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Abstract

Aero-engine defects often exhibit micro-scale and high-frequency characteristics under
complex metallic textures, which makes precise segmentation difficult. Most existing pixel-
level methods rely on spatial-domain modeling and lack frequency-domain decoupling.
As a result, high-frequency details are easily hidden by low-frequency background infor-
mation. In addition, repeated downsampling weakens the representation of fine-grained
structures, leading to inaccurate boundary localization and limited robustness. To address
these issues, a spectrum-driven hierarchical learning network is proposed for aero-engine
defect segmentation. First, a dual-band spectral module is constructed using the discrete
cosine transform to separate high-frequency and low-frequency components, providing
stable and physically meaningful frequency-domain priors for the network. Second, a
detail-guided module is designed where high-frequency features adaptively guide skip
connections, compensating information loss during encoding and improving boundary
recovery. Furthermore, a low-frequency-driven region-aware modeling module is devel-
oped. The internal defect regions, boundary areas, and background regions are modeled
hierarchically. A dynamic hyper-kernel generation mechanism performs region-sensitive
convolutional modeling, improving adaptation to complex structural variations. Extensive
experiments on the Turbo19 and NEU-Seg datasets demonstrate that the proposed method
produces accurate defect boundaries and achieves mloU scores of 89.82% and 91.44%,
improving over the second-best method by 5.22% and 4.42%, respectively.

Keywords: aero-engine inspection; defect segmentation; dynamic convolution; region-
aware modeling

1. Introduction

Aero-engines are the core components and power source of aircraft, and their operating
condition is directly related to flight safety and maintenance reliability. During operation,
engine components are exposed to high-temperature, high-pressure, and high-speed condi-
tions for long periods, which can easily lead to surface defects such as cracks, scratches,
and tearing. Therefore, timely inspection of aero-engines is essential for maintaining the
normal operation of both the engine and the aircraft. Endoscopy has become an important
tool for identifying potential defects inside the complex structures of aero-engines.

With the development of deep learning, defect segmentation methods have been suc-
cessfully applied in various industrial scenarios and have gradually been introduced into
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endoscopic inspection tasks. Many mature studies have been reported in this field [1-4].
Nevertheless, in real aero-engine inspection scenarios, complex metallic texture back-
grounds, micro-scale defect targets, and ambiguous boundaries still make it difficult for
existing methods to achieve satisfactory background suppression, detail recovery, and
stable feature representation [5,6].

At present, because industrial defects often show large scale variations and ambiguous
boundaries, most studies focus on two directions: multi-scale feature fusion and boundary-
enhanced feature learning. Multi-scale feature fusion improves the model’s ability to
represent and detect defects of different sizes by integrating feature information from
different levels or receptive fields [7-9]. Boundary-enhanced feature learning improves
the localization accuracy and segmentation quality of defect edges by strengthening the
feature response and discrimination ability around defect contours [10,11].

Although the above methods improve the model’s ability to perceive targets at dif-
ferent scales to some extent, most of them still rely mainly on spatial-domain information
and make limited use of frequency-domain features. Frequency-domain representation
can effectively separate detailed information from global structural information in images,
which is important for distinguishing defects from the background. At the same time,
existing methods usually assume that the feature distribution across image regions is rela-
tively uniform. They lack the ability to model the significant differences among different
regions. As a result, it is difficult to adapt to the complex structural variations among defect
interiors, boundaries, and background areas.

However, the existing methods still suffer from the following problems:

1. Inaero-engine defect detection, defects often appear as high-frequency details and are
easily disturbed by complex low-frequency backgrounds. However, existing methods
do not explicitly decouple high-frequency and low-frequency information. As a result,
the model is easily dominated by the main frequency components, and small defects
cannot be represented in a stable way [5,12].

2. Aero-engine defects usually have small sizes, elongated shapes, and ambiguous bound-
aries. During the multiple downsampling operations in the encoder, high-frequency
detail information (such as crack edges and the contours of small scratches) can be
easily weakened or lost. As a result, the decoder has limited ability to describe defect
boundaries and small defects [13,14].

3. The interior of defects, boundary regions, and background areas show significant
differences in appearance, texture, and structure. Traditional segmentation networks
usually apply unified parameters for modeling. Therefore, it is difficult to achieve
both accurate defect localization and effective background suppression. In particular,
false detections are likely to occur under complex metallic texture backgrounds [9,15].

To address these issues, a novel hierarchical learning model is introduced for aero-
engine defect segmentation. It consists of three key modules: a dual-band spectral module,
a detail-guided module, and a region-aware modeling module. First, the dual-band spec-
tral module maps the input image into the frequency domain through the discrete cosine
transform, and the high-frequency and low-frequency components are explicitly separated.
The high-frequency component mainly contains the edge and texture information of de-
fects, while the low-frequency component reflects the global structure and background
information of the image. Second, the detail-guided module uses high-frequency spectral
features to generate guidance parameters. These parameters are used to adaptively guide
the skip connection features produced by the encoder. In this way, the representation of
defect-related details is strengthened, and fine structures are gradually recovered during
the decoding process. Finally, the region-aware modeling module takes the low-frequency
features as input. Region-level masks are generated, and region-sensitive branches are
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constructed to perform hierarchical modeling of the defect interior, boundary regions, and
background areas. At the same time, a low-frequency-driven hyper-kernel generation
mechanism dynamically provides region-sensitive convolution kernels for each decoding
stage. This design allows the network to perform adaptive feature extraction according to
the structural characteristics of different regions, thereby improving the model’s ability to
handle complex appearance variations and different operating conditions.

The main contributions of this paper are summarized as follows:

1. A dual-band spectral module is designed. The defect image is mapped into the fre-
quency domain through the discrete cosine transform, and the frequency information
is explicitly separated into high-frequency and low-frequency components. In this way,
frequency-domain feature decoupling is achieved, and more discriminative frequency-
domain feature representations are provided for the subsequent network [16,17].

2. A detail-guided module is designed. Through skip connections, the spatial-domain
feature maps are enhanced, and the information loss that is usually caused by down-
sampling is reduced [18,19].

3. Aregion-aware modeling module is designed. The global structural stability contained
in the low-frequency components is used as the basis for region modeling. The
network is guided to adopt different modeling strategies for different regions, which
significantly improves the localization accuracy and structural consistency of aero-
engine defect detection in complex scenarios [20,21].

The rest of this paper is organized as follows. Section 2 describes the related work.
Section 3 presents and details the proposed method. Section 4 reports and discusses
the experimental results on two datasets to demonstrate the superiority of the proposed
method. Finally, Section 5 provides the overall conclusions.

2. Related Work

This section reviews related studies from two aspects, namely aero-engine visual
inspection and pixel-level defect segmentation, and analyzes their relevance and limitations
for the task considered in this work.

2.1. Aero-Engine Visual Inspection

Advances in computer vision have promoted the transition from traditional visual
inspection methods to deep learning-based aero-engine inspection techniques. Yang
et al. [22] proposed a novel non-destructive defect detection network, NDD-Net, to build
an end-to-end defect segmentation framework. The representation ability for micro-
defects was enhanced through attention-based feature fusion and residual dense modeling.
Tsai et al. [23] introduced a two-stage deep learning method that does not require manual
annotation. Defect pixels were automatically synthesized and labeled using CycleGAN.
The generated samples were then used to train U-Net to achieve pixel-level defect de-
tection on textured surfaces. Xu et al. [24] proposed a defect detection system based on
semantic segmentation. An end-to-end semantic segmentation network, Feature Pyramid
Network—ResNet-34, was developed for defect detection, and experiments showed that
the architecture is effective for defect feature extraction and fusion. Yang et al. [25] pro-
posed an improved edge-guided and channel-enhanced network based on the Transformer
architecture. Global edge information from Segment Anything Model was used to guide
learning, while a channel shuffle module improved feature capture ability. Song et al. [26]
designed a new feature extraction module based on Deformable Convolutional Networks.
A deformable convolution structure was used to extract features from blades with different
shapes. A channel attention module was also introduced so that the network could focus on
surface anomalies. Utomo et al. [27] introduced R2U-Net, which systematically integrates
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residual connections to enhance gradient propagation. Recursive convolution units were
used to refine contextual information for aero-engine blade defect detection. Liu et al. [28]
proposed an improved detection algorithm based on YOLOv11. Context-guided large-
kernel attention and a rotated detection head were introduced. Through dual structural
optimization, both detection efficiency and accuracy were improved. Wang et al. [29]
proposed a defect detection method for impeller blades based on three-dimensional point
clouds. Computational complexity was reduced through point cloud segmentation and
voxel downsampling. Multi-level local features such as normal vectors and Fast Point
Feature Histogram were fused, and accurate recognition of scratch defects on complex
impeller blades was achieved using Fuzzy C-Means Clustering. Although these methods
have achieved considerable success, the variation in the shapes of segmentation targets
limits their direct application to our task.

2.2. Pixel-Level Defect Segmentation

Pixel-level defect segmentation refers to the classification of each pixel in an image so
that defect regions can be precisely distinguished from background regions and their con-
tours can be accurately described. Yang et al. [30] proposed an end-to-end pixel-level defect
segmentation network based on an encoder—decoder architecture. A residual attention back-
bone was used to enhance the feature representation of target regions, and a bidirectional
ConvLSTM module was introduced to optimize skip connections and learn long-range
spatial context. Zuo et al. [31] proposed a pixel-level defect segmentation network that
integrates multi-scale features, global mapping, and attention mechanisms to improve
the detection and segmentation of defects with different sizes. Qi et al. [32] proposed a
one-click interactive defect segmentation method. User clicks were encoded as superpixel-
guided Gaussian heat maps and embedded into the network for modeling. Combined
with a customized backbone network and a Bayesian optimization refinement strategy,
efficient and accurate segmentation of complex defects was achieved. Meng et al. [33]
proposed a pixel-level defect detection method based on Mask R-CNN. Attention-based
feature fusion and an improved classifier head were introduced to effectively suppress
background interference and improve defect segmentation accuracy. Qi et al. [34] intro-
duced an innovative semi-supervised defect segmentation method. In this framework,
three parallel self-supervised mechanisms were integrated with a semi-supervised learning
framework to improve defect semantic segmentation using limited labeled samples. Zhang
et al. [35] proposed an adaptive feature refinement network based on U-Net. A pretrained
EfficientNet-B0O was used as the encoder, and an AFR module was introduced to enhance
channel and spatial feature modeling, enabling fine pixel-level segmentation of surface
defects. Ma et al. [36] proposed a semantic prior-guided defect-aware network. Through
collaborative modeling of semantic prior mining, defect-enhanced perception, and global
information extraction modules, precise perception and efficient detection of small defects
under complex backgrounds were achieved. Sun et al. [37] proposed a pixel-level tire
defect detection method based on a lightweight Transformer. A dual-path encoder and a
multi-scale spatial cross-transformer decoder were used to model both local and global
pixel dependencies. Although these methods have achieved considerable success, existing
pixel-level defect segmentation approaches still show limitations in frequency-domain
feature decoupling and in preserving fine details that are often lost during downsampling.

3. Materials

This section introduces the materials used in this study, including the aero-engine endo-
scopic inspection system, the self-collected Turbo19 dataset, and the public NEU-Seg dataset.
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3.1. Aero-Engine Endoscopic Inspection System

The images in the Turbo19 dataset used in this study were collected during real aero-
engine inspection using an NTS500 industrial endoscope. This device can access complex
internal regions of the aero-engine and acquire close-range images of key components,
such as the high-pressure multi-stage compressor, thereby providing visual information for
potential defect analysis.

Compared with common industrial surface images, aero-engine endoscopic images
usually present more complex visual characteristics. On the one hand, metallic surfaces
often contain complex textures, strong reflections, and illumination variations, which can
introduce significant background interference. On the other hand, defect targets are usually
small, slender, and ambiguous in boundary, and they often show low contrast against
the surrounding background. These factors jointly increase the difficulty of precise defect
segmentation and make this task more challenging in practical applications. Figure 1
illustrates the aero-engine endoscopic inspection process. Through this inspection system,
complex internal regions of the engine can be observed in a non-destructive manner,
providing image support for subsequent defect recognition and segmentation.

Figure 1. Schematic illustration of aero-engine endoscopic inspection.

3.2. Turbo19 Dataset

The Turbo19 dataset was carefully curated for our evaluation. It contains 5896 defect
samples collected from aero-engines. All samples were collected during detailed inspections
of the high-pressure multi-rotor compressor inside aero-engines (see Figure 2). The Turbo19
dataset was annotated in a pixel-wise manner. First, each image was manually labeled
by two annotators with research experience in industrial image analysis. The annotations
focused on defect contours and fine structural details. After the initial labeling stage,
all samples were cross-checked, and inconsistent cases were reviewed jointly. A senior
researcher with domain knowledge in aero-engine inspection performed the final quality
control and resolved ambiguous cases. Images in the Free category were additionally
verified to contain no visible defects under the adopted inspection criterion. The dataset
includes the following defect categories:

1. Curl: This defect is characterized by distorted contours. It is usually caused by
aerodynamic forces during high-speed rotation or by material brittleness.

2. Dent: This defect appears as a surface pit and is usually caused by foreign objects,
such as small stones, during engine operation.

3. Scratch: This defect is characterized by linear marks. It is typically produced by
contact with abrasive materials during engine operation.
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4. Tearing: This defect appears as a torn surface on the material. It is usually caused by
local stress concentration or external impact.

5. Free: This category contains images without visible defects and provides a reference
baseline for comparison in this study.

Figure 2. Visual examples from the Turbo19 dataset.

3.3. NEU-Seg Dataset

To further evaluate the segmentation capability of the proposed method under differ-
ent industrial surface defect scenarios, experiments were also conducted on the NEU-Seg
dataset. NEU-Seg is a widely used public dataset for industrial surface defect segmentation,
containing 1800 hot-rolled steel strip surface defect images with corresponding pixel-level
segmentation annotations. The dataset covers six typical types of steel surface defects,
including rolled-in scale (RS), patches (Pa), cracks (Cr), pitted surface (PS), inclusions (In),
and scratches (Sc). The images in the dataset exhibit large variations in defect morphology,
scale, texture complexity, and background interference, which effectively reflect the com-
plexity of real industrial inspection environments. In our experimental setup, the dataset
was divided into a training set and a testing set with a ratio of 70% and 30%, respectively.
The preprocessing pipeline for all images was kept consistent with that used for the Turbo19
dataset (Table 1) to ensure fairness and comparability of the experiments.

Table 1. Detailed statistics of the Turbo19 dataset.

Categories Images Percentage Training Testing
Curl 853 14.47% 597 256
Dent 1428 24.22% 1000 428

Scratch 1086 18.42% 760 326
Tearing 576 9.77% 403 173
Free 1953 33.12% 1367 586
Total 5896 100% 4127 1769

4. Proposed Method

This section presents the proposed spectrum-driven hierarchical learning network.
First, the overall framework is introduced. Then, the dual-band spectral module, the detail-
guided module, the region-aware modeling module, and the loss function are described
in detail.
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4.1. Quverview

A spectrum-driven hierarchical learning network is proposed for aero-engine defect
segmentation. The goal is to achieve precise localization and segmentation of small defects
in complex industrial environments. The proposed framework fully exploits frequency-
domain information and regional structural differences. In this way, differentiated modeling
is performed for defect interior regions, boundary regions, and background areas.

As shown in Figure 3, the overall pipeline first performs frequency-domain analysis
on the input image. The original image is transformed into two complementary branches:
a high-frequency branch and a low-frequency branch. These branches are used to represent
detail information and global structural information, respectively. Next, the high-frequency
features are integrated into the skip connections of the network through a detail-guided
mechanism. This process compensates for the loss of fine-grained information caused
by repeated downsampling in the encoding stage. At the same time, the low-frequency
features are used to drive the region-aware modeling module. In the decoding stage, region-
sensitive dynamic convolution kernels are generated to adapt to structural differences
among different regions. The overall framework balances segmentation accuracy and
model stability, and provides an effective solution for defect detection in aero-engine
endoscopic images.
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Figure 3. Overview of the proposed framework. The framework consists of three modules: a
Dual-Band Spectral Module, a Detail-Guided Module, and a Region-Aware Modeling Module. The
spectral module separates the input into high- and low-frequency features. High-frequency features
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guide skip connections to recover fine details, while low-frequency features generate region-sensitive
hyper-kernels for hierarchical modeling of defect interior, boundary, and background regions.

4.2. Dual-Band Spectral Module

In aero-engine defect detection tasks, surface defects (such as cracks, scratches, and
local structural abnormalities) usually contain stronger high-frequency spectral features.
These defects often appear as high-frequency components in the frequency domain, while
the background regions are mainly concentrated in the low-frequency part. To effectively
distinguish defects from the background, a dual-band spectral module is proposed in this
study. This module explicitly separates the frequency-domain information of the image
into two complementary parts: high-frequency and low-frequency components. In this
way, the defect regions and background regions can be modeled separately.
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The image is transformed into different frequency bands through the discrete cosine
transform (DCT), which allows the image to be represented efficiently in a compact form.
To preserve local information in the transformed spectrum, the transform is not applied to
the entire image directly. Instead, the image is first divided into blocks, and the spectral
transform is then computed independently within each block. Given an input image
XGray € RI>HXW “the image is first divided into non-overlapping blocks with a size of
8 x 8 pixels. After that, the discrete cosine transform (DCT) is applied to each 8 x 8 block to
generate the corresponding spectrum. In the spectrum of each 8 x 8 block, the 64 coefficients
correspond to 64 specific frequency components. To facilitate the subsequent filtering
process, it is necessary to separate the different frequency components and group the same
frequency components within each block. Therefore, the spectrum is reshaped. Specifically,
the corresponding elements at the same position across all blocks (i.e., the same frequency
component) are extracted and aggregated into one channel. In this way, a new spectral map

RO+ HxW jg obtained, which has 64 times the number of channels of the original

Xpcr €
spectrum while maintaining the same spatial resolution.

Each channel contains a specific frequency component. Therefore, filtering can be
performed by selecting appropriate channels, which makes it easy to separate the frequency
components represented by this tensor. In the generated spectral image, each channel
corresponds to an independent frequency component. Frequency decomposition can thus
be achieved through channel filtering operations. The corresponding formulations are

shown in Equations (1)—(3):

My +M; =1, 1)
Sy = My © xpcT, ()
S = Mp ® xpcT- 3)

Here, ® denotes the Hadamard product. My and M|, represent the high-frequency mask
and the low-frequency mask, respectively. Sy and S; denote the high-frequency spectral
features and the low-frequency spectral features, respectively.

In this module, the high-frequency spectral features are used in the subsequent net-
work processing to enhance the detailed characteristics of defects, especially for the predic-
tion of boundaries and textures. In contrast, the low-frequency spectral features help the
network maintain consistent modeling of background regions and suppress background
interference. Through this frequency-domain decoupling strategy, the network can better
handle different types of surface defects, thereby improving detection performance.

4.3. Detail-Guided Module

During the multiple downsampling operations in the encoding stage, the high-
frequency details described above can be weakened or lost. As a result, the decoder
may not sufficiently describe defect boundaries and small defects. To address this problem,
a detail-guided module is designed to introduce high-frequency spectral information into
the skip connections and perform adaptive detail compensation for spatial features.

The detail-guided module follows a frequency-domain guidance strategy. The high-
frequency spectral features extracted by the dual-band spectral modeling module are
used as conditional information to generate guidance parameters. These parameters are
then applied to the spatial feature representations in the skip connections. In this way,
the model can selectively enhance defect-related details while preserving the original
feature structure, thereby improving the representation ability of the segmentation results
in boundary regions and small defect areas.

Let Fyp € RE*HXW denote the spatial-domain skip connection feature map from the
encoder, whose resolution is consistent with that of the corresponding decoder layer. First,
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the high-frequency spectral features are mapped through a lightweight transformation to
generate channel-level feature guidance parameters, as shown in Equations (4) and (5):

Y :g’Y(SH)/ (4)

B =gp(Sn), (5)

where g, (-) and gg(-) denote parameter generation functions implemented by 1 x 1 convo-
lution or equivalent linear mappings, and 7, B € RC*1*1. To ensure training stability and
emphasize detail compensation, a residual-guided formulation is adopted to recalibrate
the skip connection features, as shown in Equation (6):

Fout :Fskip®(1+7)+‘8/ (6)

where ©® denotes the Hadamard product. This formulation preserves the original spatial
feature representation while introducing adaptive adjustments guided by high-frequency
spectral information. Consequently, the fine-grained defect details and boundary structures
are effectively enhanced.

The detail-guided module is embedded in the skip connections between the encoder
and the decoder. For each decoder block, the skip connection features at the corresponding
scale are first processed by the detail-guided module to perform high-frequency-guided
detail enhancement. The resulting feature Fout is then fused with the current decoder
features and used as the input to that decoder block. In this way, high-frequency detail
information can be progressively propagated during the decoding process and can cooper-
ate with low-level semantic information, thereby improving the segmentation accuracy in
defect boundary regions and small-scale structural areas.

By introducing a high-frequency-guided feature mechanism into the skip connections,
the loss of detailed information caused by downsampling in the encoding stage can be
effectively compensated. Compared with traditional attention mechanisms, this module
does not rely on complex explicit weighting structures. Instead, adaptive recalibration
of spatial features is achieved through a guidance strategy driven by frequency-domain
priors. As a result, the model remains lightweight while its ability to model fine-grained
structures and boundary information in industrial defect segmentation tasks is enhanced.

4.4. Region-Aware Modeling Module

A low-frequency-driven region-aware modeling module is proposed to replace the
standard weight-sharing convolution in the decoder. This design improves the model’s
ability to adapt to appearance variations and operating condition changes on industrial
surfaces. As shown in Figure 4, the module consists of two parts: dynamic region-aware
modeling and low-frequency-driven hyper-kernel generation. First, under the guidance
of hierarchical supervision, the dynamic region-aware modeling module learns adaptive
region-level masks that represent the defect interior region, defect boundary region, and
background region. These region-level masks are used to construct independent region-
aware branches. In this way, the feature representations of different regions are modeled
hierarchically. At each decoder stage, the structural characteristics of different regions
are explicitly described, which enables region-aware feature modeling. Second, to better
adapt to appearance variations caused by different industrial surface textures and imaging
conditions, the low-frequency spectral features from the input image and the last encoder
layer are utilized. A low-frequency-driven hyper-kernel generation module is designed
to produce a set of region-sensitive hyper-kernels. These hyper-kernels are dynamically
mapped at each decoder stage and are used to refine the hierarchical feature representa-
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tions in the region-aware branches. As a result, adaptive modeling of regional structural
consistency and contextual relationships can be achieved.

Defect Interior

Defect Boundary

Feature Map

Background

Convolution

Dynamic Region-Aware
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1
1
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|
|
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I
I
1
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Figure 4. Illustration of the region-aware modeling module.

4.4.1. Dynamic Region-Aware Modeling

To achieve region-level feature modeling, the dynamic region-aware modeling module
uses region-level masks to divide the feature representation into three regions with different
structural properties: the defect interior region, the defect boundary region, and the
background region. According to the structural characteristics of these regions, region-
sensitive hyper-convolution kernels are applied to model the features of each region
separately. In this way, the structural differences among regions can be explicitly described
during the decoding stage.

The input feature map of the dynamic region-aware modeling module is denoted as
F;. First, region-level masks M; (j = 1,2,3) are generated from the feature map F;. Then,
F; is multiplied with M; to obtain three regions within F;: the defect interior region, the
defect boundary region, and the background region, which are denoted as R; (j = 1,2,3).
Finally, each R; is convolved with the region-sensitive hyper-kernel H; (j = 1,2,3), which
is generated by the low-frequency-driven hyper-kernel generation module, to produce the
final output F,. The formulations are shown in Equations (7)—(9):

M; = Softmax(Conv(F;)), j=1,2,3, (7)
Ri=FoM, j=123, 8)
F, = concat(Conv(Ry; Hy), Conv(Ry; Hy), Conv(R3; H3)). 9)

To supervise the above region prediction, region-level ground truth masks are further
constructed from the original binary defect annotation G. First, distance transform maps
of the defect region and the background region are computed, which are denoted as Dj,
and Dy, respectively. Here, D;, represents the distance from an interior defect pixel to the
nearest boundary, while D,,,; represents the distance from a background pixel to the defect
boundary. Let

dmax = max(D;,). (10)

The inner boundary region and the outer boundary region of the defect are defined by
Equations (11) and (12), respectively:

M, =1(0 < Djy, < admax), (11)
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Mgut =1(0 < Dout < admax), (12)

where « denotes the boundary ratio coefficient and is used to control the width of the
boundary region, and I(-) denotes the indicator function [38,39]. Furthermore, to preserve
the continuity of the defect contour, a contour consistency term M, is introduced. The final
defect boundary region is defined by Equation (13):

t
M, = ME, UMD, U M. (13)

On this basis, the defect interior region and the background region are defined by
Equations (14) and (15), respectively:

t
M$ =1(D;, > 0) — M?, (14)
M§, = 1(Dout > 0) — M. (15)

In this way, the region-level supervision labels consist of three parts, namely the
defect boundary region, the defect interior region, and the background region. The three
region masks are concatenated in order to match the network output, and they are jointly
used for the computation of the region-level supervision loss. This design allows the
boundary width to adapt to the target scale, thereby enabling more stable modeling of the
structural differences among the defect interior, the boundary transition region, and the
background region.

4.4.2. Low-Frequency-Driven Hyper-Kernel Generation

The spectrum-based hyper-kernel generator produces a set of hyper-kernels for all
decoder layers. The input consists of the low-frequency components of the image and the
output from the final stage of the encoder. A linear projection obtained from the debiased
frequency decomposition of the low-frequency features is treated as the query (Q), which
helps reduce the influence of sample divergence. The number of queries is set to be the
same as the number of hierarchical regions. In contrast, the key (K) and value (V) in the
Transformer are generated from the low-level feature map Fp in the encoder. This feature
map is processed through positional encoding (PE) and projection to provide global spatial-
domain information and spatial positional information. Since the hierarchical partition
contains three semantic regions, namely the defect interior region, the defect boundary
region, and the background region, three learnable region queries are constructed, one for
each region. Each query corresponds to one region prototype and is used to generate the
convolution kernel for that specific region. The output of the Transformer is then passed
through a fully connected layer to adjust it to the required convolution kernel dimension,
as shown in Equation (16):

H = FC(Transformer(Q, K, V)). (16)

The Transformer outputs three region-specific latent embeddings, which are further
projected into three region-sensitive hyper-kernels, denoted as Hj, Hy, and H3. These
three kernels correspond to the defect interior region, the defect boundary region, and
the background region, respectively. Because the decoder contains multiple stages, the
generated hyper-kernel tensor is further parsed according to both the decoder stage and the
region category. Specifically, for the s-th decoder stage, one kernel triplet {Hfs), Hés), Hés)}
is assigned, where the three kernels are used for the defect interior region, the defect
boundary region, and the background region, respectively. These kernels are then applied
to convolve the corresponding region features {R§S>,R§S),R§s)} in the dynamic region-
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aware modeling module. In this way, the kernel assignment is both region-specific and
stage-dependent, enabling the decoder to perform adaptive convolutional modeling for
different regions at different feature scales.

In this way, each decoder stage can use region-sensitive kernels that are better matched
to the current feature scale and regional structure, thereby improving adaptive modeling of
defect interiors, boundary transitions, and background regions.

Its key architectural innovation lies in a low-frequency-driven, hierarchically super-
vised, and stage-dependent hyper-kernel generation mechanism. The proposed mod-
ule uses low-frequency spectral priors and encoder features to generate region-sensitive
hyper-kernels, while explicitly learning and supervising defect interior, boundary, and
background regions. The generated kernels are further assigned in a region-specific and
decoder-stage-dependent manner, enabling frequency-guided hierarchical region-aware
hyper-convolution.

4.5. Loss Function

The final loss function Ly, consists of two parts: the segmentation supervision loss
Lseg and the region-level mask loss Lp,sk- These two losses jointly optimize the network
from both the pixel level and the region level. The formulation is shown in Equation (17):

Ltotal = Lseg + )\Lmask- (17)

(a) Loss for segmentation results: The segmentation loss consists of the Focal loss and
the intersection-over-union (IoU) loss. These two losses measure the pixel-level and region-
level differences between the predicted segmentation result Y and the ground truth GT.
They guide the network to learn a more accurate representation of the target regions. This
loss improves the model’s ability to localize targets under complex backgrounds, enhances
the representation of boundary details, and improves the overall structural consistency
and stability of the segmentation results. The segmentation loss is defined as follows
(Equation (18)):

Lseg = LFocal(yf GT) + LIOU(Y/ GT)' (18)

(b) Loss for region-level masks: The region-level mask loss is defined as the mean
squared error (MSE) loss. It is used to constrain the consistency between the predicted
region masks and the ground truth region masks in terms of their continuous distributions.
This loss guides the network to learn the spatial structural relationships among the defect
interior region, the boundary transition region, and the background region, thereby im-
proving the representation consistency within each region. The loss function is defined as
follows (Equation (19)):

Linask = Lmsk (MaSkseg/ Maskgr). (19)

In summary, the combination of the segmentation supervision loss and the region-level
mask loss forms a unified and effective optimization objective. Each component plays a
specific role in guiding the model toward its corresponding learning goal. By properly
setting the balancing parameter, the model can optimize both segmentation accuracy and
region—structure representation during training.The overall procedure of the proposed
method, namely the Spectrum-Driven Hierarchical Learning Network (Algorithm 1), is
described as follows.
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Algorithm 1: Spectrum-Driven Hierarchical Learning Network

Input: Input image x
Initialize: Generate spectral map xpcr from x.
Step 1: Dual-Band Spectral Decomposition

e Apply DCT to the input image x;
*  Decompose xpcr into high-frequency features Sy and low-frequency features S; .
Step 2: Encoder Feature Extraction

e Feed the input image x into the encoder;
e Extract multi-scale encoder features.

Step 3: Detail-Guided Feature Enhancement

*  Use high-frequency features Sy to guide skip features Fyp;
¢ Enhance fine defect details in the skip connections.

Step 4: Region-Aware Kernel Generation

e Use low-frequency features Sy to generate region-sensitive kernels { Hy, Hp, H3 };
e Assign the kernels to defect interior, defect boundary, and background regions.

Step 5: Hierarchical Region Modeling and Decoding

*  Perform hierarchical modeling for defect interior, boundary, and background;
*  Decode the features with the generated region-sensitive kernels;
¢  Obtain the segmentation result Y.

Output: Final segmentation map Y

5. Experiments and Results Analysis

This section introduces the experimental settings and evaluation metrics, and then
reports comparison results, ablation studies, and further discussions to comprehensively
validate the effectiveness of the proposed method.

5.1. Experimental Setup
5.1.1. Experimental Details

Implementation Details: All experiments were implemented in PyTorch 2.8.0 and
conducted on an NVIDIA RTX 3080 Ti GPU. The images from the datasets were normalized
and resized to 352 x 352 pixels. A batch size of 8 was used to facilitate stable learning. An
adaptive learning rate strategy was adopted. The initial learning rate was set to 1 x 1074,
and it was reduced by a factor of 10 at the 50th epoch. The model was trained for 100 epochs.
To ensure the reliability of the experimental results, each experiment was repeated five times
with different random seeds, and the average performance of each method was reported.

5.1.2. Evaluation Metrics

To evaluate the performance of the model, five commonly used semantic segmentation
metrics are adopted: mean Intersection over Union (mloU), mean Pixel Accuracy (mPA),
Precision, Recall, and F1-score. The definitions of these metrics are given as follows:

1 & TP.
mloU = — ,
C C; TP. + FP. + FN,

(20)
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where C denotes the number of categories, TP, represents the number of true positive
pixels, FP. denotes the number of false positive pixels, and FN, denotes the number of
false negative pixels.

1 TP,
PA = — _— 21
meEC C;l TP + FN, @b
where TP, and FN; are defined as above.
TP
PreCiSiOn = m, (22)

where TP denotes the number of true positive predictions and FP denotes the number of

false positive predictions.

TP
Recall = TP L EN’ (23)

where TP and FN are defined as above.

2 x Precision X Recall

F1 (24)

Precision + Recall

where Precision and Recall are defined as above.

5.2. Comparison Methods and Fairness

The comparison experiments include seven segmentation methods, which are divided
into three categories to enable a comprehensive evaluation. (1) Classical architectures:
U-Net [40] and HarDNet-MSEG [41]. (2) CNN-Transformer architecture: Polyp-PVT [42].
(3) Boundary-aware architectures: PraNet [43], SANet [44], CFA-Net [45], and CCLD-
Net [46]. In the experiments, all comparison methods were implemented using their
default or officially recommended parameter settings, without additional hyper-parameter
tuning. Moreover, all methods were trained under the same basic experimental proto-
col, including image normalization and resizing to 352 x 352 pixels, a batch size of 8, an
initial learning rate of 1 x 107#, and 100 training epochs, in order to ensure a fair and
unbiased comparison.

5.3. Results and Comparison
5.3.1. Qualitative Analysis

To comprehensively evaluate the effectiveness of the proposed method, both quantita-
tive metrics and visualization results are analyzed. First, the visualization results on the
Turbo19 and NEU-Seg datasets (see Figures 5 and 6) show that different methods exhibit
clear differences in defect boundary representation, detail recovery, and suppression of
complex backgrounds. HarDNet-MSEG produces relatively stable segmentation results
overall, but over-smoothing appears in slender cracks and boundary transition regions.
U-Net lacks multi-scale and frequency-domain modeling ability, which leads to missed de-
tections and false detections under complex metallic texture backgrounds. Polyp-PVT has
strong global modeling capability, but its ability to recover local details is limited. CCLDNet
performs well on large-scale defects, yet mis-segmentation occurs in complex background
regions. PraNet shows strong boundary awareness, but the structural consistency within
regions is insufficient. SANet significantly enhances boundary representation, but breaks
often occur in very small and slender defects. CFA-Net shows weak robustness for low-
contrast defects and presents obvious missed detections. In contrast, the proposed method
produces segmentation results with clearer boundaries, more complete structures, and
stronger background suppression on both datasets. These results demonstrate a stronger
ability to represent small defects and a better adaptability to complex industrial scenarios.
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To provide a more intuitive comparison of local prediction details, additional colormap
visualizations of representative challenging regions were added, as shown in Figure 7.
These results more clearly reveal the differences among methods in boundary localization,
weak defect activation, and background suppression.
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Figure 5. Prediction results on the Turbo19 dataset. (a) Image. (b) Ground truth. (¢) Ours. (d) MSEG.
(e) U-Net. (f) Polyp-PVT. (g) CCLDNet. (h) PraNet. (i) SANet. (j) CFA-Net.
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Figure 6. Prediction results on the NEU-Seg Dataset. (a) Image. (b) Ground truth. (c) Ours. (d) MSEG.
(e) U-Net. (f) Polyp-PVT. (g) CCLDNet. (h) PraNet. (i) SANet. (j) CFA-Net.

5.3.2. Quantitative Discussion

Tables 2 and 3 report the quantitative results of the experiments, including the mean
and variance of five evaluation metrics over five independent trials. It can be observed that
the proposed method achieves the best mean performance across all metrics. For example,
on the Turbo19 dataset, the proposed method improves the mloU by 5.22% compared with
the second-best method and achieves a 3.84% higher mPA score. On the NEU-Seg dataset,
the proposed method improves the mloU by 4.42% compared with the second-best method
and obtains a 4.44% higher mPA score. In addition, the variance of each metric remains
within an acceptable range, indicating stable model performance. These results support
the effectiveness and stability of the proposed method in defect prediction. Moreover, the
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quantitative evidence is consistent with the qualitative observations and further confirms
the effectiveness of the proposed method for aero-engine defect detection tasks.

1
i

(@) (©) (d) (e)

Figure 7. Colormap visualizations on the NEU-Seg dataset. (a) Zoomed input image. (b) Ground

truth. (c) Ours. (d) MSEG. (e) PraNet. The colormap responses provide a more intuitive basis for
comparing boundary localization, defect activation, and suppression of background interference.

Table 2. Quantitative comparison with state-of-the-art methods on the Turbo19 dataset.

Turbo19 Dataset
Method mloU Std. mPA Std. Precision Std. Recall Std. F1-Score Std.
MSEG 74.65 0.004 81.61 0.001 84.41 0.014 85.58 0.006 84.13 0.004
U-Net 69.39 0.012 75.61 0.004 79.89 0.005 80.63 0.008 79.06 0.010
Polyp-PVT 75.52 0.006 83.78 0.002 84.07 0.010 88.24 0.008 86.10 0.004
CCLDNet 84.60 0.003 87.47 0.002 85.06 0.007 87.13 0.007 86.08 0.003
PraNet 75.55 0.009 82.95 0.006 87.34 0.001 84.10 0.012 86.72 0.006
SANet 75.21 0.004 84.29 0.004 84.89 0.003 86.83 0.008 85.85 0.003
CFA-Net 70.63 0.004 76.50 0.003 73.49 0.005 78.46 0.004 75.82 0.014
Proposed 89.82 0.001 95.13 0.003 85.81 0.004 90.47 0.005 88.08 0.001

Table 3. Quantitative comparison with state-of-the-art methods on the NEU-Seg dataset.

NEU-Seg Dataset

Method mloU Std. mPA Std. Precision Std. Recall Std. F1-Score Std.
MSEG 78.39 0.001 86.61 0.001 87.75 0.004 87.63 0.005 87.06 0.001
U-Net 69.60 0.015 74.63 0.012 81.75 0.004 83.86 0.001 80.20 0.011

Polyp-PVT 80.25 0.007 85.36 0.007 87.77 0.006 90.76 0.010 89.23 0.002
CCLDNet 87.02 0.001 92.06 0.004 87.31 0.003 88.57 0.003 88.84 0.001

PraNet 82.55 0.007 93.52 0.014 90.50 0.008 90.38 0.002 90.44 0.004
SANet 8222 0.012 92.44 0.008 90.22 0.007 89.26 0.009 90.24 0.005

CFA-Net 77.61 0.006 83.47 0.001 83.89 0.007 91.16 0.005 86.71 0.004

Proposed 91.44 0.001 96.88 0.003 91.77 0.002 92.93 0.006 92.34 0.001

5.4. Ablation Study

To verify the effectiveness of the dual-band spectral module (Module 1), detail-guided
module (Module 2), and region-aware modeling module (Module 3), as well as the relation-
ships among them, specific components were systematically removed from the proposed
method. Four ablation variants were constructed, denoted as Variant 1, Variant 2, Variant 3,
and Variant 4, as described below.

1. Variant 1: Obtained by removing only the dual-band spectral module from the pro-
posed method.

2. Variant 2: Obtained by removing only the detail-guided module from the proposed
method.
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3. Variant 3: Obtained by removing both the dual-band spectral module and the detail-
guided module from the proposed method.

4. Variant 4: Obtained by removing only the region-aware modeling module from the
proposed method.

To ensure fairness in the experiments, all ablation variants were tested under the same
experimental settings as the proposed method. The evaluations were conducted on both
the Turbo19 dataset and the NEU-Seg Dataset.

In Tables 4 and 5, the dual-band spectral module, the detail-guided module, and the
region-aware modeling module are removed separately to evaluate the contribution of each
component to the overall performance. On the Turbo19 dataset, when the dual-band spec-
tral module is removed (Variant 1), the mIoU decreases from 89.82% to 83.99%, indicating
that the frequency-domain decoupling of high-frequency and low-frequency information
plays a key role in improving segmentation accuracy. When the detail-guided module is re-
moved (Variant 2), the mIoU drops to 84.20%, demonstrating that the high-frequency detail
compensation mechanism is essential for recovering boundary information lost during the
downsampling process. When both the dual-band spectral module and the detail-guided
module are removed (Variant 3), the performance further decreases to 83.58%, suggesting
that frequency-domain modeling and detail guidance provide complementary benefits.
When the region-aware modeling module is removed (Variant 4), the mloU decreases to
82.64%, which represents the largest performance degradation. This result indicates that
hierarchical region modeling is crucial for suppressing complex backgrounds and preserv-
ing structural consistency. A similar trend can be observed on the NEU-Seg dataset. The
complete model achieves an mloU of 91.44%, which is significantly higher than all ablation
variants. These results verify the effectiveness of the three proposed modules under differ-
ent industrial defect scenarios. Overall, the ablation study demonstrates that the dual-band
spectral modeling improves the discriminative capability of feature representations, the
detail-guided mechanism enhances boundary recovery, and the region-aware modeling
module further strengthens regional structural consistency and background suppression.
The collaborative integration of these three modules enables the proposed framework to
achieve stable performance and significantly improved segmentation accuracy.

Table 4. Ablation analysis on the Turbo19 dataset.

Variant 1 Variant 2 Variant 3 Variant 4 Proposed
Module 1 X v X v v
Module 2 v X X v v
Module 3 v v v X v
mloU 83.99 84.20 83.58 82.64 89.82
mPA 85.99 86.27 85.54 84.60 95.13

Table 5. Ablation analysis on the NEU-Seg dataset.

Variant 1 Variant 2 Variant 3 Variant 4 Proposed
Modulel X v X v v
Module2 v X X v v
Module3 v v v X v
mloU 86.22 85.07 84.16 83.52 91.44
mPA 88.74 87.44 86.64 85.09 96.88

This is mainly because the designed modules play complementary and balanced roles
at different feature levels. At the same time, all experimental results are reported as the
average of three independent runs, and the performance variation is kept within a small
range, which further demonstrates the stability of the model.
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5.5. Further Discussion

Balance Coefficient: Since A is a method-specific balancing coefficient in the proposed
model, its effect was analyzed separately in this section rather than through additional tun-
ing of the comparison methods. To further analyze the influence of the balance coefficient
between the segmentation supervision loss and the region-level mask loss, the weighting
parameter A was systematically investigated. Specifically, A was varied from 1/8 to 8
with a scaling factor of 2 to evaluate the effect of different weighting strategies on model
performance. To better understand the influence of the balance coefficient, the variations
of Lseg and L,k during training were visualized. As shown in Figure 8, when A changes
within a relatively wide range, the fluctuations of key evaluation metrics, including mloU
and mPA, remain small and the overall performance stays stable.

0.90

0.88 -

mloU

0.87 -

0.86 -

0.85

1/8 1/4 12 1 2 4 8
Balance Coefficient

Figure 8. Impact of the loss function balancing coefficient.

This phenomenon indicates that the two loss terms maintain a cooperative relationship
during optimization. The segmentation loss mainly constrains pixel-level prediction accu-
racy and ensures accurate localization of defect regions. In contrast, the region-level mask
loss focuses on modeling the spatial relationships among the defect interior, boundary,
and background, thereby improving the structural consistency of the segmentation results.
When A is too small, the structural constraint provided by the region-level mask loss be-
comes weaker, which may lead to slightly coarse predictions in boundary transition regions.
Conversely, when A is too large, the model emphasizes regional consistency more strongly,
which may cause slight over-smoothing of fine-grained boundaries. Nevertheless, the
overall performance variation remains limited, demonstrating that the proposed network
is robust to changes in loss weights. This result further confirms that the region-aware
modeling objective and the segmentation supervision objective are complementary rather
than conflicting, ensuring stable training and reliable segmentation performance.

Boundary Region Size: To analyze the influence of the boundary region proportion in
the region-level masks on model performance, a group of experiments was conducted by
varying the boundary width while keeping all other training parameters unchanged. The
boundary ratios were set to 1/16,1/8,1/4,1/2, and 1, respectively. As shown in Figure 9,
the model performance shows a clear trend as the boundary ratio changes. When the ratio
increases from 1/16 to 1/4, the mloU gradually improves and reaches its highest value at
1/4. However, when the ratio is further increased to 1/2 and 1, the performance begins to
decline. When the ratio is small, the boundary region occupies only a limited proportion
of the overall region partition. As a result, its contribution to the training objective is
relatively small, and the boundary constraint may not be sufficiently exploited. As the ratio
increases moderately, the boundary region participates more actively in the optimization
process, which helps improve the overall segmentation accuracy. However, when the ratio
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becomes too large, the boundary region occupies a greater number of pixels. This may
reduce the discriminative space between the defect interior region and the background
region, weakening the differences among regions and consequently affecting the overall
model performance.

0.90
0.89 |-

088

mloU

0.87 |

1/16 18 1/4 172 1

Figure 9. Impact of the boundary region proportion.

DCT Block Size Analysis: To evaluate the influence of the DCT block size on seg-
mentation performance, three settings, including 4 x 4, 8 x 8, and 16 x 16, were further
compared. As illustrated in Figure 10, the 8 x 8 configuration achieved the best overall
performance on both the Turbo19 and NEU-Seg datasets. Specifically, the mloU reached
89.82% on Turbo19 and 91.44% on NEU-Seg, which was higher than those obtained with
4 x 4 and 16 x 16 blocks. This result suggests that 8 x 8 provides a more suitable trade-off
between local spatial sensitivity and frequency representation capability. A smaller block
size such as 4 x 4 preserves local information, but its frequency resolution is limited. In
contrast, a larger block size such as 16 x 16 provides coarser local spectral modeling, which
may weaken the representation of small defects under complex backgrounds. Therefore,
the 8 x 8 block size was selected in our method.

[ ] Tubro19
92 [ INEU-Seg

90

mloU

86

4x4 88 16x16
Figure 10. Effect of DCT block size.

6. Conclusions

In this study, a spectrum-driven hierarchical learning framework is proposed. The
method explicitly introduces frequency-domain information and combines it with regional
structural modeling to achieve stable representation and precise localization of small defects.
In the proposed framework, a dual-band spectral module is first designed. The discrete
cosine transform is used to decompose the image spectrum, and the image features are
explicitly separated into high-frequency detail information and low-frequency structural
information. In this way, physically meaningful frequency-domain priors are provided
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for the network. Next, the high-frequency spectral information is introduced into the skip
connections through a detail-guided module. This module adaptively compensates for
the fine-grained information lost during downsampling in the encoding stage, thereby
enhancing the representation of defect boundaries and small structural details. Furthermore,
a region-aware modeling module is proposed. Low-frequency features are used to drive
region-level structural modeling, and a dynamic hyper-kernel generation mechanism is
employed to implement region-sensitive convolution. This design enables the network to
perform differentiated feature modeling for the defect interior region, boundary region,
and background region. Experiments on two datasets demonstrate the effectiveness of the
proposed method and suggest its potential applicability to other industrial inspection tasks
beyond aero-engine inspection. It is worth noting that the performance drops caused by
removing each individual module are relatively similar.
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