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TeLE-Net: A Texture-Enhanced Line Extraction
Network

Fangbo Lu, Wanchuang Luo, Xuanzhao Zhao, Yulin Feng, Ding Liang,
Xiaokun Sun, and Meili Wang

Northwest A&F University, China
wml@uwsuaf.edu.cn

Abstract. Edge detection, as a fundamental low-level vision task and
the core preprocessing step for XR/AR virtual-real registration, non-
photorealistic rendering, cartoon animation contour extraction and other
related topics, aims to extract object boundaries with rich structural and
semantic information from images. To alleviate its performance degrada-
tion in complex noisy scenes, we propose the Texture-enhanced Line Ex-
traction Network (TeLE-Net), an encoder-decoder architecture built with
the Spatial Residual U-block (SRSU) as its core module, together with a
designed Texture Self-Enhancement Module (TSEM). Extensive exper-
imental results demonstrate that TeLE-Net generates edge maps with
high signal-to-noise ratio and complete structural integrity on the main-
stream BIPED and BSDS500 datasets, without any post-processing op-
erations. It achieves OIS scores of 0.930 and 0.862 on the two datasets re-
spectively, comprehensively outperforming existing state-of-the-art (SOTA)
methods. With only 21.6M parameters, our method can be directly de-
ployed in real-time XR and graphics rendering pipelines.

Keywords: Edge Detection, Texture Enhancement, Multi-scale Feature Fusion,
Attention Mechanism

1 Introduction

Edge detection is a fundamental task in computer vision that aims to extract
object boundaries with abundant structural and semantic information[l]. As
an essential low-level vision operation, it also acts as a critical preprocessing
step for XR/AR virtual-real registration, non-photorealistic rendering (NPR),
and contour extraction of cartoon animation. With the advancement of deep
learning, research focus in this field has shifted from early handcrafted operator-
based local gradient analysis to deep neural network-driven multi-scale feature
fusion and representation learning [2, 3].

However, under complex noise and texture interference, existing methods suf-
fer from three core limitations: First, structural artifacts and edge discontinuities
result from direct shallow-stage raw image feature extraction (lacking explicit
high-frequency noise-structural texture decoupling), leading to layer-wise noise




Fig. 1. The overall architecture of the proposed TeLE-Net.

accumulation, distorted edge features, and disrupted global structural consis-
tency due to discarded spatial coordinate information in global average pooling.
Second, heavy reliance on post-processing is required, as raw edge probability
maps have low SNR and background pseudo-responses (inadequate end-to-end
noise suppression), necessitating additional steps (non-maximum suppression,
edge linking, morphological operations) that increase pipeline complexity and
hinder real-time XR/graphics deployment. Thus, extracting structurally com-
plete and semantically consistent edges in complex noisy environments is an
urgent critical issue in current edge detection research.

2 Related Work

2.1 Traditional Edge Detection Methods

Farly edge detection methods primarily relied on the response of local differential
operators to variations in grayscale or brightness[4]. The Canny operator estab-
lished a classic and theoretically grounded edge detection pipeline through steps
including Gaussian smoothing, gradient calculation, non-maximum suppression,
and double-threshold hysteresis [5].

To incorporate richer local contextual information, Structured Forests utilize
a random decision forest framework to perform structured learning on local im-
age patches, directly predicting local edge masks. This approach enhances the
modeling of local structural patterns to a certain degree [6]. Nevertheless, both
operator-based methods relying on gradient responses and structured models
based on shallow learning primarily depend on color or brightness variations for
feature discrimination, resulting in a lack of high-level semantic understanding of
the image content. In natural scenes characterized by complex textures or signifi-
cant noise, these methods are prone to misclassifying background textures as gen-
uine boundaries. Furthermore, they often necessitate additional post-processing
steps—such as smoothing, edge linking, or morphological operations—making it
difficult for them to serve as stable structural priors.




2.2 Deep Learning-based Edge Detection

With the advancement of deep learning, edge detection has evolved from local
responses based on hand-crafted features toward end-to-end feature learning.
Early deep architectures, such as DeepEdge [7] began leveraging multi-scale con-
volutional features and high-level semantic information for contour prediction,
demonstrating the critical role of deep features in edge discrimination. HED es-
tablished a fundamental paradigm by proposing an end-to-end holistically-nested
framework, which effectively addresses edge scale diversity through side-output
layers and deeply supervised learning.

Under this paradigm, researchers have continuously explored more sophisti-
cated hierarchical feature fusion strategies. BDCN introduces scale-specific su-
pervision and scale enhancement modules, allowing features at different levels
to maintain distinct roles during training [8]. while DexiNed focuses on generat-
ing crisper, more continuous boundaries through a lean network structure with
robust generalization capabilities [9]. To mitigate edge blurring and localization
bias, Deep Crisp Boundaries employs a top-down hierarchical refinement path-
way to enhance precision and clarity [10]. As model complexity grows, efficiency
and deployment costs have become pivotal; consequently, lightweight designs
like PiDiNet, LDC, and TEED achieve high-performance edge detection with
minimal parametric and computational overhead [11-14].

Regarding advanced architectures, EDTER incorporates the global attention
mechanism of Transformers [15] to model long-range dependencies, balancing
global semantic consistency with local detail [16]. Moré recently, DiffusionEdge
reformulates edge detection as a progressive generative process, utilizing the
denoising mechanism of diffusion models to produce superior edge representa-
tions [17]. Despite these performance gains on benchmarks, existing methods
still struggle in complex environments, where results may suffer from structural
fragmentation or artifacts due to noise interference and local instabilities.

GT DiffusionEdge DON MuGE D UAED Ours

Fig. 2. Comparisons on the BIPED Dataset




2.3 Feature Enhancement and Attention Mechanisms

To further enhance the robustness and controllability of edge representation, re-
search attention has shifted toward feature enhancement, attention mechanisms,
and uncertainty modeling.

UAED explicitly models the subjectivity and ambiguity inherent in edge
annotation as probability distributions, characterizing uncertainty regions via
variance and applying adaptive weighting during training to bolster robustness
in complex scenes [18]. Addressing the subjectivity in edge granularity, MuGE
proposes a multi-granularity edge generation framework, enabling the model to
output results at varying levels of detail [19]. Furthermore, DDN performs dis-
entanglement modeling at both data and feature levels; by separating learnable
distributions from spatial/semantic features, it mitigates redundant interference
and enhances generalization capabilities [20].

At the semantic level, CaseNet extends edge detection to a multi-label se-
mantic edge problem, allowing a single boundary to be associated with multiple
semantic categories [21]. These approaches demonstrate that fine-grained control
over feature representation contributes significantly to the stability and semantic
consistency of edge results. Despite the progress achieved by existing methods
in feature fusion, two prevalent limitations remain when addressing complex
scenarios:

Current Limitations of Existing Methods: Existing networks typically
perform feature extraction directly on raw images without explicitly disentan-
gling high-frequency noise from structural textures in the shallow stages, which
leads to progressive accumulation of noise interference across layers. In addition,
in deep networks, simple global average pooling tends to discard spatial coordi-
nate information and lacks effective noise gating mechanisms, making it difficult
for the decoder to simultaneously suppress background noise and accurately re-
cover globally consistent structural boundaries.

To address the above limitations, this paper proposes TeLE-Net, an end-
to-end edge detection network tailored.for complex noisy environments and
real-time graphics/XR scenarios. The core contributions include: designing the
TSEM for shallow feature stage, which integrates multi-order gradient priors
and structure-aware self-attention to realize explicit noise-texture disentangle-
ment and provide robust geometric priors; adopting SRSU as the core feature
extraction unit, which combines nested U-structure and lightweight spatial at-
tention to balance receptive field expansion and pixel-level edge localization ac-
curacy, improving edge fine-grained feature representation; introducing Coordi-
nate Attention (CA) in the semantic exchange stage to encode spatial positional
information into channel-wise relationships, strengthening global structural con-
sistency and removing continuous noise streaks; proposing a joint loss function
with pseudo-response suppression (PRS) loss to suppress background noise in
training, enabling the model to generate high-SNR edge maps without post-
processing.




3 Proposed Method

3.1 Overall Architecture

As illustrated in Figure 1, TeLE-Net adopts an end-to-end encoder-decoder ar-
chitecture. Unlike conventional methods that rely heavily on post-processing, it
uses SRSU as the core feature extractor and improves representation through
multi-scale feature enhancement. Given an input image I € REXW=3 the net-
work generates a high-SNR. edge probability map. It integrates TSEM to sup-
press noise via gradient-aware structural perception, SRSU blocks with pixel-
wise attention for multi-scale feature encoding, and CA to strengthen global
structural consistency. In the decoding stage, multi-scale feature fusion and a
noise suppression loss are used to produce the final edge maps.

3.2 Texture Self-Enhancement Module

To address the sensitivity of convolutional networks to noise in shallow layers
and the ambiguity of structural information in deep layers, we design the TSEM.
Unlike existing edge detection methods that lack explicit texture enhancement
and noise-texture disentanglement in the shallow network stage (leading to the
accumulation of noise interference in deep layers) and only use single gradient
operators or attention mechanisms alone, TSEM combines the explicit geometric
prior of multi-order gradient features with the long-range dependency modeling
capability of self-attention. This enables it to achieve adaptive enhancement of
texture features while eliminating high-frequency noise.

Diffusiontdge

Fig. 3. Comparisons on the BSDS Dataset

Gradient-Induced Feature Embedding First, TSEM extracts multi-order
gradient information within the input feature space using gradient operators.
Specifically, we apply the Sobel operator KCsoper and the Laplacian operator Kiqp
to the input features to extract first-order edge gradients G; and second-order
texture details Go, respectively:

Gl - ’Csobel(Xgray); GQ = Klap(Xgray)- (1)




To incorporate these structural priors into the feature space, we concatenate the
original features with the gradient maps and map them through a fusion layer
Fruse to yield the feature map F, which is enriched with structural information:

F = ReLU (BN (Fruse([Xgray, G1, G2]))), (2)

Structure-Aware Self-Attention Mechanism Since the preceding process
remains insufficient to distinguish high-frequency noise, TSEM subsequently in-
troduces a convolutional self-attention mechanism to eliminate such noise by
leveraging long-range dependencies. Specifically, the feature map F is projected
into Query, Key, and Value matrices—denoted as Q, K, and V—via three 1 x 1
convolutions:

Q=Wy(F), K=WyF), V=TW,(F). (3)

We compute the similarity between Q and K to generate the structural atten-
tion map A, which is subsequently applied to V to aggregate global contextual
information:

exp(Q; - K7)
Zj exp(Qi - KJT) 7
Finally, the enhanced texture features Y (projected by the linear transformation

Wout) are added back to the original input X via a residual connection, yielding
the final output.

A= Y=A-V. (4)

3.3 Spatial Residual U-block

The fundamental building block of TeLE-Net is the SRSU. Designed as a mod-
ified Residual U-block[22], the SRSU adopts a nested sub-encoder-decoder ar-
chitecture. This design aims to address the limited receptive field of single con-
volutional layers while ensuring the extraction of line features with pixel-level
precision. To achieve a high Signal-to-Noise Ratio in the output and mitigate the
reliance on post-processing, the SRSU incorporates a lightweight SA mechanism
at its highest-resolution feature aggregation layer[23]. The primary objective of
SA is to enhance local feature saliency by modeling inter-pixel spatial correla-
tions. Specifically, given the input feature map x at this level, we first conduct
Average Pooling and Max Pooling operations along the channel axis to aggregate
spatial context descriptors from different dimensions:

Xavg = mean(x,dim = 1), Xmayx = max(x,dim = 1). (5)

Subsequently, the two resulting single-channel feature maps are concatenated
and processed by a 1 x 1 convolutional layer to learn the spatial weight distribu-
tion. This yields the pixel-wise attention map S, which is finally applied to the
original feature map to assign dynamic weights:

S=0o (}-IXI([Xavgvaa.xD) s Kout =X ® 5. (6)




Table 1. QUANTITATIVE COMPARISONS ON THE BIPED DATASET.

Single-scale

Methods ACT PE 1 Params (M) |
ODS 1 OIS T
RCF [24] 0.843 0.859 - - 14.8
EDTER [16] 0.893 0.898 - - 468.8
TEED [13] 0.867 0.871  0.33¢  0.185 0.1
UAED [18] 0.819 0.839 0.261 0.207 72.5
MuGE [19] 0.707 0.730 0.302 0.259 278.4
DiffusionEdge [17] 0.899 0.901 0.442 0.413 225.0
DDN {20] 0.915 0.922 0.286 0.101 41.2
TeLE-Net (ours) 0.925 0.930 0.346 0.334 21.6

3.4 Coord-Attention

Traditional channel attention mechanisms focus on modeling inter-channel de-
pendencies but ignore spatial positional information, making it difficult to dis-
tinguish between real edges and structured noise streaks—especially in complex
imaging environments where noise rarely exists as isolated pixels but often man-
ifests as continuous "noise streaks.” Unlike Rotary Position Embedding (RoPE),
which is designed for 1D sequence modeling in Transformers, CA can directly
encode the 2D spatial coordinate information of convolutional feature maps into
channel-wise relationships; thus, TeLE-Net incorporates an improved CA mod-
ule to enable the network to achieve high-dimensional semantic discrimination of
texture features while enhancing global structural consistency, effectively iden-
tifying and eliminating continuous noise.

Specifically, CA decomposes the traditional global pooling operation into
two parallel 1D feature encoding processes. For a given input feature map x €
RE*HE*W e aggregate features along the horizontal and vertical coordinate di-
rections using pooling kernels of size (H,1) and (1, W), respectively. The output
of the ¢-th channel at height h and width w can be formulated as:

1 1
W= o welhd) W) =5 3 weliw): (1)
0<i<W 0<j<H
To effectively fuse multi-directional positional information, we concatenate the
vertical feature map with the transposed horizontal feature map and employ a

shared point-wise convolution to generate the intermediate latent representation
y e REX(H+W)xL,

Y = Orelu (.7—"1 ([fh,permute(f“’)])) (8)

Here, [-, -] denotes the concatenation operation along the spatial dimension (specif-
ically, the height dimension). C' = max(8, C/r) represents the reduced channel
dimension. In this work, we set the reduction ratio to r = 32 to strike a balance
between computational efficiency and representational power.




Subsequently, the intermediate feature map y is split along the spatial dimen-
sion into two separate tensors: y* € REXFX1 4d y¥ € RE*P>W | These tensors
are then mapped back to the original channel dimension C via two independent
1 x 1 convolutions, denoted as F;, and F,, respectively. Finally, the Sigmoid ac-
tivation function o is applied to generate the direction-aware attention weights
g" and g¥.

Embedded within the deep semantic exchange stage, the CA module func-
tionally serves as a “semantic gate,” filtering high-level semantic noise by mod-
eling global consistency. Ultimately, the generated direction-aware weights are
applied to the input feature map:

oute(i, 5) = ze(i, ) x gi (i) x 9& () + (i, 7) 9)

3.5 Joint Loss Function

TeLE-Net is trained in an end-to-end manner employing a joint supervision
strategy. The training objective integrates a multi-scale cross-entropy loss with
a pseudo-response suppression loss, which is specifically designed to further sup-
press residual noise within background regions. The overall loss function is for-
mulated as foilows:

K
Liotal = Z Wk - ebce(o'(dk)» th,) + A £prs: (10)
k=0
Here, dj denotes the side output prediction at the k-th scale, G4 represents the
ground truth edge map, o(-) is the Sigmoid activation function, and wj serves
as the balancing weight for each scale.

We utilize the ground truth G to construct a background mask. Specifically,
this mask is generated by thresholding the labels to exclusively retain non-edge
regions, based on which we define the Pseudo-Response Suppression (PRS) loss
Ly as follows:

Mg = I(Ggr < 7), Lors = oee(a(dg) © Mg, 0). (11)

Here, I(-) denotes the indicator function, @ represents the element-wise multi-
plication (Hadamard product), and dy corresponds to the final high-resolution
prediction output.

4 Experiments and Analysis

4.1 Datasets and Implementation Details

General Edge Detection Datasets: First, the BSDS500 dataset is widely
employed as a standard benchmark for edge detection evaluation. It comprises
200 training images, 100 validation images, and 200 test images. Additionally,
to assess model performance in high-resolution scenarios, we utilize the BIPED




Table 2. QUANTITATIVE COMPARISONS ON THE BSDS500 DATASET.

Single-scale

Methods ACT PE 1 Params (M} |
ODSs 1 OIS ¢
RCF [24] 0.798 0.815 - - 14.8
EDTER [16] 0.824 0.841 - - 468.8
TEED [13] 0.664 0.680 0.290 0.175 0.1
UAED (18] 0.829 0.847 0.246 0.162 72.5
MuGE [19] 0.831 0.847 0.301 0.252 278.4
DiffusionEdge [17] 0.834 0.848 0.428 0.379 225.0
DDN [20] 0.842 0.858 0.302 0.099 41.2
TeLE-Net (Curs) 0.840 0.862 0.324 0.301 21.6

dataset, which consists of 250 high-resolution images meticulously annotated by
experts (split into 200 for training and 50 for testing). For both datasets, we
adopt the data augmentation strategy described in DDN [20].
Implementation Details: The model is implemented using the PyTorch
framework and optimized via the Adam optimizer. The initial learning rate is
set to 1 x 10~3, with a batch size of 5. The model is trained for a total of 100
epochs. In the loss function calculation, the weight X for L, is set to 0.1.
Evaluation Metrics To comprehensively evaluate model performance, we
adopt the F-measure at both the Optimal Dataset Scale (ODS) and Optimal
Image Scale (OIS) as the primary evaluation metrics. Furthermore, given that
the F-measure primarily focuses on pixel-level classification accuracy following
binarization, it may fail to fully capture the purity and energy distribution of
the raw probability maps. Consequently, we introduce Average Clarity (AC) and
Prediction Efficiency (PE) to assess the signal-to-noise ratio and confidence of the
model outputs. AC is defined as the ratio of the sum of pixel intensities after Non-
Maximum Suppression (NMS) to the total energy of the raw probability map
Py (e, AC =Y NMS(Prow/ Y. Praw), serving as a metric for the sharpness of
the edge response. PE quantifies the energy contribution of valid edges, defined
as the ratio of the sum of raw prediction intensities at the positions of the binary
skeletons extracted under ODS to the total energy of the probability map:

Zfil Z]W:1 Praw (17.7) : Sods (Z,j)
YLt Xjea Praw(i,4)

Here, H and W denote the height and width of the image, respectively;
Prow(i,j) € [0,1] represents the raw probability value output by the model;
and S,45(4,7) € {0,1} signifies the refined skeleton mask generated at the ODS
threshold. Higher values of AC and PE indicate that the model effectively sup-
presses background noise and yields highly focused edge responses, thereby re-
flecting the high confidence of the generated results and a reduced dependency
on complex post-processing procedures.

PE =

; (12)




4.2 Comparative Experiments on Edge Detection

Results Analysis on the BIPED and BSDS500 Datasets: In the quanti-
tative evaluation on the high-resolution BIPED dataset (see Table 1), TeLE-Net
achieves superior overall performance and reaches SOTA level. Under the Single-
Scale (SS) setting, it attains 0.925 ODS and 0.930 OIS, outperforming methods
such as DDN (0.915 ODS) and DiffusionEdge (0.899 ODS). These results val-
idate the effectiveness of the pixel-wise spatial attention in the SRSU module.
Although DiffusionEdge performs well in edge sharpness (AC/PE), its ODS is
still 2.6% lower than TeLE-Net, indicating weaker localization accuracy. DDN
also shows competitive ODS but has a much lower PE (0.101 vs. 0.334), in-
dicating misalignment in edge localization. Overall, TeLE-Net achieves higher
ODS/OIS with only 21.6M parameters, which is 4.6% of EDTER’s and 9.6%
of DiffusionEdge’s, demonstrating a better balance of performance, precision,
and lightweight design. As shown in Table 2, TeLE-Net also achieves state-of-
the-art performance on BSDS500, obtaining an ODS of 0.840 and an OIS of
0.862 under S8 evaluation, with OIS ranking first among all methods. This in-
dicates that TeLE-Net effectively bridges the gap between quantitative metrics
and visual quality. Although DDN has comparable ODS, its low PE (0.099) sug-
gests overly coarse edges. In contrast, DiffusionEdge achieves higher AC (0.428)
but underperforms in ODS/OIS. By leveraging the TSEM module to disentangle
structure and texture features, TeLE-Net improves edge purity (PE = 0.301) and
suppresses texture noise while maintaining strong localization accuracy. This bal-
ance between sharpness and accuracy shows that TeLE-Net remains competitive
even against the heavyweight EDTER (468.8M parameters) under a lightweight
setting.

Qualitative Analysis As illustrated in Fig. 2 and Fig. 3, TeLE-Net gener-
ates edge maps with exceptionally clean backgrounds, even in complex scenarios.
This validates the significant efficacy of Coord-Attention and the PRS loss
function in suppressing continuous noise streaks.

Table 3. Component Ablation Studies on the BIPED Dataset.

Index 1 2 3 4 5 6 7 8
TSEM v v v v
SRSU v v v v
CA v v v v

ODS(SS) 0.870 0.887 0.892 0.906 0.898 0.918 0.921 0.925

Ablation Analysis: As shown in Table 3, each core module contributes
positively to the model performance, with significant synergistic effects among
them. Specifically, incorporating the TSEM, SRSU, or CA modules indepen-
dently boosts the ODS to 0.887, 0.892, and 0.906, respectively, validating the ef-
fectiveness of shallow geometric priors, multi-scale residual modeling, and global
dependency capturing in edge detection. TSEM provides a noise-suppressed,




texture-enhanced (more salient) feature space for the subsequent CA module
to improve global structural modeling efficiency, while the combination of SRSU
and CA balances local edge detail preservation and global structural consistency.
Ultimately, the full model integrating all three modules (index 8) achieves the
highest ODS score of 0.925, verifying that our progressive structural modeling
mechanism at different network levels can effectively generate structurally con-
tinuous, semantically consistent high-quality edges while suppressing noise.

5 Conclusion

In this paper, we propose TeLE-Net for edge detection in complex noisy sce-
narios. By disentangling noise and edges through TSEM, capturing fine-grained
details with SRSU, and enhancing structural consistency via CA, TeLE-Net
achieves SOTA performance on the BSDS500 and BIPED datasets.
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