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Abstract

Scene text image super-resolution aims to enhance text leg-
ibility by recovering high-resolution text images from low-
resolution inputs. However, maintaining fine details such as
text strokes, edges, and textual accuracy remains challenging,
particularly in low-light environments and high-speed mo-
tion scenarios, where degradation is more severe. Event cam-
eras, with their high temporal resolution and ability to cap-
ture intensity changes, offer a promising solution for restor-
ing lost fine details and mitigating degradation in these chal-
lenging conditions. In this paper, we propose EvTSR, the
first framework that integrates Event data for scene Text
image Super-Resolution. The core of EvISR is the dual-
stream frequency boost (DSFB) mechanism, which sepa-
rates image features into high- and low-frequency compo-
nents. High-frequency details like edges and strokes are en-
hanced using event data via the event-guided high-frequency
(EGH) mechanism, while low-frequency components, re-
sponsible for global structure, are refined using the Text-
Guided Low-frequency (TGL) mechanism with a pre-trained
text recognizer, ensuring textual coherence. To further im-
prove cross-modal integration, we introduce the cross-modal
fusion (CMF) mechanism, which effectively aligns event and
image features, enabling robust information fusion. Extensive
experiments demonstrate that EVI'SR achieves superior per-
formance over existing methods.

Code — https://github.com/codes8 1/EVTSR

1 Introduction

Scene text image super-resolution (TSR) is crucial for en-
hancing text clarity and legibility in low-resolution (LR) im-
ages, thereby boosting the performance of recognition sys-
tems in applications like autonomous driving (Reddy et al.
2020) and intelligent transportation (Al-Shemarry, Li, and
Abdulla 2022; Liem et al. 2018). While deep learning-based
methods (Mao et al. 2025; Xiao, Li, and Jia 2025; Xiao and
Wang 2025) using convolutional neural networks (CNNs),
recurrent neural networks (RNNs), and Transformers have
significantly advanced the field, they still face a critical chal-
lenge: performance degrades severely in extreme conditions.

*Corresponding Author.
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Figure 1: Examples of EVTSR. We illustrate two major chal-
lenges in TSR: poor lighting and motion blur. Both hinder
accurate text localization in LR images and degrade recog-
nition. Existing TSR methods struggle with these issues.
By incorporating event cameras and our proposed EvTSR
approach, text clarity and localization are significantly im-
proved. (TD: text detection; HR: high-resolution)

In scenarios with low light or motion blur, fine-grained de-
tails such as text strokes and edges are often lost, limiting the
effectiveness of existing methods (Rasheed and Shi 2022).

This limitation stems from the inherent lack of high-
frequency details in degraded LR images captured by con-
ventional cameras. Recently, event cameras have shown
great promise in related tasks like low-light enhancement
(Liang et al. 2024, 2023; Zhang et al. 2020), high-dynamic-
range imaging (Yang et al. 2023; Han et al. 2023), and stereo
depth estimation (Cheng, Knoll, and Cao 2025). Their ad-
vantages (high dynamic range (Brandli, Muller, and Del-
bruck 2014), high temporal resolution (Gallego et al. 2020),
and rich "moving edge” data (Mitrokhin et al. 2020)) make
them ideal for recovering sharp text edges. Motivated by
this, we incorporate event signals as auxiliary information
to enhance TSR, overcoming conventional limitations.

In this paper, we propose EVTSR, the first practical
method that effectively integrates event data into the TSR
process to restore fine-grained details and enhance text clar-



ity. The core of EvTSR lies in its dual stream frequency
boost (DSFB) mechanism, which strategically separates im-
age features into high-frequency (e.g., sharp edges, fine de-
tails) and low-frequency (e.g., text structure, layout) com-
ponents, enabling targeted enhancement for each domain.
High-frequency features, such as sharp text edges and fine
details, are enhanced using event data through the event-
guided high-frequency (EGH) mechanism, which leverages
the event camera’s strength in capturing details, particu-
larly in dynamic or low-light conditions. The EGH mech-
anism employs the event-guided dynamic convolution to
adaptively fuse the high-frequency texture and edge features
from the event stream with the text features, significantly en-
hancing the high-frequency representation and ensuring ac-
curate detail reconstruction. Meanwhile, low-frequency fea-
tures, such as the overall text structure and layout, are refined
using guidance from a pre-trained text recognizer through an
effective attention mechanism. The DSFB mechanism en-
sures structural consistency and readability by dynamically
focusing on the most relevant regions of the text, preserving
the global layout and coherence of the reconstructed text. To
enhance cross-modal fusion, we design the cross-modal fu-
sion (CMF) mechanism, which seamlessly integrates high-
frequency features, low-frequency features, and event data
into a unified representation. The CMF mechanism dynami-
cally balances the contributions of event and RGB features,
ensuring robust performance in complex backgrounds and
degraded environments. Thanks to these innovative designs,
EVvTSR achieves superior text detail recovery and clarity,
particularly in highly challenging scenarios (see Figure 1).

Contributions of this paper are summarized as follows: (1)
We propose EVTSR, the first method that leverages event
data to enhance the task of TSR, restoring fine details and
improving text clarity, especially in low-light and dynamic
scenes. (2) We design the DSFB mechanism, which sepa-
rates image features into high-frequency and low-frequency
components. High-frequency features are enhanced using
event data through adaptive event-guided dynamic convo-
lution, while low-frequency features are refined using a pre-
trained text recognizer with an attention mechanism, ensur-
ing structural consistency. To further improve cross-modal
integration, we introduce the CMF mechanism, which ef-
fectively combines high-frequency features, low-frequency
features, and event data, enabling robust performance. (3)
Extensive experiments show that EvTSR significantly out-
performs existing TSR methods in text detail recovery, clar-
ity, and recognition accuracy.

2 Related Work
2.1 Scene Text Image Super-Resolution

TSR recovers fine details like strokes and edges from low-
resolution text images. Unlike general single image super-
resolution (Xiao et al. 2023), TSR is a much more com-
plex and task-dependent field. Early CNN-based methods
(Dong et al. 2015; Wang et al. 2019) often failed to pre-
serve critical text features effectively. Recent work shifted
towards multi-task learning and textual priors. For instance,
TextSR (Wang et al. 2019) uses adversarial training, while
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MCGAN (Wang et al. 2020b) employs multiple loss func-
tions for text recovery. To handle irregular text and complex
backgrounds, methods like C3-STISR (Zhao et al. 2022a)
and TATT (Ma, Liang, and Zhang 2022) utilize attention
mechanisms. TSRN (Mou et al. 2020) and STN (Jaderberg
et al. 2016) also use attention, but they still rely solely on
traditional image data, failing in low-light or dynamic condi-
tions. In contrast, our method, EVTSR, integrates event data
to overcome these limitations, enhancing fine detail recovery
in all of these challenging environments.

2.2 Event-Guided Super-Resolution

Incorporating neuromorphic cameras into super-resolution
holds strong potential (Zhao et al. 2023, 2024b; Xiao and
Xiong 2025; Xiao et al. 2020), as their asynchronous, high-
temporal-resolution signals can restore fine details that RGB
cameras lose under motion blur or poor illumination (Ding
et al. 2022; Hu et al. 2022; Zhao et al. 2022b, 2024a; Xiao,
Li, and Jia 2025; Xiao et al. 2024b,c, 2022). Foundational
works like eSL-Net (Wang et al. 2020a) used sparse learn-
ing to fuse event streams with low-resolution (LR) images
for single-frame super-resolution (SR). Building on this, Ev-
IntSR (Han et al. 2021) introduced a dual-path architecture
that first reconstructs intermediate frames from events, then
fuses them with LR inputs. For video SR, Jing et al. (Jing
et al. 2021) proposed a two-stage pipeline to interpolate mo-
tion details, while Kai et al. (Kai, Zhang, and Sun 2023)
designed a bidirectional framework using nonlinear mo-
tion cues for more robust temporal alignment. More recent
breakthroughs in this area include implicit neural represen-
tation methods for arbitrary-scale SR (Lu et al. 2023), and
advanced VSR models like ASEVSRN (Xiao et al. 2024a),
which uses a content hallucination mechanism and recurrent
cells. Addressing these limitations, EvTSR leverages event
data to enhance high-frequency text features such as edges
and strokes, while using a text recognizer to guide the refine-
ment of low-frequency structural details, achieving superior
text readability and overall quality.

3 Method
3.1 Overview

EvTSR is a novel text image super-resolution framework
that is designed to integrate event-based information and
frequency-aware enhancement. Given a low-resolution text
image I°7 € RT*Wx3_ our goal is to reconstruct a high-
resolution text image I°7% € RI*WX3 while preserving
text details. To address motion artifacts and frequency loss,
we incorporate event-driven representations and dual-stream
frequency boosting, which work together to preserve text de-
tails and enhance visual clarity.

To simulate real-world camera motion, we generate a 25
fps video from I'F by applying random transformations
(i.e., translation, rotation, zoom) and convert it into an event
stream EX% using the V2E method (Gehrig et al. 2020), fol-
lowing the parameters in its official implementation. The
event stream is then transformed into a voxel grid repre-
sentation via temporal bilinear interpolation (B = 5 bins).
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Figure 2: Overview of EvTSR, detailing the DSFB (with EGH and TGL mechanisms) and the CMF mechanism.

Events-Guided High-Frequency (EGH) |

1 Fhigh:
b

convolving

| e e e e e - - - - — -

o8
Fb

E Text-Guided Low-Frequency (TGL)

I_ _TextGuidance _ _ _ _ _ _ _ _ _ _ _ _ __ ____ 1

| @ Sigmoid e Subtract @Hadamard product ® Adaptive Average Pooling |

Figure 3: The structure of the DSFB mechanism.
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While large-scale real datasets are unavailable, we demon-
strate generalization on real-world data (Figure 9) to validate
our simulation-based approach.

As illustrated in Figure 2, EVTSR consists of a feature
encoder, our core DSFB mechanism, and a CMF mecha-
nism. The DSFB mechanism decomposes features into high
and low frequencies, which are then refined by the EGH
and TGL branches, respectively. The CMF mechanism inte-
grates the frequency-enhanced features with the event voxel
grid to generate a refined representation. Finally, a feature
decoder maps the output back to the RGB space usinga 1 x 1
convolution, producing the super-resolved text image 1°%.

By leveraging event motion cues and frequency-aware en-
hancement, EvTSR effectively reconstructs high-quality text
images, improving OCR accuracy and image quality met-
rics. The overall architecture is illustrated in Figure 2.
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3.2 Dual-Stream Frequency boost Mechanism

Scene text super-resolution requires not only restoring fine-
grained details such as text strokes but also preserving the
overall text structure. However, traditional methods struggle
to maintain this balance, as they rely on spatial features with-
out explicitly modeling the frequency components. To tackle
this challenge, we propose the DSFB mechanism (Figure 3),
which decomposes the image into high-frequency and low-
frequency components and enhances them separately to re-
cover text details effectively.

Given an input feature "X, we first generate an adaptive
filtering weight W to guide the frequency-aware transfor-
mation. This process begins with adaptive average pooling
(AAP) to extract dominant structural information, followed
by transformation through two 1 x 1 convolution layers and
a gating mechanism. The complete formulation is given by:

W = o(®p(P(F"H))), ()

where P(-) represents the AAP operation, which extracts
the primary structural features from FZ%, ®p(-) denotes
the transformation module consisting of two consecutive
1 x 1 convolution layers, responsible for further refining
the extracted features and generating the filtering weight.
The first convolution layer extracts channel-wise represen-
tations, while the second convolution layer refines them fur-
ther through a gating mechanism. o (-) is the sigmoid activa-
tion function, which normalizes the adaptive weight 1.

Using this frequency decomposition, we obtain the low-
frequency and high-frequency components:

Flov =W o FHE, 2)

3

high LR low
Fhigh — pLR _ plow

where © denotes element-wise multiplication.

Fhi9h encodes text edges and strokes but often suffers
from noise and artifacts. To refine these features, we lever-
age event-based information, which is well-known for its
excellent ability to capture rapid scene changes and motion
dynamics. The event representation EL7 is first processed
through a convolutional transformation:

EFR = w(ELR) « BER, 4)
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where U(-) generates an adaptive convolutional kernel from
ELE Tt consists of three consecutive 1 x 1 convolution lay-
ers. A LayerNorm operation is applied between the first and
second convolution layers, while a ReLU activation function
is inserted between the second and third convolution layers
to enhance feature non-linearity. This enables ¥(+) to extract
more meaningful event-driven features.

Furthermore, * denotes the standard convolution opera-
tion. By applying the generated kernel W(E*%) to EFE
via convolution, we obtain E’LR, which serves as a refined
event-enhanced feature.

To enhance the high-frequency features, we use an event-
driven modulation strategy:

thzgh — O(ELR) ® thgh’ (5)
This operation ensures that high-frequency enhancement
is guided by event-based cues, improving text clarity. For
low-frequency enhancement, we incorporate text guidance
from a pre-trained recognizer, refining the overall structure.
Specifically, the low-frequency feature F'°% first undergoes
channel attention (CA), adaptive average pooling (P), and
a multilayer perceptron (MLP) to generate the modulation
parameters -y and 3:

7,8 = MLP(P(CA(F'"))), (6)

where CA is channel attention, P is adaptive average pool-
ing, and MLP consists of two 1 x 1 convolutions with a
ReLU activation. With these learned modulation parameters,
an affine transformation is then applied to F'°*, ultimately
producing the refined feature:

Flev =T(F', 5, B), )

where I'(-) represents the affine transformation that modu-
lates F'°" based on v and f3, ensuring the preservation of
text structure with guidance from the pre-trained recognizer.

3.3 Cross-Modal Fusion Mechanism

To seamlessly integrate features from DSFB and avoid any
potential modality mismatches, we therefore propose the
CMF mechanism (Figure 4).

To enable effective interaction between the event stream
representation and the low-frequency image features, we
first concatenate the event feature E'% with the enhanced
low-frequency feature F}/°:

F, = Concat(ELE, Fé(’“’)7 (8)
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This concatenation operation aggregates event and low-
frequency information at the channel level while preserving
the complementary nature of event data, which captures mo-
tion changes over time, and RGB features, which provide
structural consistency and spatial context. This interaction
ensures that low-frequency text components effectively re-
ceive the necessary event guidance, thereby enhancing over-
all text clarity and detail preservation.

To further refine the fused representation, we introduce
a learnable dynamic convolution kernel that modulates the
information exchange:

K = O(F.), ©)

where K represents the dynamically generated convolu-
tional filter, and O(-) is a set of convolution layers that
extract feature relationships and generate adaptive modula-
tions. This adaptive mechanism tailors the fusion process to
text structures and event distributions, ensuring robust and
context-aware information integration.

Subsequently, we apply the generated convolution kernel
to the transformed feature representation obtained by pass-
ing F, through an MLP, allowing the network to modulate
the contributions of event-based details adaptively:

F5% = K « MLP(F,), (10)

where K represents the dynamically generated convolu-
tional filter. This adaptive mechanism incorporates event
data effectively, maintaining structural consistency without
artifacts and preventing over-enhancement.

Finally, the fused representation ' is passed into the
feature decoder to generate the high-resolution text image.
The CMF mechanism is designed to ensure complementary
interactions between event data and RGB structures, lever-
aging the strengths of both modalities to recover fine text
details while preserving overall text consistency.

4 Experiments
4.1 Experimental Settings

Datasets. TextZoom (Wang et al. 2020c) is a widely used
benchmark for TSR (STISR) tasks within the research com-
munity. This dataset is constructed from two single-image
super-resolution datasets, RealSR (Cai et al. 2019) and SR-
RAW (Zhang et al. 2019), where images are captured in real-
world scenarios using digital cameras. The dataset consists
of 17,367 low-resolution (LR) and high-resolution (HR) im-
age pairs for training and 4,373 pairs for testing. The test set
is divided into three subsets: simple (1,619 pairs), medium
(1,411 pairs), and hard (1,343 pairs). Images with a res-
olution lower than 32 x 32 pixels are removed from the
training set to ensure meaningful learning. To assess the
robustness of our method across different text styles, we
evaluate our model on four widely used scene text recogni-
tion (STR) benchmarks: ICDAR2015 (Karatzas et al. 2015),
CUTESO (Risnumawan et al. 2014), SVT (Wang, Babenko,
and Belongie 2011), and SVTP (Phan et al. 2013), which en-
compass diverse real-world text scenarios. Since these spe-
cific benchmark datasets lack predefined LR-HR pairs and
mainly consist of high-quality images, we must therefore



Recognition Accuracy
DSFB  CMF Easy Medium Hard | avgAcc
- - [595% 522% 38.8% | 50.8%
v - | 654% 58.5% 43.3% | 56.4%
- v | 655% 587% 433% | 56.5%
v v 166.0% 60.1% 44.6% | 57.5%

Table 1: Combination of different components in EVTSR.
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Figure 5: Comparison of SR results generated by different
configurations of EVTSR.

follow the preprocessing strategy of Guo et al. (Guo et al.
2023a) to systematically generate all LR images for evalua-
tion.

Evaluation Metrics. To evaluate the performance of TSR,
we employ both text recognition accuracy and image fidelity
metrics. For text recognition evaluation, we follow prior
works (Wang et al. 2020c) and adopt three commonly used
text recognizers: CRNN (Shi, Bai, and Yao 2017), MORAN
(Luo, Jin, and Sun 2019), and ASTER (Shi et al. 2019), in
order to ensure the robustness of our method across different
recognition models.

Implementation Details. We use the public ABINet (Fang
et al. 2021) as our text recognizer. The input LR images
are set to a size of 32 x 32. The training process includes
30K iterations, utilizing the Adam optimizer (Kingma and
Ba 2014) with an initial learning rate of 2 x 10~3 and a co-
sine annealing learning rate scheduler (Loshchilov and Hut-
ter 2016). We use random horizontal and vertical flips for
data augmentation. The Charbonnier loss function is used
for supervision. The entire training process is conducted on
an NVIDIA RTX 3090 GPU.

4.2 Ablation Studies

In this section, we conduct an ablation study to evaluate each
component’s effectiveness in EvVTSR. CRNN (Shi, Bai, and
Yao 2017) is chosen as the text recognizer for uniformity.

Effectiveness of Two Mechanisms in EvISR. The DSFB
and CMF mechanisms serve as two essential components
in EvTSR. To assess their contributions, we conduct ab-
lation studies by removing each mechanism and analyzing
the performance changes. Table 1 presents the results across
different difficulty levels. Additionally, Figure 5 provides a
visual comparison of the SR results obtained under differ-
ent configurations, illustrating each mechanism’s contribu-
tion to fine-grained details. Removing both DSFB and CMF
drops accuracy to 50.8%, suggesting the model struggles to
effectively reconstruct fine-grained text details without our
frequency decomposition and event-aware fusion. Introduc-
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Variant Recognition Accuracy
Easy Medium Hard | avgAcc
Baseline 59.5% 522% 38.8% | 50.8%
DSFB-Conv 612% 542% 393% | 52.2%
DSFB-w/o EGH | 624% 553%  40.6% | 53.4%
DSFB-w/o TGL | 63.1% 564% 41.6% | 54.3%
DSFB 66.0% 60.1% 44.6% | 57.5%

Table 2: The ablation results of the DSFB mechanism and
its variants.
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Figure 6: Qualitative comparison of SR results generated us-
ing different configurations of the DSFB mechanism.

ing DSFB alone improves the average accuracy to 56.4%,
clearly showing frequency boosting’s effectiveness in pre-
serving text structures. Similarly, incorporating CMF with-
out DSFB results in a comparable improvement, yielding
an average accuracy of 56.5%, highlighting event-based en-
hancement’s effectiveness. Finally, when both mechanisms
are included, EvTSR achieves the best performance, with
an average accuracy of 57.5%. This confirms DSFB and
CMF are complementary in enhancing text restoration, with
DSFB focusing on structural integrity, while CMF refines
fine details via event information.

Investigation of the DSFB Mechanism. The DSFB mech-
anism is designed to separately enhance the high-frequency
and low-frequency components of the image, improving the
clarity and readability of super-resolved text images. To
evaluate its effectiveness, we analyze different variants and
present the results in Table 2. Additionally, Figure 6 provides
a visual comparison of the SR results obtained using differ-
ent DSFB configurations, illustrating how each component
contributes to text restoration. First, we replace the dynamic
convolution in DSFB with a standard 1 x 1 convolution,
denoted as DSFB-Conv. The results indicate that although
this variant improves super-resolution performance, its ac-
curacy is lower than the full DSFB mechanism. This high-
lights the importance of dynamic convolution in enhancing
high-frequency features. Next, we evaluate two ablated ver-
sions by removing the EGH branch (DSFB-w/o EGH) and
the TGL branch (DSFB-w/o TGL), respectively. The results
show that both variants lead to performance degradation.
Specifically, removing EGH reduces the model’s ability to
recover high-frequency details, such as text edges and fine
strokes, while removing TGL deteriorates the structural con-
sistency of the reconstructed text. This observation suggests
that EGH is essential for high-frequency enhancement by
leveraging event data, whereas TGL plays a crucial role in
preserving text structure and maintaining proper alignment
in low-frequency components. The full DSFB mechanism
achieves the best performance across all test sets, further



Method ASTER (Shi et al. 2019) MORAN (Luo, Jin, and Sun 2019) | CRNN (Shi, Bai, and Yao 2017)
Easy Medium Hard Average| Easy Medium Hard Average| Easy Medium Hard Average
Bicubic [67.4% 424% 312% 482% [60.6% 37.9% 30.8% 44.1% [364% 21.1% 21.1% 26.8%
HR 942% 81.7% 762% 86.6% |912% 853% 742% 84.1% |764% 751% 64.6% 72.4%
SRCNN [70.6% 44.0% 31.5% 50.0% |63.9% 40.0% 29.4% 45.6% |[41.1% 223% 22.0% 29.2%
SRResNet | 69.4% 50.5% 35.7% 50.7% |66.0% 47.1% 33.4% 45.6% |452% 32.6% 25.5% 35.1%
RCAN |673% 464% 351% 50.7% |63.1% 429% 35.7% 47.5% |46.8% 27.9% 26.5% 34.5%
SAN [|68.1% 46.7% 35.1% 50.7% |66.5% 444% 357% 49.4% |50.1% 31.2% 28.1% 37.2%
TSRN |751% 563% 41.6% 583% |70.1% 553% 379% 554% |52.5% 382% 31.7% 41.4%
TBSRN |75.7% 59.9% 41.6% 60.1% |74.1% 57.0% 40.0% 584% |59.6% 47.1% 353% 48.1%
PCAN |77.5% 602% 42.4% 613% |73.9% 57.6% 41.0% 58.5% |59.6% 454% 34.8% 47.4%
TG 779% 63.4% 454% 61.8% |752% 57.6% 41.0% 59.4% |61.2% 47.6% 355% 48.9%
TATT |789% 633% 46.8% 64.1% |72.5% 553% 414% 59.5% |62.6% 53.6% 39.8% 52.6%
C3-STISR | 79.1% 63.6% 46.4% 64.7% |742% 61.0% 432% 59.5% |652% 53.6% 39.7% 53.7%
LEMMA |81.1% 663% 474% 66.0% |77.7% 644% 44.6% 632% |67.1% 58.8% 40.6% 56.3%
EvISR [83.1% 683% 49.2% 679% |78.0% 65.5% 47.6% 64.6% |66.0% 60.1% 44.6% 57.5%

Table 3: Comparison of the downstream text recognition accuracy on the TextZoom dataset.

Recognition Accuracy

Variant Easy Medium Hard | avgAcc
Baseline 59.5% 522%  38.8% | 50.8%
CMF-Sum&Conv | 60.7%  53.4%  39.1% | 51.7%
CMF-Conv 613% 547% 39.6% | 52.5%
CMF-Sum 64.2% 57.6% 423% | 55.3%
CMF 66.0% 60.1% 44.6% | 57.5%

Table 4: The ablation results of the CMF mechanism.

confirming its effectiveness in the text super-resolution task.
Investigation of the CMF Mechanism. The CMF mech-
anism is designed to integrate event data with RGB image
features to enhance super-resolution reconstruction. To eval-
uate its effectiveness, we conduct ablation studies by de-
signing multiple variants, as shown in Table 4. Furthermore,
Figure 7 provides a qualitative comparison of the SR re-
sults under different CMF configurations, illustrating the im-
pact of each component on text clarity and structure. Com-
pared to the complete CMF model achieving 57.5% accu-
racy, the CMF-Sum&Conv variant leads to 51.7% recogni-
tion accuracy, suggesting that concatenation is more suitable
for fusing event data with RGB structural features, while
the dynamic convolution plays a key role in cross-modal
interactions. Replacing the dynamic kernel with a 1 x 1
convolution (CMF-Conv) drops accuracy by 5.0%, show-
ing adaptive filtering is crucial. The CMF-Sum variant only
replaces concatenation with element-wise summation, lead-
ing to a 2.2% reduction in recognition accuracy, indicating
that explicit concatenation is crucial for cross-modal feature
interactions. These results further validate the complemen-
tary nature of concatenation and dynamic convolution: while
concatenation preserves complete information, the dynamic
convolution adaptively adjusts based on varying event in-
puts, achieving optimal super-resolution performance.

4.3 Quantitative and Qualitative Results

We compare the proposed EvISR against previous lead-
ing methods. These include general-purpose SR methods
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The best result is in bold.
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Baseline CMF-Sum&Conv

on on on

CMF-Conv CMF-Sum

Figure 7: Qualitative comparison of SR results generated us-
ing different configurations of the CMF mechanism.

such as SRCNN (Dong et al. 2016), SRResNet (Xiao et al.
2025), RCAN (Zhang et al. 2018), and SAN (Dai et al.
2019), as well as leading TSR-specific methods including
TSRN (Mou et al. 2020), TBSRN (Chen, Li, and Xue 2021),
PCAN (Zhao et al. 2021), TG (Chen et al. 2021), TATT (Ma,
Liang, and Zhang 2022), C3-STISR (Zhao et al. 2022a), and
LEMMA (Guo et al. 2023b). This quantitative evaluation is
conducted on the TextZoom dataset and STR benchmarks
using three widely-used text recognizers: ASTER (Shi et al.
2019), MORAN (Luo, Jin, and Sun 2019), and CRNN (Shi,
Bai, and Yao 2017), thereby ensuring a fair and comprehen-
sive comparison.

Results on TextZoom. Table 3 presents the recognition
accuracy across different difficulty levels (Easy, Medium,
Hard) on the TextZoom dataset. Our EvTSR achieves the
best results among all competing methods, consistently
outperforming prior works across all recognizers. Specif-
ically, when using ASTER, our method improves the av-
erage recognition accuracy to 67.9%, surpassing the pre-
vious best method LEMMA by 1.9%. Notably, our model
achieves this with 37.1M parameters, a slightly smaller size
compared to LEMMA (37.9M), demonstrating strong per-
formance with minimal complexity. Similarly, for MORAN
and CRNN, EvTSR attains 64.6% and 57.5% accuracy, ex-
hibiting superior performance over prior approaches. Fur-
thermore, our method also shows superior performance
over recent diffusion-based models; for instance, TCDM
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Figure 8: Qualitative comparison with other methods. Zoom in for better visualization.
Method STR Datasets ment on IC15 (33.4%) and SVTP (31.1%), demonstrating its
_ IC15 CUTE80 SVIT SVIP robustness in handling complex backgrounds and challeng-
Bicubic 9.5% 33.8% 33% 10.2% ing real-world scenarios. These results validate that EVTSR
SRResnet 13.0% 483%  9.3% 12.1% . .
TBSRN 207%  150% 122% 17.4% not onl)_/ excels in the. constralne_d Teth_oom dat.aset but also
TATT 28.6% T40% 14.0% 25.9% generalizes well to diverse text images in the wild.
C3-STISR | 22.7% 715% 102% 17.7% Generalization to Real-World Testing. To further validate
EVISR (Ours) | 33.4% 77.1% 23.3% 31.1% the effectiveness of EVTSR beyond synthetic datasets, we

Table 5: Comparison on scene text recognition benchmarks.
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Figure 9: Real-world test results of EVTSR.

(Noguchi, Fukuda, and Yamanaka 2024) achieves 65.5%
with ASTER, whereas EVTSR reaches 67.9%. Furthermore,
our method also shows strong image fidelity (PSNR/SSIM):
Easy (23.05/0.7981), Medium (21.03/0.7401), and Hard
(19.75/0.6747). These quantitative improvements, along
with the qualitative comparisons in Figure 8, highlight the
significantly enhanced clarity and improved legibility of text
images reconstructed by EvTSR.

Evaluation on STR Benchmarks. To assess the generaliza-
tion capability of our model on more challenging datasets,
we evaluate EVTSR on four widely-used STR benchmarks:
IC15 (Karatzas et al. 2015), CUTE80 (Risnumawan et al.
2014), SVT (Wang, Babenko, and Belongie 2011), and
SVTP (Phan et al. 2013). The results, shown in Table 5,
indicate that our model consistently outperforms previous
approaches, achieving the highest recognition accuracy on
all datasets. Notably, EVTSR obtains a significant improve-
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conduct real-world testing using images captured in real en-
vironments along with event data obtained from an event
camera. Figure 9 presents the qualitative results. Compared
to the LR input, EVTSR significantly enhances text clar-
ity and sharpness, recovering fine-grained details such as
text strokes and edges. These results further demonstrate
the practicality of event-based super-resolution in real-world
applications, showcasing the robustness of our method in
handling real captured event streams. Furthermore, our
language-agnostic EGH mechanism enables potential exten-
sion to low-resource languages.

5 Conclusion

In this paper, we propose EVTSR, a novel event-driven scene
text super-resolution framework designed to address the
challenge of recovering fine-grained text details under low-
light conditions and fast motion scenarios. EVISR effec-
tively integrates event data into the super-resolution process,
leveraging the high temporal resolution and motion sensi-
tivity of event cameras to enhance high-frequency details
such as text strokes and edges. To achieve this, we introduce
two key mechanisms: the DSFB mechanism, which sepa-
rates and enhances high- and low-frequency components,
and the CMF mechanism, which facilitates cross-modal fea-
ture integration. Extensive experiments on both synthetic
and real-world scene text datasets validate that EVTSR con-
sistently outperforms advanced methods in both text clar-
ity and recognition accuracy, providing a robust solution for
scene text image super-resolution.
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