder layers were replaced with FA-Encoder and FA-Decoder 
blocks. For SPADE-WG, we adopted the many-to-one training loss 
strategy from the original work [18], to accelerate the training 
process. E2VID-WG, however, employed the same training loss 
function as WaveE2VID.  

4.2 Computational Performance 

In Table 1 we compare the computational cost of the WaveE2VID 
with existing methods. Bold values indicate the best-performing 
model, while underlined values represent the second-best. The 
comparison considers: i) the number of parameters, and ii) inference 
time in ms, evaluated at resolutions of common event cameras, such 
as DAVIS240C (240 × 180) and Samsung DVS Gen3 (640 ×
480), using an RTX 3080 GPU. WaveE2VID is 50% smaller than 
CNN-based models excluding FireNet (e.g., E2VID, SPADE-
E2VID, HyperE2VID) and 80% smaller than the transformer-based 
ET-Net. While FireNet and FireNet+ are faster, they compromise 
reconstruction quality, as evidenced in Figure 2 .As shown in the 
last two rows of Table 1, our proposed WG models are also 
computationally more efficient than the original counterparts. 

4.3 Reconstruction Accuracy 

Quantitative results: Table 2 shows that WaveE2VID significantly 
outperforms methods such as SSL-E2VID, E2VID, FireNet, 
SPADE-E2VID, achieving up to 40% reduction in LPIPS while 
maintaining superior SSIM and MSE scores. These results highlight 
the advantage of integrating wavelet-based hybrid architecture into 
event-based video reconstruction. Although our model achieves 
comparable performance to advanced architectures such as 
HyperE2VID and ET-Net, these models leverage complex 
mechanisms, such as hypernetworks and global attention, which 



 
Figure 3: Visual results on the high speed and HDR dataset. 

Table 4: Results of proposed WG models on ECD dataset 
Method MSE SSIM LPIPS 
E2VID [1] 0.064 0.502 0.386 
E2VID-WG (Ours) 0.051 0.542 0.361 
SPADE-E2VID [18] 0.091 0.462 0.387 
SPADE-WG (Ours) 0.084 0.478 0.251 

 
contribute to edge in performance. However, our method stands out 
for its computational efficiency, making it more suitable for 
resource-constrained environments. Moreover, we compute TC loss  
[28] to measure the continuity of content between video frames, 
where lower values indicate best-performing model. Since the GT 
images for the high speed and HDR dataset [32] are not available, 
we used the no-reference Blind/Referenceless Image Spatial Quality 
Evaluator (BRISQUE) [34]. Table 3 shows the results of 
WaveE2VID compared to three video reconstruction benchmarks, 
chosen for their computational efficiency. The lower BRISQUE 
values indicate that our model generalizes well on the high-
resolution sensor. Furthermore, Table 4 demonstrates that our 
proposed WG models have outperformed the original models in 
terms of all metrics by a great margin. 
Qualitative Results: Figure 2 presents a visual comparison of the 
proposed model on the ECD dataset. These visual results 
demonstrate that, despite requiring fewer computational resources, 
our method can also reconstruct details, comparable to resource-
intensive approaches. Additionally, our model effectively 
reconstructs smooth regions with significantly fewer smearing 
artifacts compared to CNN-based methods. Visual results for 
temporal consistency in reconstructed videos can be seen in 
supplementary material at https://sigport.org/documents/wavee2vid
-frequency-aware-event-based-video-reconstruction. Figure 3 
shows results on the high speed and HDR dataset, demonstrating the 
generalizability of our method to a different sensor. To evaluate the 
reconstruction ability on this dataset, we reconstruct sequences 
using 𝑁 =  45000 due to the higher sensor resolution (640 × 480 
instead 240 × 180). The qualitative results of our proposed WG 
models on various event-based datasets (see supplementary 
material) also demonstrate the generalizability of our proposed. 
approach. Both models can effectively remove the artifacts. 
Fast camera motion: We evaluated the reconstruction capabilities 
of WaveE2VID in comparison to larger networks, such as E2VID, 
under fast camera motion scenarios. For this assessment, we utilized 
the ECD_Fast subset proposed in [6]. As shown in Figure 4, despite 
having fewer parameters, our network can reconstruct good quality 
intensity images in challenging scenarios, comparable to those 
produced by larger networks. 

4.4 Ablation Study 

w/o FA-Encoder: We assess the impact of our FA-Encoder where 
our feature decomposition and extraction operations are replaced  

 

Figure 4: Comparison between E2VID (top row) and WaveE2VID 
(bottom row) in a challenging scenario. 

 
Figure 5: Visual comparison of WaveE2VID (bottom row) and w/o 
FA (top row). 

Table 5: Ablation results on different network settings. 
Experiment Name MSE SSIM LPIPS 
w/o FA 0.068 0.502 0.378 
w/o IDWT 0.061 0.525 0.321 
WaveE2VID (ours) 0.051 0.524 0.281 

 
with a simple convolution downsampling mechanism (stride=2). We 
train w/o FA model with our training dataset under the same settings 
as WaveE2VID Figure 5, presents a sequence of reconstructed 
images from the dynamic_6dof scene in the ECD dataset. The top 
row shows results from w/o FA, while the last row corresponds to 
WaveE2VID. A closer examination (highlighted by red boxes) 
reveals that WaveE2VID preserves fine details more effectively. 
Table 5 shows, the impact of this experiment on all metrics. 
w/o IDWT: We assess the contribution of IDWT in the 
reconstruction phase of our WaveE2VID model. In this experiment, 
we removed the IDWT layers while retaining all other modules, 
including the skip connections, to isolate the impact of IDWT. As 
shown in Table 5, the model without IDWT still demonstrates good 
generalization in terms of SSIM scores. However, notable 
differences were observed in the LPIPS and MSE metrics, indicating 
that the absence of IDWT affects the model's ability. 

5. CONCLUSION 

In this work, we proposed WaveE2VID, a novel hybrid model that 
integrates traditional frequency-aware wavelet transforms (WT) 
with deep neural networks, effectively combining the strengths of 
both approaches. Our design emphasizes the need for smaller, 
efficient architectures that strike a balance between accuracy and 
efficiency, leveraging the low-latency and low-power characteristics 
of event data. Additionally, we introduced SPADE-WG and E2VID-
WG, which enhance the reconstruction quality of their base models 
while maintaining lower computational overhead. Our findings 
demonstrate that wavelet-based hybrid architecture provides 
effective solutions to computational challenges in event-based 
vision. We suggest that integrating WT with more complex 
architectures could yield further improvements, to be explored in 
future work. We believe this work offers valuable insights for the 
community in designing efficient and frequency-aware architectures 
for event-based video reconstruction. 
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