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Abstract. Surface defect detection on critical aero-engine components
is pivotal for ensuring flight safety. Addressing challenges such as com-
putational resource constraints, minute defect targets, and severe inter-
ference from metallic surface noise, this paper proposes a lightweight,
high-precision real-time defect detection model. The approach adopts
the latest YOLO26-n as the base network, fully leveraging its efficient,
Non-Maximum Suppression (NMS)-free architecture optimized for edge
devices. Innovatively, the Simple Attention Module (SimAM) parameter-
free attention mechanism is integrated at a critical node within the feature
fusion network. SimAM simultaneously derives three-dimensional channel
and spatial attention weights through energy function theory, enabling
adaptive enhancement of defect features and suppression of complex
background interference without introducing any learnable parameters.
Experiments on a self-built aerospace engine component defect dataset
demonstrate that this model achieves a significant improvement in detec-
tion accuracy with minimal computational overhead, while maintaining
YOLO26’s original high inference speed. This provides an excellent so-
lution for deploying reliable and efficient visual inspection systems in
resource-constrained industrial environments.

Keywords: Aerospace engine - Defect detection - YOLO26 - Attention
mechanism - Lightweight model.

1 Introduction

Aero-engine integrity directly determines flight safety and operational reliability
[1]. As the core components of modern propulsion systems, aero-engine blades
and related structures operate under extremely harsh thermo-mechanical con-
ditions, including high rotational speeds, elevated temperatures, and complex
aerodynamic loads. Under such environments, surface degradations such as fa-
tigue cracks, oxidation-induced ablation, and foreign object damage are likely
to occur and progressively accumulate [2]. If these defects are not detected and
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addressed in a timely manner, they may propagate and ultimately lead to se-
vere structural failure. Therefore, achieving accurate and efficient inspection of
aero-engine components is essential for ensuring aviation safety and reducing
maintenance costs. Conventional inspection approaches, including manual visual
examination and traditional non-destructive testing techniques, have been widely
applied in industrial practice. Nevertheless, these methods are inherently con-
strained by strong reliance on human expertise, limited efliciency, and insufficient
consistency, which makes them inadequate for large-scale and high-frequency
inspection requirements in modern intelligent manufacturing systems [3/4]. With
the rapid development of deep learning, data-driven visual inspection methods
have demonstrated substantial potential by automatically learning discriminative
representations from complex data distributions. In particular, one-stage object
detection frameworks represented by the YOLO family have been extensively
adopted in industrial scenarios due to their favorable balance between detection
accuracy and inference efficiency [5].

Despite these advances, aero-engine defect detection remains a highly chal-
lenging task due to several domain-specific factors. In practical inspection envi-
ronments, imaging conditions are often non-ideal. Uneven illumination, strong
metallic reflections, and contamination such as oil stains or dust can significantly
degrade visual quality and obscure defect characteristics. In addition, many
critical defects, especially early-stage cracks and micro-scale damages, exhibit
extremely small spatial scales and very low contrast against complex backgrounds,
which greatly increases the difficulty of reliable detection. These challenges are
further intensified by the constraints of edge deployment, where models are
required to deliver real-time performance under limited computational resources.
Consequently, generic detection frameworks often struggle to simultaneously
achieve robustness, accuracy, and efficiency in such scenarios.

Existing research has attempted to address these issues by enhancing feature
representation capability through sophisticated attention mechanisms [25/15] or
by increasing network depth and capacity [67]. Although these strategies can
improve detection performance, they inevitably introduce additional parameters
and computational cost, thereby limiting their practicality in real-time industrial
applications. As a result, improving detection accuracy, particularly for small
and low-contrast defects, while maintaining high efficiency remains an important
and unresolved problem.

Among recent real-time detection frameworks, YOLO26 provides an efficient
end-to-end detection paradigm that avoids reliance on traditional post-processing
operations such as Non-Maximum Suppression (NMS), thereby reducing latency
and simplifying the inference process. The lightweight YOLO26-n variant is
especially suitable for resource-constrained industrial inspection tasks due to its
compact design and fast inference speed. Based on these considerations, YOLO26-
n is selected as the baseline architecture in this study, and targeted improvements
are introduced to better accommodate the characteristics of aero-engine de-
fect inspection. Building upon this foundation, three primary contributions are
summarized as follows:
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1. We propose YOLO26-SimAM, a streamlined detection architecture that incor-
porates a parameter-free attention mechanism to enhance the discriminability
of minute and low-contrast defects while preserving computational efficiency.

2. We analyze the energy-minimization principle of SimAM and investigate
its integration strategy within multi-scale feature fusion, enabling effective
feature recalibration without introducing additional learnable parameters.

3. Extensive experiments on a real aero-engine defect dataset demonstrate
consistent improvements in mean Average Precision (mAP) with negligible
inference overhead. The performance gains are particularly evident for small
defects, which are further supported by qualitative heatmap visualizations.

2 Related Work

2.1 YOLO Series Object Detectors and Their Applications in
Industrial Inspection

The YOLO series represents a fundamental paradigm for real-time object detec-
tion, emphasizing a unified end-to-end framework that directly predicts bounding
boxes and class probabilities from input images. Early and recent versions, such
as YOLOv5 and YOLOvS, adopt optimized backbone designs and effective
multi-scale feature fusion strategies, enabling strong performance on large-scale
benchmarks such as COCO while maintaining high inference speed. These char-
acteristics make the YOLO family particularly suitable for industrial inspection
tasks, where both accuracy and real-time responsiveness are required.

The newly proposed YOLO26 further streamlines the detection pipeline by
removing the Distribution Focal Loss module and introducing a native end-to-end
Non-Maximum Suppression (NMS)-free strategy, which reduces post-processing
overhead and improves deployment efficiency on edge devices [27], as illustrated
in Figure [I] This design simplifies the overall inference process and shortens
latency, which is advantageous for time-sensitive inspection scenarios. However,
despite these improvements, YOLO26 still faces limitations when dealing with
weak signals and small targets embedded in complex industrial backgrounds.
Such challenges are particularly prominent in aero-engine defect detection, where
subtle defects are easily overwhelmed by noise and irrelevant textures. Therefore,
further enhancing feature discrimination while preserving efficiency remains an
important research direction.

2.2 Development of Attention Mechanisms in Visual Detection

Attention mechanisms have been widely introduced into visual detection networks
to improve feature representation by selectively emphasizing informative regions.
SENet [25] first introduced channel-wise attention by modeling inter-channel
dependencies, significantly improving feature recalibration capability. Building
upon this idea, CBAM [I5] combines channel and spatial attention to further
enhance representation power. Coordinate Attention [16] incorporates positional
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Fig. 1: Comparison of detection pipelines between traditional YOLO models and
the end-to-end YOLO26 architecture.
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information into channel attention with relatively low computational overhead,
improving localization ability in lightweight models.

Despite their effectiveness, most of these methods rely on additional learnable
parameters and auxiliary operations, which increase model complexity and may
introduce overfitting risks, especially in small-sample industrial datasets. More-
over, the added computational burden can limit their applicability in resource-
constrained environments. To address these issues, parameter-free attention
mechanisms have been proposed. Among them, the Simple Attention Module
(SimAM) [26] adopts an energy-based formulation to assign importance weights
across spatial and channel dimensions without introducing extra parameters.
This design maintains computational efficiency while still providing fine-grained
feature modulation, making it well suited for practical visual inspection tasks
where efficiency constraints are strict [13].

2.3 Challenges and Current Status of Aero-Engine Defect Detection

Applying object detection techniques to aero-engine surface inspection remains
challenging due to several inherent factors, including the presence of small-scale
defects, complex and noisy backgrounds, and significant intra-class variation.
Existing approaches attempt to mitigate these issues through strategies such as
image preprocessing to enhance defect visibility [11] and the incorporation of
semantic prior-aware modules to guide feature learning [3]. While these methods
can improve detection performance to some extent, they often introduce additional
computational complexity or require carefully designed components, which may
limit real-time performance and lightweight deployment in practical aviation
maintenance scenarios [12J14].

In view of the above challenges, achieving an effective balance between
detection accuracy and computational efficiency remains a key problem. To this
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end, this work integrates the efficient YOLO26 framework with the parameter-
free SimAM attention mechanism, aiming to enhance feature discrimination
for weak and small defects while maintaining the lightweight characteristics of
the model. This combination provides a practical solution for improving the
precision-efficiency trade-off in real-world aero-engine inspection tasks.

3 Methodology

3.1 Overall Framework of YOLO26-SimAM

The proposed YOLO26-SimAM model is developed upon the YOLO26-n baseline,
inheriting its advantages in efficiency, accuracy, and suitability for edge deploy-
ment [28]. As illustrated in Figure [2] the overall framework follows a standard
three-stage design, consisting of a Backbone, a Neck, and a Head.

Con 1| com 2 (Fesie 1 | Com s | @3k 2 | Con s [ @k s [T s [Teda g | oseer [T carsy
Lo Gt (R S (. ([ o (.| [R5 (v
] \ Backbone
. N
L - Seo
ayer

’
[ o o Upsample o s on.Upsample
X é psamp X O psamp
) . )
Concat Cone:

I3 Coneat

cone AN [SER) Cony 7 -
Coneat ¥
s
¢ Neck
. Upsampl ’ SimAM ’ SimAM
Vo P4 [ 2]
| Detection
2 v | Head
VN 6 classes i
= <A\ (Crack, Curl, Dent, i
‘ ]‘ Material_miss, Nick, Overheated)

Fig. 2: The overall architecture of the YOLO26-SimAM model.

The Backbone resizes the input to 640x640 and extracts hierarchical features
through convolutional layers, C3k2, Conv_ 3, and CSP Bottleneck modules,
which help balance feature reuse and computational cost. An SPPF module is
further introduced to aggregate multi-scale contextual information and enlarge
the receptive field [10]. This enables the model to capture both local details and
higher-level semantics that are important for defect recognition.

The Neck constructs a bidirectional feature pyramid to fuse multi-level fea-
tures. Through upsampling and skip connections, features from different stages
are effectively integrated to produce three feature maps, P3, P4, and P5, corre-
sponding to different resolutions. To enhance feature quality, a SimAM module is
inserted before each output. It adaptively reweights feature responses based on en-
ergy distribution, strengthening informative regions while suppressing background
interference, without introducing additional parameters.
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The Head retains the decoupled design of YOLO26 for efficient multi-scale
prediction [28]. The P3, P4, and P5 feature maps are processed by independent
branches for classification and regression, enabling the model to better handle
defects at different scales. This design maintains the efficiency of the baseline
while improving feature discrimination.

3.2 SimAM Parameter-Free Attention Mechanism

In aero-engine blade inspection, micro-defects often exhibit weak signals and are
easily affected by complex backgrounds such as texture, oil contamination, and
illumination variation. Attention mechanisms can improve feature discriminabil-
ity, but commonly used modules such as SE and CBAM introduce additional
parameters and computational cost, which is not ideal for edge deployment.

To address this issue, SimAM is adopted as a parameter-free attention mech-
anism. It evaluates the importance of each neuron by measuring the energy
difference between the neuron and its surrounding context, and assigns corre-
sponding weights. In this way, more informative features are emphasized while
less relevant responses are suppressed. Compared with conventional attention
modules, SimAM introduces no learnable parameters and can be easily integrated
into existing networks.

By providing lightweight feature recalibration, SimAM enhances the repre-
sentation of subtle defects while preserving the overall efficiency of the model.
Given a feature tensor:

XGRCXHXW (1>

the energy e; of one target neuron ¢ on channel ¢ can be efficiently computed
via the following closed-form solution:

4(6% + N) 5
(t— 1) +262 42X @
In this equation, i and 62 are the mean and variance of all neurons in that
channel respectively, and A is a hyperparameter for numerical stability. The term
(62 + \) reflects the overall variability of features in that channel, while (¢ — j1)?
measures the deviation of the target neuron relative to the channel’s global
context. Therefore, a smaller e; indicates a greater difference between the target
neuron t and the global context of its channel, warranting a higher attention
weight. Finally, the module obtains a three-dimensional attention weight map
by calculating the reciprocal of the energy values and normalizing via a Sigmoid
function, then enhances the original features through scaling:

*
€ =

< 1
X = sigmoid (E) oX (3)

Based on this design, the assessment of neuron importance relies entirely
on the statistical properties of the features themselves, requiring no additional
parameters. Consequently, its impact on the model’s computational overhead
and deployment complexity is minimal.
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3.3 Deployment Location of SimAM: Feature Fusion Optimization in
the Neck Layer

Effective multi-scale fusion is critical for detecting both large ablation areas
and subtle cracks. Analysis shows that after upsampling, downsampling, and
concatenation in the Neck, feature maps combine semantic and spatial information
from different levels. This stage is optimal for introducing attention mechanisms
for feature selection and enhancement.
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Fig. 3: Detailed workflow of the SImAM module within a fusion node.

We embed SimAM after each feature fusion node in the Neck. During feature
pyramid construction, features from shallow or deep layers are aligned, concate-
nated, and fused. SImAM then performs feature recalibration, as detailed in
Figure [3] It evaluates the importance of each element, generating implicit atten-
tion weights that are multiplied element-wise with fused features. This adaptively
enhances discriminative responses related to defect edges and texture mutations
while suppressing noise from metal glare, uneven illumination, and slow-varying
backgrounds. This continuous purification ensures P3, P4, and P5 maps passed
to the detection head are optimized and highly discriminative, forming a solid
foundation for high-precision multi-scale defect detection in complex industrial
scenes.

4 Experiments and Results Analysis

4.1 Experimental Setup

We use a self-collected aero-engine defect dataset consisting of high-resolution
inspection images of turbine blades, stator blades, and disks. The dataset covers
a variety of typical surface defects, including cracks, ablation, dents, coating
spallation, and corrosion, which exhibit diverse scales and visual characteristics.
To ensure a reliable evaluation, the dataset is randomly divided into training,
validation, and testing sets with a ratio of 7:2:1. Performance is evaluated using
standard detection metrics, including mean Average Precision (mAP), Precision,
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and Recall, together with efficiency-related indicators such as parameter count,
GFLOPs, and Frames Per Second (FPS), providing a comprehensive assessment
of both accuracy and computational cost.

All experiments are implemented using PyTorch 1.12 and the Ultralytics
framework. The input resolution is set to 640x640, and the model is initialized
with pretrained weights from YOLO26-n to accelerate convergence. The optimizer
is stochastic gradient descent (SGD) with a momentum of 0.937 and a weight
decay of 0.0005. The initial learning rate is set to 0.01 and scheduled using cosine
annealing to ensure stable training. The model is trained for 300 epochs with
a batch size of 32. Data augmentation strategies include Mosaic augmentation,
brightness and contrast adjustment, and simulated oil contamination noise, which
help improve robustness under realistic industrial conditions. All experiments
are conducted on an NVIDIA RTX 4090 GPU.

4.2 Comparative Analysis with the Baseline Model

Table [I] presents a quantitative comparison between YOLO26-SimAM and the
baseline YOLO26-n. The proposed model achieves a clear improvement in detec-
tion performance, with mAP50 increasing from 0.701 to 0.792 and mAP[50:95]
improving from 0.439 to 0.484. Meanwhile, Recall shows a slight increase from
0.624 to 0.630, indicating a stable ability to capture positive samples. Preci-
sion improves more significantly, rising from 0.706 to 0.81, which suggests that
the proposed method effectively reduces false positives and enhances prediction
reliability.

In terms of efficiency, the number of parameters and GFLOPs remain un-
changed at 2.506 MB and 3.0392 GFLOPs, respectively, demonstrating that the
integration of SimAM does not increase model complexity. The inference speed
shows a slight decrease, with FPS dropping from 170.79 to 158.07. This reduction
is mainly attributed to the additional element-wise operations introduced by
the SimAM module during feature recalibration in the Neck stage. Although
SimAM does not involve learnable parameters, the computation of energy-based
weights and subsequent feature scaling still introduce minor overhead. Overall,
the results indicate that the proposed method achieves a favorable trade-off,
delivering noticeable accuracy gains with only a marginal impact on inference
speed.

Table 1: Performance comparison between YOLO26-SimAM and the baseline
model YOLO26-n

Model mAP5) mAPs5(.95 Recall Precision Params(MB) GFLOPs FPS

Baseline 0.701 0.439 0.624 0.706 2.5061 3.0392 170.79
Ours 0.792 0.484 0.63 0.81 2.5061 3.0392 158.07
8
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4.3 Comparative Analysis with Mainstream Lightweight Detection
Models

A comparative analysis was conducted between YOLO26-SimAM and current
mainstream lightweight detectors, including YOLOv8-n, YOLOv10-n and RT-
DETR-L. Results in Table[2] demonstrate that YOLO26-SimAM achieves superior
accuracy with the highest mAP50 of 0.792 and a competitive mAP50:95 of
0.484, outperforming alternative models such as Gold-YOLO and TOOD while
surpassing DETR by a significant margin.

Table 2: Comparison of different detectors on the aero-engine defect test set

Methods mAP50 mAPs0.95 Recall Precision Params(MB) GFLOPs FPS
TOODIIg] 0.729 0.485 0.701 0.695 32.03 172.1 31.2
Retinanet[lgl 0.577 0.256 0.491 0.411 21.41 163.84 13.8
YOLOvV6[29] 0.643 0.365 0.567 0.724 4.23 11.80 340
Faster-RCNN[22] 0.685 0.301  0.689 0.429 41.75 182.3 38.6
DynamicRCNNJ|20] 0.698 0.349 0.615 0.406 41.75 182.3 36.5
DETR|21] 0.737 0.464 0.734 0.672 41.56 81.63 49.0
YOLOv5|30] 0.761 0.386  0.671 0.847 2.5 7.1 444
YOLOF|23] 0.765 0.431 0.650 0.656 42.46 83.36 59.9
Gold-YOLO|24] 0.789 0.448 0.699 0.847 5.98 10.2 444.6
Ours 0.792 0.484 0.63 0.81 2.5061 3.0392 158.07

The model maintains high efficiency with minimal parameter usage and
computational cost, requiring only 2.506 MB parameters and 3.039 GFLOPs.
This represents a substantial reduction compared to models such as TOOD and
Faster-RCNN. While inference speed is lower than some highly optimized variants,
the achieved frame rate remains fully adequate for industrial real-time inspection.
YOLO26-SimAM thus offers an effective balance of accuracy, compactness and
efficiency suitable for deployment in resource-limited aero-engine inspection
environments.

4.4 Visualization Results and Analysis

Figure[]shows qualitative comparisons between YOLO26-n and YOLO26-SimAM.
The proposed model demonstrates stronger detection confidence and improved lo-
calization, particularly for small defects. In challenging scenarios with low contrast
or background interference, YOLO26-SimAM produces more concentrated and
accurate bounding boxes, while reducing missed detections and false positives. In
contrast, the baseline YOLO26-n occasionally exhibits weaker responses to subtle
defect regions. These observations are consistent with the quantitative results
and further illustrate the effectiveness of the proposed attention mechanism in
enhancing feature discrimination.
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Fig. 4: Qualitative comparison of detection results for YOLO26-n and YOLO26-
SimAM.

5 Conclusion

We present YOLO26-SimAM for aero-engine surface defect inspection. By inte-
grating parameter-free SimAM attention into YOLO26-n’s feature fusion network,
we balance detection accuracy and computational efficiency. Experiments on
the aero-engine defect dataset show significant mAP improvements over the
baseline with no added parameters or computation. The model outperforms other
lightweight detectors, offering high accuracy, compact size, and low complexity.
Visual results confirm enhanced detection of small, low-contrast defects. The
framework provides a practical solution for reliable real-time visual inspection in
resource-limited industrial settings.

Limitations include a slight inference speed reduction versus the baseline,
though throughput remains sufficient for real-time use. In addition, future research
will evaluate the generalization capability of the proposed model on other public
industrial defect datasets such as NEU-DET or DAGM to further validate its
robustness.

The proposed method demonstrates strong potential for practical deployment
in industrial inspection systems where both efficiency and robustness are critical.
Future work will further explore adaptive attention placement strategies and
cross-dataset generalization to enhance model robustness.
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