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Abstract

As an important part of intelligent manufacturing, pixel-
level surface defect detection (SDD) aims to locate defect
areas through mask prediction. Previous methods adopt the
image-independent static convolution to indiscriminately
classify per-pixel features for mask prediction, which leads
to suboptimal results for some challenging scenes such as
weak defects and cluttered backgrounds. In this paper,
inspired by query-based methods, we propose a Wavelet
and Prototype Augmented Query-based Transformer (WP-
Former) for surface defect detection. Specifically, a set of
dynamic queries for mask prediction is updated through
the dual-domain transformer decoder. Firstly, a Wavelet-
enhanced Cross-Attention (WCA) is proposed, which ag-
gregates meaningful high- and low-frequency information
of image features in the wavelet domain to refine queries.
WCA enhances the representation of high-frequency com-
ponents by capturing multi-scale relationships between dif-
ferent frequency components, enabling queries to focus
more on defect details. Secondly, a Prototype-guided Cross-
Attention (PCA) is proposed to refine queries through meta-
prototypes in the spatial domain. The prototypes aggre-
gate semantically meaningful tokens from image features,
facilitating queries to aggregate crucial defect informa-
tion under the cluttered backgrounds. Extensive experi-
ments on three defect detection datasets (i.e., ESDIs-SOD,
CrackSeg9k, and ZJU-Leaper) demonstrate that the pro-
posed method achieves state-of-the-art performance in de-
fect detection. The code will be available at https:
//github.com/yfhdm/WPFormer.

* Corresponding authors: Xiaoheng Jiang, Yang Lu.
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Figure 1. (a) The previous pixel-level defect detection methods
use the static convolution layer for mask prediction. (b) In the
query-based segmentation methods, a set of dynamic queries Q
are refined through a transformer decoder for mask prediction. The
mask prediction is obtained by aggregating mask predictions M of
all queries with weights W p. (c) The existing transformer decoder
layer in the spatial domain. (d) The proposed dual-domain trans-
former (D2T) decoder layer includes Wavelet-enhanced Cross-
Attention (WCA) in the frequency domain and Prototype-guided
Cross-Attention (PCA) in the spatial domain.

1. Introduction

Surface defect detection (SDD) is an important task in in-
dustrial manufacturing. Automated defect detection im-
proves the efficiency of quality inspections across produc-
tion lines [2, 41] and infrastructure [24], enabling the rapid
identification of defects. Pixel-level SDD methods aim to
localize defect regions with mask prediction, which pro-
vides fine-grained detection results. However, different
from object detection in natural scenes, industrial surface
defect detection faces challenges such as weak appearances
characterized by small sizes, elongated shapes, and high
similarity to the background, as well as complex back-
ground noise.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
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There have been more and more deep learning-based
methods to solve these challenges. These methods fol-
low the paradigm of Fully Convolutional Networks (FCN)
[27], which improve the performance of networks by fea-
ture refinement [9, 11], multi-task learning strategy [36],
and improving loss function [5]. Although these methods
obtain more discriminative features, there are still some in-
accurate predictions under the above challenging scenes,
such as missing defect details and false detection of back-
ground distractions. We argue that one important reason is
that these models use a convolutional layer to indiscrimi-
nately classify all features for mask prediction in the pre-
diction layer. As shown in Fig.1 (a), this prediction pro-
cess is equivalent to directly using one static query on vi-
sual features for mask prediction. Such a query is image-
independent and lacks semantic representation, which leads
to sub-optimal results for defect detection.

Recently, query-based transformer decoder architectures
have shown impressive results in image segmentation [4,
7, 8]. These architectures introduce a transformer decoder
to dynamically learn a set of learnable queries from image
features for mask predictions. As shown in Fig.1 (b), the
primary goal of such methods is to enable semantic inter-
action between queries and visual features for mask pre-
dictions. For defect detection, there are two main prob-
lems with these methods. Firstly, these methods [7, 19]
mostly focus only on the query-feature interaction in the
spatial domain. It is hard to detect weak defects with
only spatial information. In the frequency domain analy-
sis [10, 44, 46], high- and low-frequency components de-
scribe texture details and the basic structure of objects, re-
spectively. The high-frequency components contain rich
edge details, which are breakthrough points to detect some
weak defect objects. Therefore, it is important for de-
fect detection to aggregate meaningful high-frequency and
low-frequency components from image features to refine
queries. Secondly, some existing methods [7, 12] com-
pute full pairwise interaction between image features and
queries. Redundant background information may dilute the
attention of queries to critical defect information. Although
Mask2Former [8] and PEM [4] reduce spatial redundant
information by masked attention and prototype selection
mechanism, these methods require a strong mask prior. If
the prior mask lacks some defect details or contains false
predictions of background distractions, these problems will
be transmitted to the subsequent decoding process, result-
ing in sub-optimal results. The solution to this problem is
to effectively encode crucial defect information from image
features for efficient query-feature interaction.

To this end, we propose a Wavelet and Prototype aug-
mented query-based Transformer for surface defect detec-
tion, which aims to enhance semantic interaction between
queries and multi-scale features in the frequency and spa-

tial domains. Firstly, a Wavelet-enhanced Cross-Attention
(WCA) is introduced to focus more on defect details in
the frequency domain. WCA leverages the Haar wavelet
transform to decompose image features into low- and high-
frequency components. The high-frequency information
may contain background noise. WCA generates multi-scale
channel weights by capturing global and local relationships
between different frequency components to modulate the
high-frequency component for noise suppression. In addi-
tion, Prototype-guided Cross-Attention (PCA) is introduced
to focus on crucial defect information with learnable meta-
prototypes for updating queries in the spatial domain. PCA
dynamically aggregates prototypes from image features to
focus on crucial discriminative information about defects.
These prototypes refine queries across channels by captur-
ing multi-scale relationships between them and queries.

In summary, the main contributions of our paper are as
follows:
1. We propose a Wavelet and Prototype Augmented Query-

based Transformer for surface defect detection, which
utilizes frequency information and spatial prototypes to
enrich queries for mask prediction.

2. We present a Wavelet-enhanced Cross-Attention mod-
ule, which integrates high- and low-frequency informa-
tion from features to interact with queries. It can guide
queries to focus more on discriminative features in the
frequency domain.

3. We present a Prototype-guided Cross-Attention module,
which encodes features into meaningful prototypes to re-
fine queries over channels. It reduces the redundant in-
formation of features and retains useful information for
interaction.

4. Extensive experiments on three public defect datasets
demonstrate that the proposed method achieves state-of-
the-art performance in defect detection scenes.

2. Related Works

2.1. Pixel-level Surface Defect Detection

Recently, many works have been proposed for industrial de-
fect segmentation. The mainstream of these methods can
be divided into three strategies. 1) Feature enhancement:
These methods introduce the attention mechanism or con-
text module to enhance or enrich feature representation.
Cheng et al. [9] leveraged mask predictions as guidance to
help enhance feature representations. Wang et al. [37] cap-
tured global information from different directions to refine
the fused features. Cui et al. [11] enhanced feature contexts
through global auto-correlation. Liu et al. [25] combined
global and local attention to learn global and local seman-
tics for locating defect regions. 2) Multi-task learning: [17],
[36], [33] exploited edge-related semantic features to better
segment the boundary area of defects. 3) Improving loss
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function: Some methods learn more discriminative features
by designing different loss functions such as adaptive cost-
sensitive loss [22] and clustering-inspired loss [5].

2.2. Frequency Domain Learning
Frequency domain analysis methods have been widely
used in computer vision tasks such as image classification
and camouflaged object detection. These methods aim to
transform RGB images or features into frequency domain
through frequency transform methods such as wavelet trans-
form and DCT. For example, Qin et al. [32] proposed
multi-spectral channel attention in the DCT domain to fo-
cus on more frequency components. [44, 45] combined
frequency prior features from the DCT domain and RGB
features for binary image segmentation. Yang et al. [40]
decomposed high-frequency and low-frequency features in
the wavelet domain to obtain channel and spatial attention
weights. Zhou et al. [46] obtained high- and low-frequency
components from images with wavelet transform and intro-
duced dual encoder and decoder to learn and fuse different
frequency components.

2.3. Query-Based Methods
Since the advent of DETR [3], query-based methods have
gradually been applied to image segmentation. These meth-
ods introduce a set of queries in the transformer decoder,
which optimizes these queries by semantic relations be-
tween queries and image features to obtain predictions.
MaskFormer [7] demonstrated the effectiveness of such
methods for image segmentation with a mask classifica-
tion formulation. Some methods improve the performance
of the segmentation networks by introducing task-specific
or semantic queries. For example, Dong et al. [12] com-
bined mask and boundary queries for instance segmenta-
tion. He et al. [19] introduced extra queries from image
features for segmentation. Moreover, some methods im-
prove the performance of the segmentation by enhancing
semantic interaction between queries and image features.
For example, Cheng et al. [8] proposed masked cross-
attention, which forces queries to focus only on foreground
features by applying the masking mechanism for the simi-
larity map. Cavagnero et al. [4] proposed prototype-based
masked cross-attention, which generates prototypes through
masked cross-attention and then adds element-wise interac-
tion between prototypes and queries.

In this paper, we propose a Wavelet and Prototype Aug-
mented Query-based Transformer for surface defect de-
tection, which enhances query-feature interaction across
wavelet and spatial domains. In the wavelet domain,
queries are updated with modulated high-frequency and
low-frequency features to focus more on defect details. In
the spatial domain, queries are updated with prototypes that
can focus more on crucial defect information.

3. Method

3.1. Overall Architecture

As shown in Fig.2, the proposed WPFormer adopts the
PVTv2 as the backbone to obtain four-level features with
1/4, 1/8, 1/16, and 1/32 resolutions, respectively. The chan-
nel number of all features is adjusted into 64 channels by
1×1 convolution and fed into the vanilla FPN [23] to obtain
1/4 scale high-resolution features F1 and side-output multi-
scale features F2 ∼ F4 from high- to low- resolutions. A set
of queries Q ∈ RN×D is introduced to generate mask pre-
diction based on F1, where N and D represent the number
and the channel dimension of each query. Firstly, Q is up-
dated with F1 inside a two-layer transformer [8]. Then, the
updated Q is fed into the Dual-Domain Transformer (D2T)
decoders to enrich query representation with feature pyra-
mid F2 ∼ F4 from low- to high-resolution. In each decoder
block, we adopt the order of cross- and self-attention to
update queries, following the previous work [8]. Wavelet-
enhanced Cross-Attention (WCA) and Prototype-enhanced
Cross-Attention (PCA) are introduced to aggregate mean-
ingful image features in the frequency and spatial domains
to update queries, respectively. Through the self-attention
layer, the model can capture global relationships of queries
to further enrich the representation of queries. Finally, the
output queries Qout of each decoder block is fed into the
query-based segmentation head for mask prediction.

3.2. Wavelet-enhanced Cross Attention

Wavelet transform decomposes features into different fre-
quency components while preserving spatial information.
In the frequency domain, high-frequency components con-
tain rich boundary details, which are beneficial for detect-
ing some weak defects. However, wavelet transform adopts
fixed filters for frequency decomposition. The obtained
high-frequency components lack semantics and may con-
tain noise details, which lead to false predictions. So it
is necessary to modulate high-frequency components for
noise suppression. Inspired by this, we propose a Wavelet-
enhanced Cross-Attention (WCA) module to refine queries
with enhanced frequency features. The detailed structure of
WCA is shown in Fig. 2 (a).

Given image features Fi ∈ RHi×Wi×D, we use Haar
wavelet transform to decompose Fi into four feature sub-
bands with half resolutions: FLL, FLH , FHL, and FHH

∈ RHi/2×Wi/2×D, where FLL represent low-frequency
information F l

fre. FLH , FHL, and FHH represent high-
frequency details in the horizontal, vertical, and diagonal
directions. We obtain high-frequency features Fh

fre by com-
bining three high-frequency feature subbands. Mathemati-
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Figure 2. The architecture of the proposed method. We adopt PVTv2 as the backbone and the FPN as the pixel decoder to obtain multi-
scale features {Fi}4i=1. Before being fed into the transformer decoder, Q is first updated with high-resolution features F1 by a two-layer
transformer [8]. To enrich the representation of queries, we introduce Dual-Domain Transformer (D2T) decoders to aggregate meaningful
image features {Fi}4i=2 via Wavelet-enhanced Cross-Attention (WCA) and Prototype-guided Cross-Attention (PCA). The query output
and high-resolution features are fed into the segmentation head to generate mask prediction.

cally, we have:

F l
fre = FLL (1)

Fh
fre = FLH + FHL + FHH (2)

Subsequently, we leverage global and local channel-wise
dependencies between different frequency components to
modulate high-frequency components. Fh

fre and F l
fre are

added together and then fed into multi-scale context mod-
ule (MSCM) to generate multi-scale channel weights W c

g ∈
R1×1×D and W c

l ∈ RHi/2×Wi/2×D. As shown in Fig.
2(c), global channel weights W c

g suppress noise from fea-
ture channels by learning global dependencies, while lo-
cal channel weights W c

l suppress noise from feature spa-
tial pixels by learning local dependencies. After W c

g and
W c

l are fused, attention weights are generated through the
sigmoid function to refine high-frequency components via
element-wise multiplication. Mathematically, we have:

W c
g = Linear(δ(Linear(GAP(Fh

fre + F l
fre)))) (3)

W c
l = Linear(δ(Linear(Fh

fre + F l
fre))) (4)

Fh
fre

′ = σ(W c
g +W c

l )⊙ Fh
fre (5)

where Linear() represents the linear layer. GAP represents
the global average pooling operation. ⊙ represents element-

wise multiplication. δ and σ represent ReLU and Sigmoid
functions, respectively.

Considering the importance of both high-frequency and
low-frequency features for accurate detection, the mod-
ulated high-frequency component is combined with low-
frequency features, resulting in feature F ′

fre. Then we use
F ′
fre as the key and value to update queries Qin through the

cross-attention layer. Mathematically, we have:

Q′ = Norm(Qin +Attention(Qin, F
′
fre)) (6)

3.3. Prototype-guided Cross Attention
In the spatial domain, full pairwise spatial similarity in the
standard cross-attention [7] brings redundant information.
Although the masking mechanism in [4, 8] can filter out ir-
relevant information and enhance focus on defect regions.
However, the effectiveness of masked attention heavily re-
lies on the quality of the mask prior. If the mask prior
contains incomplete or false defect prediction, it may hin-
der subsequent decoding layers from capturing critical de-
tails, resulting in incomplete defect region detection. To this
end, we propose Prototype-guided Cross-Attention (PCA)
to reduce redundant spatial information from image features
from two aspects. First, we introduce a prototype learning
unit (PLU) to learn semantic clusters of image features as
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Figure 3. Visual comparison of original feature maps and
prototype-activated feature maps for the features F2. It can be
observed that original feature maps contain redundant background
noise and the proposed prototypes can focus more on crucial de-
fect information.

prototypes. The prototypes adaptively aggregate informa-
tive tokens from visual features. Second, we capture global
and local relationships between prototypes and queries to
refine queries. The detailed structure of PCA is shown in
Fig. 2 (b).

Prototype Learning Unit. The image visual features Fi ∈
RHi×Wi×D are fed into 3 × 3 convolution layer and 1 × 1
convolution layer, resulting F ′

i ∈ RHi×Wi×M , where M
represent the number of prototypes, i.e., M = N . F ′

i is
flattened and fed into the Softmax function, resulting in
Fw
i ∈ RHiWi×M . The transpose of Fw

i performs matrix
multiplication with the flattened feature Fi, resulting in pro-
totype features Fpro ∈ RM×D. Mathematically, we have:

Fpro = Softmax(F ′
i )

T ⊗ Fi (7)

where Softmax is applied on the first dimension of the flat-
tened F ′

i . As shown in Fig.3, it can be seen that prototype-
activated feature maps focus more on defect regions com-
pared with original feature maps.

With Fpro obtained, Qin is refined by capturing multi-
scale relationships between Fpro and Qin. Specifically,
Fpro and Qin are integrated with element-wise summation
and generate multi-scale channel weights through MSCM.
Multi-scale channel weights enable queries to focus on
global and local spatial relationships between queries and
prototypes. Mathematically, we have:

W c
g = Linear(δ(Linear(GAP(Fpro + Qin)))) (8)

W c
l = Linear(δ(Linear((Fpro + Qin)))) (9)

Q′ = Norm(σ(W c
g +W c

l )⊙ Qin + Qin) (10)

Note that there are two key differences between the pro-
posed PCA and PEM-CA. Firstly, PEM-CA obtains proto-
types by masked cross-attention, while PCA learns proto-
types by adaptive clustering. Secondly, in terms of query-
prototype interaction, PEM-CA captures only local rela-
tionships, whereas PCA captures both global and local re-
lationships.

3.4. Segmentation Head
To obtain the segmentation prediction, we use output
queries Qout to decode feature maps F1 at 1/4 resolution.
F1 is linearly projected into mask features Fmask through
1 × 1 convolution layer. Following the previous works
[7, 8], Qout is fed into a 3-layer MLP and multiplied with
the transposed of the fattened mask features F ′

mask to obtain
mask predictions M ∈ RN×HW . Mathematically, we have

M = Fmlp(Qout)⊗ (F ′
mask)

T (11)

M is reshaped into M′ ∈ RN×H×W . Then we leverage
Qout to generate weights to fuse mask predictions M′. The
weights W p ∈ RN is obtained through a linear layer. Math-
ematically, the mask prediction is generated as follows:

Si = σ(

N∑
n=1

W p
i M′

n) (12)

3.5. Loss Function
WPFormer adopts a 3-layer transformer decoder. Following
[8], we add supervision for each transformer decoder. For
the i-th layer, output queries are fed into the segmentation
head to predict Si based on high-resolution features. We
integrate mask predictions {Si}3i=1 as the final prediction,
i.e., S1+S2+S3. In addition, the updated queries from the
transformer are fed into the segmentation head to predict
mask S0 for additive loss. Mathematically, the total loss
functions are calculated as follows:

Ltotal =

3∑
i=0

L(Si, G) + L(S1 + S2 + S3, G) (13)

where G denotes the ground truth. Each loss is a com-
bination of binary cross-entropy loss (LBCE) and Inter-
section over Union loss(LIoU ), which is defined as: L =
LBCE + LIoU .

4. Experiments
4.1. Datasets and Evaluation Metrics

Datasets. To validate the effectiveness of the proposed
method, we conduct experiments on three large-scale de-
fect datasets ESDIs-SOD [11], CrackSeg9k[21], and ZJU-
Leaper [42]. ESDIs-SOD is a comprehensive strip defect
dataset. It contains 14 types of defects, with a total of 4800
defect images, of which 3600 images are used as training
set and 1200 images are used as test set. CrackSeg9k is a
crack segmentation dataset. There are 8051 crack images
on different types of surfaces, with 7243 training images
and 395 test images. ZJU-Leaper is a fabric defect dataset,
containing 15761 images for training and 7945 images for
testing.
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Methods Year
ESDIs-SOD CrackSeg9k ZJU-Leaper

M ↓ Fw
β ↑ Sα ↑ mFβ ↑ mEξ ↑ M ↓ Fw

β ↑ Sα ↑ mFβ ↑ mEξ ↑ M ↓ Fw
β ↑ Sα ↑ mFβ ↑ mEξ ↑

JTFN [9] ICCV’2021 .0188 .8730 .8975 .8723 .9560 .0166 .6849 .7947 .6977 .9043 .0251 .6898 .7801 .7194 .8742
SINetV2 [15] TPAMI’2022 .0208 .8603 .8961 .8581 .9549 .0195 .6513 .7855 .6534 .8918 .0248 .7107 .8006 .7359 .8975

Mask2Former[8] CVPR’2022 .0197 .8767 .9075 .8745 .9574 .0147 .7442 .8385 .7478 .9363 .0206 .7663 .8267 .7879 .9227
BBRF [28] TIP’2023 .0205 .8632 .8882 .8668 .9511 .0161 .6909 .8026 .6965 .9139 .0229 .7265 .7959 .7479 .8996

PUENet [43] TIP’2023 .0199 .8721 .8995 .8727 .9553 .0168 .6976 .8104 .6991 .9155 .0241 .7200 .7998 .7445 .9008
FPNet [10] ACM MM’2023 .0191 .8758 .9115 .8698 .9581 .0150 .7425 .8286 .7378 .9316 .0207 .7656 .8271 .7859 .9214

MENet [39] CVPR’2023 .0218 .8576 .8924 .8555 .9508 .0177 .6701 .7937 .6754 .9000 .0259 .6946 .7849 .7259 .8808
FSPNet [20] CVPR’2023 .0218 .8503 .8984 .8533 .9405 .0175 .6595 .8178 .6735 .8571 .0232 .7093 .8230 .7447 .8832
FEDER [18] CVPR’2023 .0219 .8553 .8922 .8530 .9505 .0189 .6604 .7865 .6633 .9028 .0269 .6890 .7795 .7166 .8905

MSCAFNet [26] TCSVT’2023 .0186 .8807 .9080 .8781 .9609 .0146 .7429 .8390 .7478 .9381 .0212 .7578 .8219 .7815 .9195
A3Net [11] TIM’2023 .0183 .8863 .9049 .8821 .9639 .0160 .7079 .8177 .7131 .9329 .0217 .7488 .8170 .7736 .9160
IdeNet [16] TIP’2024 .0184 .8822 .9096 .8788 .9615 .0143 .7510 .8407 .7572 .9387 .0193 .7778 .8279 .8014 .9267

ZoomNeXt [30] TPAMI’2024 .0195 .8754 .9047 .8717 .9581 .0150 .7371 .8286 .7409 .9329 .0192 .7803 .8317 .7994 .9282
FSEL [35] ECCV’2024 .0181 .8814 .9113 .8750 .9626 .0144 .7475 .8408 .7484 .9395 .0197 .7728 .8249 .7908 .9279

CamoDiffusion [6] AAAI’2024 .0188 .8809 .8948 .8767 .9614 .0163 .7239 .8228 .7150 .9274 .0259 .7167 .7974 .7377 .9006
EMCAD [34] CVPR’2024 .0197 .8739 .9065 .8759 .9517 .0147 .7349 .8350 .7386 .9348 .0212 .7572 .8191 .7817 .9194

PEM[4] CVPR’2024 .0198 .8747 .9102 .8725 .9557 .0146 .7414 .8333 .7452 .9354 .0208 .7632 .8233 .7852 .9202

Ours .0171 .8901 .9136 .8865 .9656 .0135 .7672 .8493 .7679 .9481 .0175 .7972 .8404 .8146 .9356

Table 1. Quantitative comparison results of various methods on three different defect datasets. The best result for each metric is in bold.

Evaluation Metrics. To quantitatively evaluate the perfor-
mance of various methods, we adopt the following widely-
used evaluation metrics: Mean Absolute Error (M ) [31],
mean F-measure (mFβ , β2 = 0.3)[1], weighted F-measure
(Fw

β , β2 = 1) [29], S-measure (Sα, α = 0.5) [13], mean
E-measure (mEξ) [14], Precision-Recall (PR) curve and F-
measure curve.

4.2. Implementation Details
The network is implemented by PyTorch and adopts the
PVTv2 [38] pre-trained on the ImageNet as the backbone.
By default, we use 16 learnable queries for mask predic-
tion. All experiments are conducted on an RTX 3090 GPU.
We adopt Adam optimizer with a learning rate of 8e-5 and
a cosine decay learning rate scheduler to train the network.
The network is trained for 150 epochs with a batch size of
8 on ESDIs-SOD, for 24 epochs with a batch size of 4 on
ZJU-Leaper, and 60 epochs with a batch size of 4 on Crack-
Seg9k, respectively. In the training and test stage, the input
image is resized to 384× 384 and fed into the network.

4.3. Comparisons with State-of-the-art
In this section, we compare the proposed method with 17
state-of-the-art methods, including JTFN [9], SINetV2 [15],
Mask2Former [8], BBRF [28], PUENet [43], FPNet [10],
MENet [39], FSPNet [20], FEDER [18], MSCAFNet [26],
A3Net [11], IdeNet [16], ZoomNeXt [30], FSEL [35],
CamoDiffusion [6], EMCAD [34], and PEM [4].

Quantitative comparisons. Table 1 lists quantitative com-
parison results for the proposed method and 17 state-of-
the-art methods on three defect datasets in terms of M ,

Fw
β , Sα, mFβ , and mEξ. The proposed method outper-

forms existing SDD models (JTFN[9] and A3Net[11]) well.
For example, compared with A3Net [11], the proposed
method yields average improvements with 13.85%, 5.09%,
2.56%, 4.49%, and 1.32% in terms of M , Fw

β , Sα, mFβ ,
and mEξ, respectively. Compared with detection mod-
els that adopt PVTv2 as the backbone (MSCAFNet[26],
ZoomNeXt[30], IdeNet[16]), the proposed method also
achieves better performance. For example, compared with
IdeNet[16], the proposed model obtains achieves average
performance gains with 7.33%, 1.85%, 0.99%, 1.31%, and
0.80% in terms of M , Fw

β , Sα, mFβ , and mEξ, respec-
tively. The proposed methods also outperform the existing
query-based segmentation methods such as Mask2Former
[8] and PEM [4], which also adopt PVTv2 as the backbone.
Compared with Mask2Former[8], the proposed model im-
proves the M , Fw

β , Sα, mFβ , and mEξ by 12.14%, 2.88%,
1.21%, 2.48%, and 1.17% on average across three datasets,
respectively. In addition, Fig. 4 shows the PR and F-
measure curves of different methods on each dataset. Our F-
measure curve achieves better performance than other meth-
ods at most thresholds.

Visualization comparisons. Fig. 5 shows the detection re-
sults of some methods over three defect datasets. As shown
in the 1st and 4th rows, some methods struggle to detect
complete defect regions because of the high similarity be-
tween defects and backgrounds. It is found that some meth-
ods detect some background distractions as the defect areas,
such as the 2nd, 3rd, and 5th rows. It is also challenging for
some methods to detect thin cracks, such as the 3rd and 6th
rows. By contrast, the proposed method obtains more accu-
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Figure 4. Performance comparisons of different methods in terms of PR and F-measure curves.

Image JTFN Mask2Former BBRF PUENet MSCAFNet A3Net IdeNet ZoomNeXt CamoDiffusion EMCAD PEM Ours GT

Figure 5. Visual comparisons of some representative methods.

rate predictions.

4.4. Ablation Studies
To demonstrate the effectiveness of each component pre-
sented in the network, we perform the ablation study on
ESDIs-SOD and CrackSeg9k, respectively.

Different cross attention. Table 2 compares the perfor-
mance of different cross-attention modules in the trans-
former decoder, including conventional CA, Masked CA,
PEM-CA, and the proposed WCA and PCA modules. The
masking mechanism in the Masked CA and PEM-CA im-
proves the model’s focus on defect areas to some extent
but also leads to suboptimal performance because the prior
mask prediction may lose important defect details, thereby
preventing queries from learning these subtle features. It
can be seen that the proposed dual domain cross-attention
adaptively selects meaningful features from frequency do-

main and spatial prototype perspectives, which can reduce
the loss of detailed information. Compared with stan-
dard CA, masked CA, and PEM-CA, the proposed cross-
attention obtains averaged gains of 2.14%, 1.78%, and
1.62% in terms of Fw

β . To better demonstrate the effective-
ness of the dual domain cross-attention module, we com-
pare detection results of different cross-attention in Fig 6.
It can be seen that CA, masked CA, and PEM-CA suffer
from incomplete (marked by red boxes) or false detection
(marked by green boxes). On the contrary, the proposed
cross-attention can focus more on defect details and achieve
accurate detection results.

Number of queries. Table 3 (a) analyzes the effect of the
number of queries on the performance of the model. It can
be observed that using a small number of queries can bring
significant performance gains. The model achieves the op-
timal performance when Nq is 16.

23866



Method
ESDIs-SOD CrackSeg9k

M ↓ Fw
β ↑ Sα ↑ M ↓ Fw

β ↑ Sα ↑

w/ CA .0193 .8778 .9090 .0146 .7458 .8361
w/ Masked-CA .0190 .8797 .9097 .0141 .7494 .8368
w/ PEM-CA .0187 .8802 .9077 .0142 .7513 .8400

Ours (w/ WCA) .0175 .8858 .9125 .0140 .7583 .8425
Ours (w/ PCA) .0179 .8855 .9118 .0139 .7579 .8420
Ours (Both) .0171 .8901 .9136 .0135 .7672 .8493

Table 2. Ablation for different cross-attention modules in the
transformer decoder.

Image GTOur(Both)w Masked CA w PEM-CAw CA

Figure 6. Visual comparison of detection results obtained with dif-
ferent cross-attention in Table 2. The red and green boxes denote
missed and false defect areas, respectively.

Settings ESDIs-SOD CrackSeg9k

(a)

Nq M ↓ Fw
β ↑ Sα ↑ M ↓ Fw

β ↑ Sα ↑

8 .0179 .8853 .9112 .0139 .7609 .8444
16 .0171 .8901 .9136 .0135 .7672 .8493
64 .0171 .8885 .9131 .0137 .7654 .8467

(b)
WCA MAE ↓ Fw

β ↑ Sα ↑ MAE ↓ Fw
β ↑ Sα ↑

w/ Add .0175 .8865 .9102 .0140 .7598 .8446
w/ Modulation .0171 .8901 .9136 .0135 .7672 .8493

(c)

PCA MAE ↓ Fw
β ↑ Sα ↑ MAE ↓ Fw

β ↑ Sα ↑

Global .0174 .8872 .9120 .0138 .7613 .8443
Local .0175 .8871 .9111 .0139 .7595 .8443
Both .0171 .8901 .9136 .0135 .7672 .8493

Table 3. Ablation study on different settings of the proposed net-
work: (a) shows the effect of different query numbers, (b) shows
the effect of different frequency fusion methods within WCA mod-
ule, and (c) shows the effect of query-prototype interaction modes
within PCA module.

Effect of fusion methods for different frequency compo-
nents within WCA. Table 3 (b) analyzes the effect of dif-
ferent frequency fusion strategies within WCA, i.e., additive
fusion and our modulated fusion. Compared with additive

Image GT w/ Add Ours

Figure 7. Visual comparison of feature maps F2 in the wavelet do-
main: frequency-domain features with additive fusion and modu-
lation fusion.

fusion, the adaptive modulated fusion achieves better per-
formance, with averaged gains of 0.69% in terms of Fw

β . It
can be seen from Fig.7 that the modulated fusion can focus
more on defect regions and suppress background noise.

Effect of interaction modes within PCA. Table 3 (c)
shows the effect of the multi-scale relationship between
queries and prototypes within PCA for performance. The
combinations of global and local relationships achieve bet-
ter performance than single-scale relationships. This in-
dicates that global and local relationships are both impor-
tant and integrating these relationships can better update the
query.

5. Conclusion

In this paper, we propose a Wavelet and Prototype Aug-
mented Query-based Transformer (WPFormer) for surface
defect detection. The proposed method enables the inter-
action between queries and features in both frequency and
spatial domains. In the wavelet domain, WCA enables
queries to aggregate refined frequency components, which
enhances their sensitivity to weak defect details. In the
spatial domain, PCA enriches the representation of queries
through dynamic prototypes from image features. These
prototypes adaptively guide the queries to focus on crucial
defect regions, facilitating more accurate segmentation of
defect areas. Extensive experiments on three defect de-
tection datasets (i.e., ESDIs-SOD, CrackSeg9k, and ZJU-
Leaper) demonstrate that the proposed method achieves
state-of-the-art performance in defect detection.
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