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Abstract

The goal of scene text image super-resolution (STISR) is to
enhance the clarity of text within line images, thereby im-
proving readability and enabling more accurate text recog-
nition. However, existing STISR methods often rely heavily
on Text Prior (TP) derived from trained recognizers, which
can be unreliable and may lead to incorrect glyph restora-
tion. Text images contain two crucial types of information:
semantic content from word meanings and structural details
from glyphs. When semantic information is unreliable, accu-
rate perception of glyph structures becomes essential. This
paper introduces GlyphSR, a novel STISR framework that
addresses three key challenges: precise extraction, effective
learning, and optimal utilization of glyph structural infor-
mation. GlyphSR incorporates the Glyph Extraction Mod-
ule (GEM), a training-free approach leveraging the Segment
Anything Model (SAM) to accurately extract character-level
glyphs. The Glyph Perception Module (GPM) models and
learns glyph structures through segmentation and classifi-
cation tasks, while the Glyph Fusion Module (GFM) inte-
grates glyph information to enhance overall STISR model
performance. Extensive experiments on the TextZoom dataset
demonstrate that GlyphSR achieves a new state-of-the-art
performance.

Introduction
Text recognition is the process of transcribing text images
into corresponding text sequences. As a crucial step in scene
understanding and document image analysis, text recogni-
tion has wide-ranging applications in real-world scenarios,
such as autonomous driving, assistive technologies for the
visually impaired, and book digitization. In recent years,
deep learning-based text recognition methods have been
increasingly adopted across various industries, achieving
satisfactory accuracy under common conditions. However,
text images may suffer from degradation during acquisition,
transmission, or storage, such as reduced resolution and irre-
versible information loss due to image compression, or blur-
ring caused by camera shake or low light conditions, result-
ing in low-resolution (LR) text images, which significantly
impair the accuracy of text recognition models. Scene text
image super-resolution (STISR) aims to enhance the clarity
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Figure 1: Comparison of the super-resolution process be-
tween (a) existing TP-based models and (b) GlyphSR. Most
TP-based methods would be misled into a false restoration
direction when the TP Generator cannot recognize the char-
acters correctly. In contrast, GlyphSR introduces character-
level glyph mask supervision, providing structural informa-
tion that significantly differs from text prior, thus reducing
the risk of the model being misled.

and readability of LR text images, thereby reducing recog-
nition difficulty and improving the accuracy of subsequent
text recognition.

As an image-to-image generation task, STISR requires
models to perceive text content (semantic information) ef-
fectively and restore text glyphs (structural information) ac-
curately, producing super-resolution (SR) images with im-
proved readability. Most existing STISR approaches incor-
porate the predicted probability distributions from a trained
recognizer as supplementary semantic information, known
as Text Prior (TP), to guide the model in restoring text im-
ages with an informed understanding of the semantic con-
tent in LR images. However, as shown in the upper row of
Fig 1, the performance of these methods heavily relies on
the quality of the trained recognizer, and unreliable TP can
mislead the STISR model, resulting in incorrect glyph struc-
ture restoration. Text images contain two critical types of in-
formation: semantic information derived from word mean-
ings and structural information derived from glyphs. Per-
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ception of glyph information is crucial when semantic infor-
mation is unreliable. TBSRN(Chen, Li, and Xue 2021) and
Text Gestalt(Chen et al. 2021) introduce alignment mecha-
nisms through the attention scores of pre-trained recogniz-
ers to guide the model’s focus on character regions; C3-
STISR(Zhao et al. 2022) renders standard glyph text line
images based on TP as an additional structural prior. How-
ever, these methods still fall short in accurately modeling
glyph structural information. Attention scores may fail to ac-
curately represent glyph structures, and standard glyph text
line images can differ significantly from actual glyphs.

Therefore, the objective of this work is to construct and
fully utilize reliable glyph structural information guidance.
We identify three key challenges that need to be addressed:
(1) how to accurately extract glyph information, (2) how to
effectively learn glyph information, and (3) how to make full
use of glyph information. To address these challenges, we
propose a straightforward and effective glyph-aware STISR
framework, GlyphSR. Specifically, as shown in the lower
row of Fig 1, to address the first challenge, we design
the training-free Glyph Extraction Module (GEM), lever-
aging the powerful local structure segmentation capabilities
of Segment Anything Model (SAM)(Kirillov et al. 2023)
to accurately extract glyph-level images. To tackle the sec-
ond challenge, we introduce the Glyph Perception Module
(GPM) that explicitly models and learns glyph structural
information through three tasks: character glyph segmenta-
tion, text line glyph segmentation, and character classifica-
tion. Finally, to overcome the third challenge, we propose
a glyph-based feature enhancement module, Glyph Fusion
Module (GFM), which uses the learned glyph information
to enhance the intermediate features of the STISR model,
thereby improving its glyph-awareness and ultimately en-
hancing text image restoration quality. Our contributions can
be summarized as follows:

• We propose a simple yet effective training-free glyph ex-
traction method, Glyph Extraction Module, which accu-
rately extracts character-level glyph images without re-
quiring additional training data.

• We introduce the Glyph Perception Module and the
Glyph Fusion Module, which together enable effective
modeling, learning, and utilization of glyph structural in-
formation.

• Extensive experiments are constructed on the TextZoom
dataset, demonstrating the effectiveness of our approach,
achieving a new state-of-the-art performance.

Related Works
Scene Text Recognition
Scene Text Recognition (STR) focuses on reading text from
natural images. CRNN (Shi, Bai, and Yao 2015) was the first
to introduce a CNN+LSTM framework for sequential text
classification, addressing alignment issues with CTC loss.
ASTER (Shi et al. 2019) adapted the Seq2Seq framework
from natural language processing, using an RNN decoder
for recognition and an STN (Jaderberg et al. 2015) to handle
irregular text arrangements. SRN (Yu et al. 2020) replaced

the RNN with a Transformer, leveraging global attention
for parallel character prediction. ABINet (Fang et al. 2021)
introduced bidirectional feature representation with a lan-
guage model for result correction, while PARSeq (Bautista
and Atienza 2022) employed permutation language model-
ing for improved performance. CA-FCN (Liao et al. 2019)
used segmentation to locate and classify character regions,
and SIGA (Guan et al. 2023) achieved comparable results
without a language model by incorporating self-supervised
implicit glyph attention. CAM (Yang et al. 2024) employed
class-aware glyph masks and a feature alignment-fusion
module to refine features and suppress background noise,
enhancing scene text recognition performance.

Scene Text Image Super-Resolution
Early deep learning-based STISR methods relied on CNNs.
The introduction of GANs (Goodfellow et al. 2014) led to
adversarial training in TextSR (Wang et al. 2019), enhancing
focus on text content. Plugnet (Mou et al. 2020) used multi-
task learning for simultaneous super-resolution and recogni-
tion, unifying features for both tasks.

TextZoom (Wang et al. 2020), featuring real-world image
pairs with varying resolutions, marked a significant mile-
stone. TSRN (Wang et al. 2020) employed bidirectional
LSTMs to utilize sequential information both horizontally
and vertically. Building on TSRN, TBSRN (Chen, Li, and
Xue 2021) incorporated attention-based position-aware and
content-aware losses, while TPGSR (Ma, Guo, and Zhang
2021) used text priors from recognition to guide super-
resolution. TG (Chen et al. 2021) leveraged stroke-level an-
notations for fine-grained cues, and TATT (Ma, Liang, and
Zhang 2022) introduced Structure Consistency Loss for ir-
regular text. C3-STISR (Zhao et al. 2022) combined recog-
nition, visual, and linguistic information for improved guid-
ance. DPMN (Zhu et al. 2023a) provided a plug-and-play
modulation module to enhance existing networks. LEMMA
(Guo et al. 2023) used attention to extract character regions
for higher-level supervision.

RGDiffSR (Zhou et al. 2023) and TextDiff (Liu et al.
2023) integrated recognizer guidance into diffusion-based
restoration, with TextDiff further refining super-resolution
results. PEAN (Zhao et al. 2024) restored text priors via a
diffusion model and used them to guide the super-resolution
process. These diffusion-based methods have achieved su-
perior semantic accuracy.

Text Segmentation
Text segmentation aims to separate each character from
the background by identifying its boundaries. Deep learn-
ing methods have significantly outperformed traditional
threshold-based approaches. For example, TexRNet (Xu
et al. 2020) uses a CNN tailored for text region segmen-
tation in natural images, while EAformer (Yu et al. 2024)
combines a Transformer with a text edge extractor to fur-
ther enhance accuracy. (Wang et al. 2022) proposed a self-
supervised framework that uses polygon-level masks from
a text localization network as input, enabling segmentation
without pixel-level supervision. However, most existing al-
gorithms focus on segmenting entire text regions, typically
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providing only line-level segmentation masks and lacking
the capability to segment individual characters.

Recently, the Segment Anything Model (SAM) (Kirillov
et al. 2023; Ravi et al. 2024), a large-scale pre-trained
model, has shown exceptional performance across various
segmentation tasks. With its support for prompt-based out-
put, SAM can generate customized segmentation results for
diverse downstream tasks. For instance, SAM-Track (Cheng
et al. 2023) uses SAM for object tracking, MedSAM (Ma
et al. 2024) for medical image segmentation, and Hi-SAM
(Ye et al. 2024) for text segmentation and layout analysis.
We leverage SAM, using text localization information as
prompts to obtain character-level glyph segmentation masks.

Method
Overall Architecture
Our proposed GlyphSR framework comprises five main
modules: TP Generator (TPG), SR Branch, Glyph Extrac-
tion Module (GEM), Glyph Perception Module (GPM), and
Glyph Fusion Module (GFM).

Both the TPG and SR Branch follow standard TP-based
model structures. As shown in Fig 2, given an input LR im-
age Ilr ∈ RH×W×Cimg , it is first processed by the TPG,
which includes a trained text recognizer and a TP trans-
former. The predicted probability distribution from the rec-
ognizer is mapped by the TP transformer using a deconvo-
lution structure to form TP ∈ RH×W×Ctp .

In the SR Branch, Ilr is passed through a shallow con-
volutional layer to extract visual features, followed by a se-
ries of SR blocks that produce intermediate features Fn

sr ∈
RH×W×Csr , where n = 1, 2, 3, . . . , N and N is the number
of SR blocks. The TP is fed into each SR block as semantic
guidance.

The GEM generates pseudo-labels for line-level glyphs
M̂line ∈ RH×W×1 and character-level glyphs M̂char ∈
RH×W×L from the high-resolution (HR) image Ihr ∈
R2H×2W×Cimg , where L represents the number of charac-
ters in the text image.

The GPM uses F
Ngly
sr to predict the line-level glyph

map Mline ∈ RH×W×1 and the character-level glyph map
Mchar ∈ RH×W×L, where Ngly denotes the index of the
intermediate feature used as input to the GPM.

In the GFM, Mchar is fused with Fnenh
sr to produce

the glyph-enhanced feature Fnenh

gly ∈ RH×W×Csr , where
nenh = Ngly, Ngly + 1, . . . , N . The final glyph-enhanced
feature FN

gly is then fed into the upsampling and output lay-
ers in the SR Branch to generate the super-resolution (SR)
image Isr ∈ R2H×2W×Cimg .

The core contributions of this work lie in the GEM, GPM,
and GFM. To maintain simplicity while ensuring robust per-
formance, the SR Branch follows the standard TPGSR(Ma,
Guo, and Zhang 2021) implementation, with the recognizer
in the TPG chosen as PARSeq(Bautista and Atienza 2022),
similar to PEAN(Zhao et al. 2024), and the TP transformer
using the deconvolution and deformable convolution struc-
ture from C3-STISR(Zhao et al. 2022).

Glyph Extraction Module
Previous STISR works have attempted to enhance character-
awareness by aligning attention maps from trained recogniz-
ers. However, attention maps only approximate character lo-
cations and are unable to capture detailed glyph structures.
Additionally, they are prone to drift in complex scenes, as
the primary goal of attention-based recognizers is text tran-
scription, not precise structural extraction.

The Segment Anything Model (SAM) (Kirillov et al.
2023), a widely adopted visual foundation model, excels at
local structure extraction and generalization. With appropri-
ate guidance, SAM can perform effectively across various
downstream tasks. Here, we introduce the Glyph Extraction
Module (GEM), a training-free method for character-level
glyph extraction, guiding SAM to extract glyph structures
using reliable prompt points.

Ideally, each prompt point input would yield a corre-
sponding glyph segmentation mask for a single character.
However, selecting effective prompt points is challenging.
To address this, we first extract the center of each charac-
ter as a key point, then expand around it to generate anchor
points, which are used as prompt points for SAM. GEM
primarily consists of two steps: key point extraction and
anchor-based mask selection.

Key Point Extraction We utilize two types of attention to
extract two key points per character:

2D Position Attention: This attention map is obtained
from a Transformer-based recognition model pre-trained on
synthetic datasets like Syn90k(Gupta, Vedaldi, and Zisser-
man 2016) and SynthText(Gupta, Vedaldi, and Zisserman
2016). The attention map at each time step t indicates the ap-
proximate position of the t-th character. With extensive pre-
training, this module reliably predicts character positions but
only approximates their horizontal and vertical locations.
Since the 2D Position Attention map typically radiates from
the center, we extract the center as the key point. We first
apply morphological filtering to remove low-response points
from high-response regions, followed by connected compo-
nent analysis to isolate the center, serving as the first key
point.

Glyph Attention: Following SIGA (Guan et al. 2023), we
perform foreground-background segmentation using a pre-
trained self-supervised CNN, with labels obtained via K-
means clustering. We also extract 1D attention during infer-
ence using an RNN-based classifier for horizontal position
cues. The element-wise multiplication of the foreground-
background segmentation and the expanded 2D attention
map yields the Glyph Attention map. Although more pre-
cise, the Glyph Attention map is irregular, so we extract its
minimum bounding rectangle and use the center as the sec-
ond key point.

Anchor-based Mask Selection To enhance segmentation
robustness with SAM, we adopt an anchor strategy from
object detection. We shift the key point in four directions
(up, down, left, right) with K different step sizes, generating
4K + 1 anchor points per key point. These anchors serve as
positive point prompts for SAM to generate the correspond-
ing character mask.
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Figure 2: The architecture of our GlyphSR framework.

After generating candidate masks for all anchor points,
we select the final mask based on two criteria: SAM’s confi-
dence score and the Intersection over Union (IoU) between
the mask and Glyph Attention regions. We first filter masks
with confidence scores above a threshold τ , then select the
mask with the highest IoU. In cases where Glyph Attention
is unreliable (e.g., empty attention maps or incorrect seg-

mentation), we rank masks by
confidence score√

area(mask)
and se-

lect the highest-scoring mask, where area(·) represents the
number of positive pixels in the binarized mask. This pro-
cess ensures accurate glyph mask extraction for each char-
acter.

Glyph Perception Module
Building on the extracted glyph information from the GEM,
the Glyph Perception Module (GPM) is designed to effec-
tively learn from the glyph pseudo-labels M̂line and M̂char.
As shown in Fig 2, given the intermediate features F

Ngly
sr ,

they are first passed through a three-layer pyramid-like
multi-scale feature extraction structure, where each level of
the downsampling stage is added to the corresponding level
of the upsampling stage. To achieve sequential modeling,
the end-level features of the downsampling stage are en-
coded by a GRU layer. After the upsampling stage, three sets
of convolutional structures are introduced to handle differ-
ent learning tasks: line-level glyph segmentation, character-
level glyph segmentation, and character classification. Fi-
nally, the three prediction heads are supervised by the glyph
pseudo-labels from the GEM and the text labels, as detailed
below:

In the line-level glyph segmentation head (Line Head),

given the output features from the multi-scale feature extrac-
tion structure, a single convolutional layer is used to predict
the line-level glyph segmentation map Mline ∈ RH×W×1.
We use MSE loss to calculate the difference between Mline

and M̂line, as shown in the following equation:

Lline =
∥∥∥Mline − M̂line

∥∥∥
2
, (1)

Similarly, the output Mchar ∈ RH×W×L of the character-
level glyph segmentation head (Char Head) is supervised by
M̂char, using MSE loss as follows:

Lchar =
∥∥∥Mchar − M̂char

∥∥∥
2
, (2)

To further guide the model in learning the alignment be-
tween glyph structures and character semantics, we intro-
duce a character classification head (Class Head). We treat
Mline and Mchar as line-level and character-level attention
scores, respectively, and rearrange the intermediate features
F

Ngly
sr to obtain character sequence features, and use a lin-

ear layer to predict character class logits P ∈ RL×D, where
D represents the number of character classes. Supervision is
applied using text labels Y ∈ RL and cross-entropy loss as
expressed in the following equations:

Attn = Mchar ⊙Mline,

P = Linear(Attn · FNgly
sr ),

Lcls = CE(P, Y ),

(3)

Finally, the losses from the three prediction heads are com-
bined to form the loss function for the GPM:

Lglyph = Lline + Lchar + Lcls. (4)
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Figure 3: Qualitative comparison with previous methods.

Glyph Fusion Module
In the GPM, we introduced glyph-related learning tasks to
guide the model in learning to extract glyph information.
Building on this, we aim to make better use of the glyph
information learned by the GPM. In this subsection, we
propose the Glyph Fusion Module (GFM), which explicitly
fuses the character-level glyph maps Mchar predicted by the
GPM with the intermediate features Fnenh

sr , further enhanc-
ing the model’s glyph perception capability.

Since the channel dimension of Mchar represents the
character sequence, which significantly differs from that of
Fnenh
sr , as shown in Fig 2, the GFM first applies two convo-

lutional layers to Fnenh
sr for channel mapping, obtaining the

hidden features Fnenh

hid0 with the same number of channels as
Mchar. Next, Mchar undergoes channel-wise attention rear-
rangement to obtain M ′

char, reducing the impact of padding
positions in the text sequence. Then, Fnenh

hid0 is element-wise
multiplied by M ′

char and passed through a convolutional
layer to map the channel dimension back to that of the
Fnenh
sr . Subsequently, the hidden features are input into a

deformable convolution layer to obtain the enhanced hidden
features Fnenh

hid1 , aligning it spatially with Fnenh
sr . Finally, the

original intermediate features Fnenh
sr are added as a residual

to Fnenh

hid1 , and after ReLU activation, the glyph-enhanced in-
termediate features Fnenh

gly are obtained, serving as the input
for the next block in the SR branch. The module is formu-
lated as follows:

Fnenh

hid0 = Conv1(Conv0(Fnenh
sr )),

M ′
char = ChannelWiseAttention(Mchar),

Fnenh

hid1 = DeformConv(Conv2(Fnenh

hid0 ⊙M ′
char)),

Fnenh

gly = ReLU(Fnenh

hid1 + Fnenh
sr ).

(5)

Optimization
The training loss function of GlyphSR consists of two parts:
the SR loss Lsr and the Glyph loss Lglyph introduced in the
GPM. The SR loss follows the common loss functions used
in mainstream STISR methods, namely pixel loss, text focus

loss, and HOG loss, as formulated below:

Lpix = ∥Isr − Ihr∥2 ,
Ltf = ∥Asr −Ahr∥1 +WCE(Psr, Y ),

Lhog = ∥HOG(Isr)−HOG(Ihr)∥1 ,
Lsr = λ1Lpix + λ2Ltf + λ3Lhog,

(6)

where Isr and Ihr represent the predicted SR image and the
HR image, respectively. A(·) and WCE denote the attention
map from a pre-trained transformer-based recognizer and
the weighted cross-entropy loss, respectively, and HOG(·)
represents the HOG features of the corresponding input. The
λ1, λ2, λ3 are set to 1, 1, 0.1.

Finally, the overall loss function of GlyphSR is formu-
lated as:

L = Lsr + Lglyph. (7)

Experiments
Datasets and Evaluation Metric

Following mainstream STISR works, we conduct ex-
periments on the TextZoom(Wang et al. 2020) dataset.
TextZoom is captured in real-world scenarios using digital
cameras. It contains 17,367 LR-HR image pairs for training
and 4,373 image pairs for testing. The test set is divided into
three subsets: the easy subset with 1,619 image pairs, the
medium subset with 1,411 image pairs, and the hard sub-
set with 1,343 image pairs. The LR images have a size of
16× 64, while the HR images have a size of 32× 128.

We use the text recognition accuracy as the main eval-
uation metric, consistent with previous work. Three text
recognizers are adopted for evaluation, namely CRNN(Shi,
Bai, and Yao 2015), MORAN(Luo, Jin, and Sun 2019) and
ASTER(Shi et al. 2019). In our ablation studies, we use Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity In-
dex Measure (SSIM) to assess the quality of the generated
SR images.
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Method CRNN(Shi, Bai, and Yao 2015) MORAN(Luo, Jin, and Sun 2019) ASTER(Shi et al. 2019)
easy medium hard average easy medium hard average easy medium hard average

Bicubic 36.4% 21.1% 21.1% 26.8% 60.6% 37.9% 30.8% 44.1% 64.7% 42.4% 31.2% 47.2%
TG(Chen et al. 2021) 61.2% 47.6% 35.5% 48.9% 75.8% 57.8% 41.4% 59.4% 77.9% 60.2% 42.4% 61.3%
TATT(Ma, Liang, and Zhang 2022) 62.6% 53.4% 39.8% 52.6% 72.5% 60.2% 43.1% 59.5% 78.9% 63.4% 45.4% 63.6%
C3-STISR(Zhao et al. 2022) 65.2% 53.6% 39.8% 53.7% 74.2% 61.0% 43.2% 60.5% 79.1% 63.3% 46.8% 64.1%
DPMN(+TATT)(Zhu et al. 2023a) 64.4% 54.2% 39.2% 53.4% 73.3% 61.5% 43.9% 60.4% 79.3% 64.1% 45.2% 63.9%
TSAN(Zhuet al. 2023b) 64.6% 53.3% 38.8% 53.0% 78.4% 61.3% 45.1% 62.7% 79.6% 64.1% 45.3% 64.1%
LEMMA(Guoet al. 2023) 67.1% 58.8% 40.6% 56.3% 77.7% 64.6% 44.6% 63.2% 81.1% 66.3% 47.4% 66.0%
RTSRN(Zhanget al. 2023) 67.0% 59.2% 42.6% 57.0% 77.1% 63.3% 46.5% 63.2% 80.4% 66.1% 49.1% 66.2%
TextDiff(Liuet al. 2023) 64.8% 55.4% 39.9% 54.2% 77.7% 62.5% 44.6% 62.7% 80.8% 66.5% 48.7% 66.4%
RGDiffSR(Zhouet al. 2023) 67.6% 56.5% 42.7% 56.4% 78.6% 62.1% 45.4% 63.1% 81.1% 65.4% 49.1% 66.2%
PEAN(Zhaoet al. 2024) 68.9% 60.2% 45.9% 59.0% 79.4% 67.0% 49.1% 66.1% 84.5% 71.4% 52.9% 70.6%
GlyphSR (Ours) 71.4% 64.8% 48.0% 62.1% 82.0% 69.0% 51.5% 68.5% 84.7% 71.1% 54.3% 71.0%
HR 76.4% 75.1% 64.6% 72.4% 91.2% 85.3% 74.2% 84.1% 94.2% 87.7% 76.2% 86.6%

Table 1: Comparison of downstream text recognition accuracy with other SOTA methods on TextZoom dataset. Bolded numbers
denote the best results.

Implementation Details
The number of SRBs N is set to 5, and and the channel sizes
are Csr = 64 and Ctp = 32. The maximum text length L
is 15. The optimal SRB index for GPM and GFM Ngly is 4,
which we will demonstrate in the ablation study.

For the GEM, we employed the transformer-based recog-
nizer from (Chen, Li, and Xue 2021), and the RNN-based
classifier from (Guan et al. 2023). When generating anchor
points, the number of step sizes is set to K = 2, with corre-
sponding step sizes {2, 4}. The confidence score threshold τ
is set to 0.8 for mask selection.

We use Adam optimizer for training. The batch size is
set to 48. The number of training epochs is set to 200. The
learning rate is initialized to 0.001, and CosineAnnealingLR
with 5 epochs linear warmup is used to adjust it. All our ex-
periments are conducted with a single NVIDIA Tesla A800
GPU for both training and testing.

Comparison to State-of-the-Art Methods
We validate our proposed GlyphSR model on the TextZoom
dataset and compare it with previous state-of-the-art (SOTA)
models. As shown in Table 1, GlyphSR achieves improve-
ments across almost all recognizers and test set configura-
tions, demonstrating the superiority and effectiveness of our
proposed method. Specifically, GlyphSR improves the av-
erage accuracy by 3.1% in tests with the CRNN recognizer,
by 2.4% with the MORAN recognizer, and by 0.4% with the
ASTER recognizer.

Although GlyphSR shows limited improvement on the
easy and medium subsets with the ASTER recognizer, it
achieves a 1.4% gain on the hard subset. This evidence
suggests that incorporating glyph structural information can
significantly enhance the model’s robustness in complex
scenes.

As illustrated in Fig 3, we also conduct a qualitative com-
parison on a series of typical cases, all of which are sourced
from the hard subset. Observation shows that these LR im-
ages suffer from character distortion and adhesion due to
blurring, leading to high character ambiguity and low reli-
ability of text recognition. Existing TP-based methods are
prone to errors, as they are easily misled by unreliable TP.
In contrast, GlyphSR, with its enhanced glyph-awareness, is

capable of high-quality restoration even in cases of low TP
reliability. This further confirms the importance of glyph in-
formation for the STISR task and validates the effectiveness
of our proposed method.

Ablation Study
In this subsection, we conduct ablation studies on the three
core modules of GlyphSR, including Glyph Extraction Mod-
ule (GEM), Glyph Perception Module (GPM), and Glyph
Fusion Module (GFM).

Method Recognition Accuracy Image Fidelity
easy medium hard average PSNR SSIM

Baseline1 67.76% 60.38% 45.94% 58.68% 20.68 0.7535
Baseline2 69.49% 61.16% 46.69% 59.80% 21.07 0.7618
w/o GFM 70.78% 62.08% 48.10% 61.01% 21.33 0.7819
GlyphSR 71.40% 64.78% 48.03% 62.09% 20.74 0.7591

Table 2: Ablation study on GEM and GFM. The best results
are highlighted in bold, and the second-best results are un-
derlined.

Effectiveness of Glyph Extraction Module To verify
the effectiveness of GEM, we construct two baseline mod-
els. Baseline1 retains only the TPG and the SR branch of
GlyphSR and is trained using only the SR loss, without any
additional learning tasks. In Baseline2, we retain the GPM
structure and use the foreground-background clustering re-
sults based on K-means, as proposed in (Guan et al. 2023),
as row-level glyph pseudo-labels for model training. For
fair comparison, we use GlyphSR without GFM (w/o GFM)
to evaluate text recognition and image quality metrics. As
shown in Table 2, Baseline2 outperforms Baseline1 due to
the additional glyph information. Our w/o GFM model con-
sistently surpasses both baselines, confirming that the glyph
information extracted by GEM is more reliable than exist-
ing methods. Adding GFM further improves recognition ac-
curacy, demonstrating its effectiveness, though it slightly re-
duces image fidelity. This decline may occur because GFM
focuses on enhancing text regions at the expense of back-
ground quality. Nevertheless, w/o GFM still outperforms the
baselines in image fidelity, affirming the robustness of GEM.
Detailed analysis is provided in Appendix A.
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Tasks Recognition Accuracy
LingSeg CharSeg CharCls easy medium hard average

1 67.76% 60.38% 45.94% 58.68%
2 ✓ 70.72% 61.37% 46.61% 60.30%
3 ✓ 70.41% 62.23% 46.24% 60.34%
4 ✓ 69.86% 61.87% 46.61% 60.14%
5 ✓ ✓ 70.91% 61.94% 47.13% 60.71%
6 ✓ ✓ 70.48% 61.59% 48.10% 60.74%
7 ✓ ✓ 70.41% 61.37% 46.98% 60.30%
8 ✓ ✓ ✓ 70.78% 62.08% 48.10% 61.01%

Table 3: Ablation study on GPM.

Effectiveness of Glyph Perception Module As shown in
Table 3, we conducted a comprehensive comparison experi-
ment with 23 = 8 groups targeting the three learning tasks in
GPM: Line-level glyph Segmentation (LineSeg), Character-
level glyph Segmentation (CharSeg), and Character Classi-
fication (CharCls). The experimental results confirm that the
supervision of each learning task is effective. By comparing
the first four groups of experiments—i.e., the baseline model
and models that individually learn the LineSeg, CharSeg,
and CharCls tasks within GPM—we can see that adding
any single learning task supervision significantly improves
recognition accuracy. Further, by comparing the last four
groups—i.e., the full GlyphSR model with models that omit
the LineSeg, CharSeg, or CharCls tasks within GPM—we
observe that removing any single learning task results in a
decline in recognition accuracy. Notably, comparing the 4th
and 5th rows, the model in the 5th row, which only learns the
glyph-related LineSeg and CharSeg tasks, outperforms the
model in the 4th row, which only learns the text recognition-
related CharCls task. This indicates that the glyph informa-
tion learned by the model is sufficient to represent the se-
mantic information corresponding to character categories,
and even benefits from the additional structural information,
leading to improved performance. This validates both the re-
liability of the glyph information extracted by GEM and the
effectiveness of the glyph information learning in GPM.

Ngly
Recognition Accuracy

easy medium hard average
None 70.78% 62.08% 48.10% 61.01%

3 65.47% 58.33% 43.56% 56.44%
4 71.40% 64.78% 48.03% 62.09%
5 70.04% 64.49% 48.40% 61.60%

Table 4: Ablation study on GFM.

Effectiveness of Glyph Fusion Module In this part, we
explore the timing and impact of integrating GFM. As
shown in Table 4, we evaluate the CRNN recognition accu-
racy of models that incorporate GFM starting from the 3rd,
4th, or 5th SRB, as well as a model that does not include
GFM. The results indicate that the model integrating GFM
from the 4th SRB achieves the highest recognition accuracy,
followed by the model starting from the 5th SRB, while the
model starting from the 3rd SRB shows significantly lower
accuracy. This is due to two factors: on one hand, if GFM is
introduced too early, the SRBs may not yet have extracted

critical deep features, and fusing the backbone features with
glyph features at this stage might cause the model to fo-
cus on incorrect features. On the other hand, if GFM is
introduced too late, the backbone and glyph features may
not fully integrate, preventing the model from fully leverag-
ing the informative glyph features, resulting in suboptimal
recognition accuracy. Therefore, incorporating GFM at the
right stage provides a stable improvement while ensuring the
model’s glyph learning capability. The model that integrates
GFM after the 4th SRB achieves the highest recognition ac-
curacy in this experiment. Under the CRNN TPG setting,
our method still achieves consistent improvements, as de-
tailed in Appendix B.

Discussion

As shown in Fig 1 and 3, our proposed GlyphSR achieves
outstanding performance in restoring highly distorted scene
text images, with the character-level glyph masks extracted
by GEM making a significant contribution. However, as il-
lustrated in Fig 2, the masks for characters like ‘a’ and ‘e’
sometimes incorrectly fill the hollow regions, marking them
as positive areas. This issue likely stems from two factors:
(1) For characters with hollow centers, our key point ex-
traction method tends to select these central regions, inad-
vertently including them in the glyph masks; (2) SAM may
struggle with segmenting small-scale text images. Despite
these limitations, the glyph masks extracted by GEM and
predicted by GPM reliably capture character positions and
outer contours, which are crucial for text image restoration.
Detailed visualizations are provided in Appendix C. In fu-
ture work, we plan to fine-tune SAM using negative point
prompts and recognition-related objectives to enhance its
performance on text images. Furthermore, we aim to explore
improved key point selection methods.

Conclusion

In this paper, we presented GlyphSR, a simple yet effective
framework for scene text image super-resolution (STISR)
that addresses the key challenges of extracting, learning, and
utilizing glyph structural information. We introduced the
Glyph Extraction Module (GEM), which leverages SAM’s
powerful segmentation capabilities to accurately extract
character-level glyph images without additional training. To
effectively learn and model glyph structural information, we
proposed the Glyph Perception Module (GPM), which ex-
plicitly focuses on character glyph segmentation, text line
glyph segmentation, and character class prediction. Fur-
thermore, we developed the Glyph Fusion Module (GFM),
which integrates the learned glyph information into the in-
termediate features of the STISR model, enhancing glyph-
awareness and ultimately improving text image restoration
quality. Extensive experiments on the TextZoom dataset val-
idated the effectiveness of our approach, demonstrating that
GlyphSR sets a new state-of-the-art performance in STISR
tasks.
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