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Abstract

The intelligent detection of surface damage is crucial for ensuring safe and stable equip-
ment operation. This study addressed the low efficiency, strong subjectivity, and inade-
quate representation capabilities of traditional single-feature-based damage identification
methods by proposing an intelligent equipment surface damage classification method
employing multi-feature fusion. The innovations of this method comprise the construction
of a seven-dimensional model integrating brightness, texture, frequency domain, edge,
and morphological features to comprehensively characterize the visual characteristics of
six typical types of damage (fine crazing, inclusions, patches, pitted surfaces, rolled-in
oxide scale, and scratches) and the application of a Bayesian probabilistic classification
model based on adaptive kernel density estimation to identify damage type and determine
the associated confidence. Experimental results obtained using a self-assembled dataset
comprising 1619 training samples and 180 test samples indicated that the proposed method
achieved a comprehensive accuracy of 97.77%, significantly outperforming traditional
deep neural networks and Ant Forest algorithms. Thus, the proposed method provides an
effective solution for the intelligent and efficient detection of equipment surface damage.

Keywords: equipment surface damage; intelligent detection; multi-feature fusion; image
processing; machine learning

1. Introduction
Steel (including alloy and special steels) is the primary base material for a variety

of military equipment, such as armor, bridges, ammunition, and artillery [1]. Ongoing
equipment service causes the surfaces of these materials to develop defects, such as fine
crazing, inclusions, patches, pitting, rolled-in oxide scale, and scratches, under the influ-
ence of multiple factors, including environmental exposure, applied load, and material
aging. These defects not only damage the material surface but can also degrade material
performance, seriously compromising the quality and performance of equipment [2–4].
Therefore, efficient and accurate surface damage detection technologies must be developed.

Surface detection methods have gradually advanced from strictly manual detection [5]
to employing automated intelligent detection [6]. In the early stages of development, auto-
mated surface defect detection primarily relied on conventional image processing methods,
such as edge detection based on the Canny operator [7] and threshold segmentation based
on the Otsu algorithm [8]. These methods are not computationally complex and can
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achieve a certain degree of damage detection in simple scenarios; however, their detection
performance heavily depends on low-level handcrafted intensity and gradient features,
which are susceptible to interference in complex industrial environments, such as uneven
illumination, surface oil contamination, and highly reflective surfaces, leading to false or
discontinuous edge extraction and reduced identification accuracy [9]. Digital hologra-
phy, as a non-contact optical measurement method, can image material surface cracks by
recording holograms of acoustic wave propagation [10]. The development of deep learning
technology has led to the widespread application of object detection networks, such as
the Faster Region-based Convolutional Neural Network [11] and Mask Region-based Con-
volutional Neural Network [12], to identify surface damage. These methods can achieve
detection accuracies exceeding 90% [13], but they are subject to obvious limitations, such as
insufficient sample quantity, uneven sample distribution, overly simple classification tasks,
and poor real-time performance [14–16], as well as high demand for computing resources
and poor model interpretability, that prevent them from meeting the requirements for trace-
able detection results in industrial and military applications. To alleviate these issues, some
studies have combined lateral shearing digital holographic microscopy with microscopic
fringe projection profilometry and used convolutional neural networks for defect classifica-
tion, achieving 99% accuracy on printed circuit board inspection [17]. Although this method
still relies on deep learning, the hybrid optical sensor reduces computational burden.

In the field of composite materials and structural health monitoring, deep learning-
based damage detection techniques have also advanced rapidly. For example, convolutional
neural networks combined with infrared thermography can automatically identify impact
damage in composite laminates, and ultrasonic guided waves with domain-adaptive
transfer learning enable reliable structural damage assessment under varying operational
conditions [18,19]. However, such data-driven methods generally rely on large-scale
high-quality labeled data and high-performance computing resources, posing deployment
challenges in scenarios with limited data access and high interpretability requirements,
such as military equipment.

In recent years, damage detection technologies based on image processing have been
widely used in industrial applications owing to their high efficiency and non-contact func-
tionality. However, many conventional image processing methods rely on the extraction of
a single feature and exhibit poor adaptability to multiple types and scales of damage [20].
The use of multi-feature fusion technology can improve defect detection accuracy in com-
plex scenarios by integrating information from different dimensions [21] and has been
successfully applied in fields such as medical image analysis [22] and wind turbine blade
defect detection [23] accordingly. Indeed, recent research trends indicate that multi-feature
fusion can effectively improve the recognition of small targets, complex textures, and mul-
tiple defect types in images. For example, Liu et al. [24] proposed a multi-scale feature
fusion method for rainy-track image restoration, and Cui et al. [25] realized ship detection
in synthetic-aperture radar images using multi-scale feature enhancement, demonstrating
its advantages in complex scenarios. In addition, fringe projection profilometry based on a
stereomicroscope can obtain three-dimensional surface topography at micrometer-level ac-
curacy, offering a new approach for quantitative detection of tiny damage [26]. Particularly,
for workpieces with complex surface textures (such as rusted or coated steel), a recently
proposed FFT-guided morphological component analysis single-shot fringe projection
technique can effectively separate texture and fringe signals, achieving high-precision 3D
reconstruction without pre-calibration [27].

Furthermore, to address the problems of difficult sample acquisition and high label-
ing cost for surface damage, data augmentation strategies based on synthetic data have
drawn widespread attention. For instance, generative adversarial networks can generate
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crack images with diverse morphologies to augment training sets and improve model
generalization [28]; finite element simulation can generate structural damage response
signals, combined with transfer learning, to mitigate the limitation of insufficient real
samples [29]; in composite inspection, physically based synthetic defect images have been
verified to significantly improve recognition accuracy under few-shot conditions [30]. How-
ever, the distribution discrepancy between synthetic data and real damage remains a key
factor affecting actual deployment effectiveness; particularly under complex surface tex-
tures and random damage morphologies, the fidelity and coverage of synthetic samples
still face challenges. In contrast, this study approaches damage classification from the
perspective of multi-feature fusion and probabilistic modeling, achieving interpretable
classification under limited real samples, which complements the synthetic data route.

Based on such previous research, this study proposed and demonstrated an intelli-
gent method for identifying equipment surface damage using multi-feature fusion. The
innovations associated with this method are primarily reflected in two aspects: first, a seven-
dimensional feature model was constructed by systematically integrating multidimensional
brightness, texture, frequency domain, edges, and morphology information to achieve
the comprehensive and complementary characterization of various types of equipment
surface damage; second, a Bayesian probabilistic model based on adaptive kernel density
estimation was proposed and applied to classify damage types while addressing the prob-
lems associated with conventional probability density estimation-based classification when
using small sample sets. As a result, the proposed method overcomes the limitations of con-
ventional single-feature detection to provide reliable, efficient, and interpretable technical
support for equipment maintenance and ensure safe and stable equipment operation.

2. Analysis of Equipment Surface Damage Features
The relevant types of equipment surface damage considered in this study comprised

fine crazing, inclusions, patches, pitting, rolled-in oxide scale, and scratches, each of which
exhibits unique visual characteristics, as shown in Figure 1. Fine crazing appears as
elongated linear structures, typically ranging from 0.1 to 0.5 mm wide, that exhibit poor
contrast in grayscale images. Edge continuity inclusions are foreign objects embedded
in the equipment surface exhibiting irregular block shapes with colors and textures that
obviously differ from those of the substrate. Patches of brightness produce large areas
of relatively uniform abnormal color with poor texture uniformity, obvious brightness
changes, and blurred boundaries with the surrounding area. Pitted surfaces contain a
considerable quantity of discrete corrosion pits appearing as densely distributed spots with
multiple irregular edges. Rolled-in oxide scale is an irregular flaky structure attached to
the surface that exhibits obvious texture directionality and typically presents a layered
structure. Finally, scratches appear as linear grooves ranging from several millimeters to
several centimeters in length that exhibit lower grayscale values than the surrounding area,
relatively clear edges, and gentle gradients.
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Figure 1. Example images of steel surface damage types.

3. Construction of the Seven-Dimensional Feature Fusion Model
3.1. Model Definition

The application of multi-feature fusion to the detection of equipment surface damage
remains in the exploratory stage at present [31]. Therefore, a seven-dimensional feature
fusion model for surface damage characterization was established in this study considering
the visual aspects of the six evaluated types of equipment surface damage. The proposed
model integrates information describing seven key features to construct a comprehensive
and complementary feature vector for each type of damage. This approach overcomes the
limited ability of a single feature to reflect more than the local attributes of damage, provides
standardized and highly distinguishable input for the subsequently applied classification
algorithm, and improves detection efficiency in low-complexity scenarios. By considering
the mean intensity, standard deviation (STD) of intensity, Fourier energy, edge density, local
binary pattern (LBP) entropy, gradient magnitude, and fractal dimension features together,
this model effectively addresses the insufficient characterization capability of traditional
single-dimension feature models, difficulty of fully capturing complex damage features,
poor detection algorithm input quality, and limited adaptability associated with other
intelligent damage detection approaches. Because there is no unified numerical standard
for the high and low values of the seven considered features, the distribution interval for
each feature was determined as detailed in this section.

(1) Mean intensity [32]

The mean intensity feature reflects the overall brightness of the damaged area, indicat-
ing the extent to which each type of damage is defined by the brightness of the reflective
material (e.g., low intensity brightness indicates a depression). The mean greyscale intensity,
which typically ranges from 0 to 255, is calculated as follows:

µ =
1
N ∑N

i=1 I(xi, yi) (1)

where I(xi, yi) is the grayscale intensity value of the i-th pixel in the damage area and N is
the total number of pixels.

(2) STD intensity [33]

The STD intensity feature quantifies the degree of dispersion and uniformity of the
greyscale values inside a damage area. For example, patches with uneven color shades
and complex pitting comprising alternating light and dark spots exhibit high STD intensity
values, indicating strong contrast and inhomogeneity inside the area, whereas rolled-in
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oxide scale, single inclusions, and shallow and uniform scratches exhibit low STD intensity
values, indicating high uniformity inside the area. The STD grayscale intensity is calculated
as follows:

σ =

√
1
N ∑N

i=1 (I(xi, yi)− µ)2 (2)

(3) Fourier energy

The Fourier energy feature reflects the relative intensity of the high-frequency compo-
nents in the image, such as details, edges, and textures, which correspond to regions with
sharp grayscale variations, and is primarily used to evaluate texture periodicity and rough-
ness. A high Fourier energy indicates that the image contains many textures, which is
a typical feature of fine crazing and rolled-in oxide scale, whereas a low Fourier energy
indicates that the image is smooth or the texture within lacks periodicity, which is common
for inclusions, simple scratches, and certain patches. The Fourier energy is calculated
as follows:

E =
∑(u,v)∈Ωouter

L(u, v)
Etotal

(3)

where L(u, v) is the logarithmic magnitude spectrum, which is used to enhance visualiza-
tion and reduce the numerical dynamic range, u and v are frequency domain coordinates
representing horizontal and vertical frequency components Ωouter is the high-frequency
region, defined as the area outside the central M/4 × N/4 region, where the boundary
of this central region serves as the cutoff value—frequencies inside are excluded (low-
frequency) and frequencies outside are retained (high-frequency); M and N are the image
height and width in pixels; and Etotal is the total energy. The final feature value E represents
the ratio of high-frequency energy to total energy.

(4) Edge density [34]

The edge density feature quantifies the number of edge pixels per unit area and reflects
the complexity and continuity of the damage contour. A high edge density is a strong
indicator of fine crazing owing to the presence of dense network edges; a low edge density
indicates sparse edges, such as those found in wide and shallow scratches, large-area
uniform inclusions, or rolled-in oxide scale with periodic textures but poor edge contrast.
The edge density is calculated as follows:

D =
F

W × H
(4)

where F is the number of edge pixels detected by an edge detection operator, W and H are
the width and height of the image, respectively, and D is the final calculated edge density
(i.e., the ratio of edge pixels to total pixels).

(5) LBP entropy [35]

The LBP entropy feature measures the randomness, complexity, and irregularity of the
surface texture. A high LBP entropy indicates a complex, disordered, and random texture,
such as that typical of patches and pitted surfaces; a moderate LBP entropy indicates a
regular but complex texture, such as that for fine crazing; a low LBP entropy indicates
a uniform, simple, and ordered texture, such as that observed in the directional texture
of rolled-in oxide scale, uniform scratches, and single inclusions. The LBP entropy is
calculated as follows:

HLBP = −∑K−1
k=0 pk log2(pk) (5)

where pk is the probability of the k-th LBP.
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(6) Gradient magnitude [36]

The gradient magnitude feature reflects the average intensity and sharpness of the
edges in a damage area. A high gradient magnitude indicates a steep change in intensity,
reflecting the sharp edges common in fine crazing, deep pitting, and high-contrast patches;
a low gradient magnitude indicates a gentle change in intensity with fuzzy edges, which is
common in shallow scratches, rolled-in oxide scale, and inclusions with a high degree of
background fusion. The gradient magnitude is calculated as follows:

gradient_magnitude =
1

H × W ∑H−1
i=0 ∑W−1

j=0 Grad(i, j) (6)

where Grad (i, j) is the morphological gradient value at the coordinates (i, j).

(7) Fractal dimension [37,38]

The fractal dimension feature quantifies the geometric complexity and space-filling
capacity of the surface structure and is notably scale-invariant. A high fractal dimension
indicates an extremely rough, complex, and irregular surface, which is typical of fine
crazing with a network structure and pitted surfaces with complex pits and patches; a
low fractal dimension indicates a relatively smooth and simple surface, which is typical of
rolled-in oxide scale (although scale has a texture, it typically exhibits high self-similarity),
smooth scratches, and simple inclusions. Based on fractal theory, the selection of box-
counting scales needs to cover the multi-level structure of image texture. This study adopts
four scales of 2, 4, 8, and 16 pixels, forming a geometric progression with a common ratio of
2: the smallest scale of 2 pixels captures the fine irregularities of damage edges; the largest
scale of 16 pixels reflects the macroscopic texture-filling characteristics; the intermediate
scales ensure the continuity of multi-resolution analysis. This choice balances the resolution
constraints of 200 × 200 pixel images and computational efficiency, avoiding sensitivity to
noise from excessively small scales while preventing loss of texture details from excessively
large scales. The fractal dimension is typically calculated using the box-counting method at
four scales (2, 4, 8, and 16 pixels) as follows:

f ractal_dimension = | log(N(s))− b
log(s)

| (7)

where s is the box-counting scale (s ∈ {2, 4, 8, 16} in the code), N(s) is the multi-
scale box count, and b is the intercept of the linear fitted regression line for the
log(s) vs. log(N(s)) curve.

3.2. Feature Values of Common Surface Damage Types

The effectiveness of the proposed method for intelligent surface damage detection
was demonstrated by analyzing 1619 images of surface damage in a self-assembled dataset
comprising 270 fine crack images, 268 inclusion images, 274 patch images, 276 pitted surface
images, 265 rolled-in oxide scale images, and 266 scratch images. Based on these training
samples, the seven feature values were extracted and statistically analyzed. The numerical
ranges of the seven feature values for the damage types in the image set were determined
and are listed in Table 1. Furthermore, a statistical analysis was performed on the extracted
feature values to obtain the distribution histograms shown in Figure 2.
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Table 1. Characteristics of typical equipment surface damage types.

Damage Type Mean
Intensity Range

STD
Intensity Range

Fourier
Energy Range

Edge
Density Range

LBP
Entropy Range

Gradient
Magnitude Range

Fractal
Dimension Range Summary of Primary Features

Fine Crazing 60.2249–183.5932 18.9998–51.5440 0.7231–0.7282 0.6745–0.8482 2.3808–2.4790 17.6055–38.7542 1.0352–1.0353

Medium-to-high brightness
difference, moderate dispersion
and texture complexity, stable
high-frequency energy, high edge
density and gradient magnitude,
and stable fractal dimension.

Inclusions 49.8938–232.6320 5.9717–36.5146 0.6997–0.7169 0.2017–0.8321 2.3651–2.5217 2.2646–7.9351 0.9944–1.0343

Primarily medium to low brightness,
low dispersion, low-frequency
characteristics, low edge density
and gradient magnitude, low texture
complexity, and moderate
fractal dimension.

Patches 35.5675–223.6697 17.5567–74.2065 0.7211–0.7295 0.4585–0.8400 2.3923–2.6311 11.5684–35.5791 0.9506–1.0353

Wide brightness range, high
dispersion, high-frequency energy
close to that for cracks, moderate
edge density, medium-to-high texture
complexity and gradient magnitude,
and medium-to-high
fractal dimension.

Pitted surfaces 44.4657–246.1125 10.3722–47.5536 0.6872–0.7163 0.5156–0.8965 2.3386–2.6377 2.9030–24.6688 0.9603–1.0353

Primarily high brightness, moderate
dispersion, low-frequency energy,
high edge density, moderate texture
complexity and gradient magnitude,
and high fractal dimension reflecting
irregular structures.

rolled-in
oxide scale 68.8102–160.9627 8.9324–27.4891 0.7258–0.7340 0.2733–0.8274 2.3681–2.5362 11.4117–22.4490 1.0350–1.0353

Uniform brightness, low dispersion,
high and stable high-frequency
energy, moderate edge density,
low-to-medium texture complexity
and gradient magnitude, and high
and stable fractal dimension.

Scratches 34.3370–165.1084 7.3540–49.0211 0.6901–0.7244 0.0280–0.6299 2.3462–2.5724 2.4052–14.6870 0.9816–1.0349

Primarily low brightness,
low-to-medium dispersion,
low-frequency energy, extremely low
edge density, moderate texture
complexity, low gradient magnitude,
and low-to-moderate fractal
dimension reflecting simple
linear structures.
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Figure 2. Characteristic distributions of seven features for different types of surface damage.

The contents of Table 1 and Figure 2 indicate that although the seven features exhibited
different values and distribution characteristics for each considered type of surface damage,
the type of surface damage could not be readily identified using any single feature; therefore,
damage type identification was carried out by fusing multiple features. Indeed, the results
in Table 1 and Figure 2 suggest that the constructed seven-dimensional feature model
can provide distinguishable feature vectors for different types of damage. Notably, these
feature vectors can serve as standardized input for the subsequent classification algorithm
and represent the key premise for achieving high-precision damage identification in this
study accordingly.

4. Design and Implementation of the Recognition Algorithm
Different types of typical equipment surface damage were effectively identified in

this study using a proposed image recognition algorithm based on seven-dimensional
feature fusion. The overall process employed by the algorithm comprises three key stages:
image preprocessing and feature extraction, feature management and normalization, and
damage classification and confidence calculation using Bayesian averaging of kernel density
estimation (KDE).
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4.1. Image Preprocessing and Feature Extraction

First, the acquired color images are converted to grayscale by compressing the three-
channel color information into single-channel intensity values. This step reduces computa-
tional complexity and directs attention to the texture and structural features relevant to the
damage, rather than color information.

Next, the aforementioned seven feature quantities that effectively characterize the
statistical properties, texture complexity, and structural irregularity of the images are
extracted to form a comprehensive feature vector.

4.2. Feature Management and Normalization

The considerable differences among the scales and ranges of the extracted feature
values can cause features with large ranges to dominate the classification process when
they are directly used for classification. Therefore, all successfully extracted features are
normalized before they are stored in the database. The min–max normalization method is
applied to linearly transform the value of each feature into the interval [0, 1] as follows:

Xnorm =
X − Xmin

Xmax − Xmin
(8)

where X is the original feature value and Xmin and Xmax are the minimum and maximum
values, respectively, of that feature for all samples in the database.

The normalized feature values are stored in the database together with the original
feature values to provide standardized input for damage classification.

4.3. Damage Classification and Confidence Calculation

The damage classification and confidence calculated using the proposed Bayesian
probabilistic model based on adaptive KDE [39] represent the core decision-making infor-
mation provided by the proposed method for the intelligent detection of equipment surface
damage. This model calculates the conditional probability densities of various types of
damage based on the seven feature dimensions extracted and normalized in the previous
stage, then applies Bayes’ theorem [40] to calculate the posterior probability determining
the damage type in the evaluated image. The classified damage type is output along with
the posterior probability of its determination to represent the confidence. The damage
classification and confidence calculation process comprises the following five steps.

(1) Obtain the training set via five-fold cross-validation.

Randomly divide the image data X for a single damage type into five non-overlapping
subsets X1, X2, · · · , X5, each containing approximately the same number of samples. Take
one subset at a time as the validation set Xval and combine the remaining four subsets into
the training set Xtrain; for example, if Xval = X1, Xtrain = X2 ∪ X3 ∪ X4 ∪ X5. Repeat this
process five times to obtain a full training set for cross-validation.

(2) Calculate the KDE probability density for a single damage type [41].

Calculate the KDE probability density by constructing a smooth and continuous
“density” function from a limited set of discrete data points through “stacking” using a
standard function called the “kernel” to estimate the true but unknown overall probability
distribution as follows:

P(x|Ck) =
1

n · hd · ∑n
i=1 K(zi) (9)

where zi is the standardized vector of the i-th training sample (seven-dimensional, zi ∈ R7),
h is the candidate bandwidth used to describe the feature distribution law of the damage.
The bandwidth search range is set as [0.1, 2.0], which covers the full spectrum from
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under-smoothing (h → 0.1, where density estimation is sensitive to local fluctuations)
to over-smoothing (h → 2.0, where density estimation approaches the global average).
This range effectively captures the multi-scale distribution characteristics of the seven-
dimensional normalized features (each dimension normalized to [0, 1]) in the feature space.
The initial value is set to 0.1, starting from a relatively fine density structure, and the
optimal bandwidth is automatically selected by traversing candidate bandwidths with a
uniform step-size grid search, evaluated through five-fold cross-validation and the average
log-likelihood criterion, d is the number of feature dimensions (i.e., 7), and K(zi) is the
kernel function value of the i-th training sample, which is calculated as follows:

K(zi) =
1

(2π)
d
2
· e−

1
2 ·∥zi∥2

(10)

where ∥zi∥ is the L2 norm (Euclidean distance) of the standardized vector zi and is calcu-

lated as ∥zi∥ =
√

z2
i1 + z2

i2 + . . . + z2
i7.

Subsequent logarithmic calculation and division errors caused by excessively small
density values can be prevented by setting the lower limit of the KDE probability density
to 10−10, i.e.,

P(x|Ck) = max( f (x), 10−10) (11)

(3) Calculate the average log-likelihood of the candidate bandwidths.

Traverse each sample in the corresponding validation subset Xval divided in step (1)
to calculate the KDE probability density for each sample, then use the natural logarithm of
the KDE probability density ln( f (xval)) to obtain the single-fold log-likelihood, given by

LL f old = ∑xval∈Xval
ln( f (xval)) (12)

Next, obtain the total log-likelihood by accumulating the single-fold log-likelihoods of
the five cycles as follows:

LLtotal = ∑5
i=1 LL f oldi (13)

Furthermore, eliminate the influence of the number of samples and obtain the average
fitting effect of the bandwidth (hc) by calculating the average log-likelihood as follows:

LLavg(hc) =
LLtotal

N
(14)

where N is the total number of samples for a single damage type.

(4) Select the optimal bandwidth.

Consider all candidate bandwidths (h ∈ H) within 0.1–2.0 to select the bandwidth
with the maximum LLavg(h) as the optimal bandwidth hoptimal .

(5) Calculate the posterior probability.

Finally, select the damage type with the maximum posterior probability to identify the
type of damage in the image and use the value of the maximum posterior probability to
represent the confidence. The posterior probability can be determined by

P(Ck|x) =
J(Ck)

P(x)
(15)

where J(Ck) is the joint probability of damage type Ck, calculated as

J(Ck) = P (x|Ck) optimal · P(Ck) (16)
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in which P (x|Ck) optimal is the optimal KDE probability density determined using the
optimal bandwidth hoptimal and P(Ck) is the prior probability calculated as the ratio of the
number of damage type training samples NCk to the total number of training samples
Ntotal , and P(x) is the evidence factor calculated as the sum of the joint probabilities for all
valid damage types as follows:

P(x) = max
(
∑Ck∈Ω J(Ck), 10−20

)
∑Ck∈Ω J(Ck) (17)

where 10−20 is used as the lower limit to avoid division by zero errors caused by excessively
small sums approaching 0.

5. Verification and Evaluation
5.1. Verification Results

The image dataset used in this study is a private dataset. All images are local views
cropped to the damage region; background removal was uniformly completed during the
data acquisition stage and is not part of the proposed method’s pipeline. The proposed
method directly performs feature extraction and classification on images focused on the
damaged area. The images have a uniform resolution of 200 × 200 pixels. All samples were
acquired under the same standardized acquisition process, ensuring high consistency of
imaging conditions across samples. The images were uniformly converted to grayscale
format for subsequent analysis.

The assembled dataset contained 1799 images that were randomly divided into train-
ing and test sets at a ratio of approximately 9:1. As a result, the training set comprised
1619 images that were used to inform the statistical analysis of the seven-dimensional
feature model, calculate the prior probabilities, and optimize the KDE bandwidth; the test
set comprised 180 images that were used in the final performance evaluation and com-
parative experiments. Each image in the training set was labeled with the correct damage
type to provide reliable feature statistics for classifier training. During training, the ranges
for the seven features in each image were calculated, then stored in the database to re-
flect the ranges corresponding to the different types of damage, and the prior probability
and optimal bandwidth for each type of damage were calculated.

Taking a single defect image as an example, the seven feature dimensions of the
image were first obtained and displayed relative to the ranges of the trained feature values,
then the Bayesian probability was calculated to classify the damage type and calculate its
confidence, as shown in Figure 3. Each diagram in this figure corresponds to one of the
seven features defined in Section 3.1; the different colors represent the feature distributions
for the six types of damage in the training set, and the red five-pointed stars represent the
specific value sampled from the example image for each feature.

The results presented in Figure 3 indicate that all seven feature values for the example
image fell well within the feature distributions for scratches in the training set. The edge
density and gradient magnitude diagrams show sample points within the high-value area
of the distribution, which is consistent with the actual damage characteristics of the example
image. This result intuitively verifies three critical aspects of the proposed method: first, the
seven-dimensional feature extraction process effectively captures the key visual attributes
of damage; second, the extracted feature values follow reasonable distribution laws; third,
the feature space of the example exhibited suitable consistency with that of the training set,
providing a solid foundation for accurate classification using the probabilistic model.

Applying the seven-dimensional feature extraction model to the 180 test set images
indicated that the proposed damage detection algorithm exhibited suitable performance,
with 176 samples correctly identified and only 4 samples misclassified for an overall
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accuracy of 97.77%. The specific results are shown in Figure 4: one inclusion defect was
misjudged as a pitted surface defect, one pitted surface defect was misjudged as an inclusion
defect, and two patch defects were misidentified as fine crack defects.

Figure 3. Distribution of seven-dimensional feature values of a single damaged image across the
training ranges of different damage types.

Figure 4. Confusion matrix heatmap comparing typical surface damage/defect detection results.

Note that the dynamic updatability of the proposed detection model can be ensured
by manually reviewing newly obtained images to add samples with correct identifications
to the database, re-optimizing the bandwidth, and calculating the probability in the next
detection; this improves classification accuracy and adaptability in practical applications.

It should be noted that in actual equipment maintenance workflows, damage identi-
fication typically follows a “classify first, then detect” sequence: the damage type is first
determined, followed by quantitative detection and evaluation tailored to that specific
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type. Since the damage regions have already been extracted and cropped, the classification
stage itself directly accomplishes the detection of surface damage faults; therefore, this
study focuses on precisely this stage, realizing damage detection through feature extraction
and type classification on pre-cropped images.

5.2. Evaluation

In terms of overall performance, the proposed method identified all damage types in
the test set with a minimum accuracy of 98.89%, where this accuracy is calculated using the
total number of such damages as the denominator. A heat map comparing the identification
performance for each damage type in terms of accuracy, precision, and recall is shown in
Figure 5. The identification of rolled-in oxide scale and scratch damage was perfect, with
an accuracy, precision, and recall of 100%, indicating that the model produced no missed
or false reports when identifying these two types of damage. However, the identification
performances for other types of damage differed in various aspects. The recall for the
identification of fine crazing was 100%, indicating that all samples exhibiting this type of
damage were successfully identified with no missed reports, but the precision was relatively
low at 94.12%, indicating that a small number of other damage types were misidentified as
fine crazing. Conversely, the precision for the identification of patches was 100%, indicating
that all images containing this type of damage were correctly identified by the model, but
the recall of 91.30%—the lowest for the six types of damage—indicates that approximately
8.7% of actual patch damage instances were misclassified as other types. The identification
performance for inclusions and pitted surfaces was relatively balanced, with the precision
and recall values for both types of damage exceeding 95%, indicating that the model
exhibited stable recognition ability for these types of damage while effectively controlling
the occurrence of false and missed reports. These results confirm that the proposed damage
detection model based on multi-feature fusion exhibits excellent performance in terms
of accuracy, precision, and recall to provide efficient and stable recognition of multiple
damage types, representing an effective and practical method for the industrial detection
of most apparent surface damage. However, no more than 276 samples were provided in
the training set for each type of damage, making the proposed model prone to overfitting
and suggesting room for further optimization.

Figure 5. Damage type identification performance in terms of accuracy, precision, and recall.

5.3. Comparative Experiments and Analysis

To ensure a fair comparison, all three methods (the proposed method, DNN, and AFA)
were trained and tested using the same seven-dimensional feature database extracted from
the image dataset. Two representative methods were selected for comparison: one is a
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deep learning method based on a deep neural network (DNN) [42], which serves as a
typical representative of deep learning classifiers to verify the competitiveness of the pro-
posed Bayesian probabilistic classification strategy against automatically learned decision
boundaries in a fixed low-dimensional feature space; the other is the Ant Forest Algorithm
(AFA), a meta-heuristic optimization classification method that borrows the idea of feature
selection from ant colony systems [43]. By simulating ant foraging behavior and integrating
random forest ensemble strategies for feature optimization and classification, AFA serves
as a typical representative of swarm-intelligence-based optimization in traditional machine
learning, allowing evaluation of the advantages of the proposed Bayesian probabilistic
classification strategy. The selection of these two methods covers both mainstream technical
routes of deep learning and traditional optimization, providing effective performance
references under limited experimental conditions. More extensive comparisons, such as
with other deep learning architectures (e.g., ResNet, Vision Transformer) or traditional
classifiers (e.g., SVM, Random Forest), can be explored as future work.

The detailed configurations of the two comparative methods are as follows. The DNN
is a 5-layer fully connected network with four hidden layers: input layer (7-dimensional)
→ 128 (ReLU + BatchNorm + Dropout 0.3) → 64 (ReLU + BatchNorm + Dropout 0.3)
→ 32 (ReLU + BatchNorm + Dropout 0.2) → 16 (ReLU + Dropout 0.2) → output layer
(Sigmoid/Softmax). The optimizer is Adam with a learning rate of 0.001, the loss function
is categorical cross-entropy, and an L2 regularization coefficient of 0.001 is used. Training
employs early stopping (patience = 15) and learning rate decay (factor = 0.5, patience
= 10), with a batch size of 32 and a maximum of 100 epochs. The AFA is an ensemble
classifier comprising 30 ants and 50 decision trees with a maximum depth of 10. Each tree
selects split features according to the feature probabilities derived from the ants, and the
Gini index determines the split threshold. The process runs for 50 iterations, where five-
fold cross-validation updates feature importance in each round. The ant probabilities are
updated with a learning rate of 0.1 toward the importance values, and the final prediction
is obtained by majority voting.

The results of this comparison are presented in Table 2 and Figure 6, where the
comprehensive accuracy, precision, recall, and F1-score are calculated based on a total of
180 images in the test set as the denominator. The results show that the proposed method
outperformed the DNN by 4.44%, 3.37%, 3.42%, and 3.39% in terms of comprehensive
accuracy, precision, recall, and F1-score, respectively, and outperformed the AFA by 2.22%,
2.27%, 1.70%, and 2.23%, respectively, compared to those obtained by the AFA. These
results indicate that the proposed seven-dimensional feature fusion and adaptive KDE-
based Bayesian classification strategy developed and demonstrated in this study can
more effectively utilize artificially designed discriminative features to achieve excellent
classification performance based on a limited number of samples. This suggests that the
proposed model represents significant progress in terms of overall classification accuracy,
reduced false reports, and reduced missed reports.

Table 2. Classification performance comparison results.

Method Comprehensive Accuracy
(%)

Precision
(%)

Recall
(%)

F1-Score
(%)

DNN 93.33 94.43 93.91 94.17
AFA 95.55 95.53 95.63 95.33

Proposed
method 97.77 97.80 97.33 97.56
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Figure 6. Classification performance comparison results.

In terms of computational efficiency, the proposed method also exhibits advantages.
Under the same testing environment, the per-sample feature extraction time of the proposed
method is approximately 0.04 s, classification inference time approximately 0.04 s, resulting
in a total processing time of about 0.08 s. It requires only 500 KB of storage to save
the feature database and can run entirely on a standard CPU platform. In contrast, the
DNN method requires about 0.12 s per sample for inference; the AFA method, due to
the iterative optimization process, takes significantly longer per sample. Therefore, the
proposed method demonstrates comprehensive efficiency advantages in inference speed,
storage overhead, and hardware requirements for practical deployment.

To further verify the influence of different training/test set split ratios on model perfor-
mance, we conducted an additional experiment with an 8:2 split (training set 1439 images,
test set 360 images). The results indicate that under this split ratio, the model achieved a
comprehensive accuracy of 97.77%, precision of 97.98%, recall of 97.70%, and F1-score of
97.79%, which are essentially consistent with the 97.77% obtained under the 9:1 ratio. The
precision and recall for each damage category also showed no significant fluctuations.

Regarding overfitting control and generalization capability, several points need to be
clarified. First, at the methodological design level, the adoption of a seven-dimensional
handcrafted feature fusion strategy results in a model parameter scale much smaller than
deep learning networks, fundamentally reducing the risk of overfitting. Additionally, the
kernel density estimation bandwidth optimization process incorporates five-fold cross-
validation and the average log-likelihood criterion, effectively preventing over-adaptation
of density estimation to training data. Second, at the experimental verification level,
as mentioned above, the model accuracy remained highly consistent at 97.77% under
both 9:1 and 8:2 split ratios, demonstrating insensitivity to data partitioning. Moreover,
although the training and test sets in this study were collected from the same standardized
imaging setup to ensure reliability of feature extraction, the test results are entirely based
on generalization inference on unseen samples, without any “rote memorization” tendency.
In summary, the proposed method exhibits good generalization stability under limited
sample conditions.

It should be noted that this study focuses on the classification of already-cropped
damage regions, which is fundamentally different in task definition from pixel-level seman-
tic segmentation-based damage detection methods (e.g., U-Net [44]). The former takes a
damage region image as input and outputs a single class label; the latter takes an entire raw
scene image as input and predicts damage location and class pixel by pixel. There are signif-
icant differences in input form, output granularity, and evaluation metrics between the two,
making direct performance comparison inappropriate. Combining the proposed feature
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fusion model with lightweight segmentation networks to extend from region classification
to pixel-level localization is a promising direction worth exploring.

6. Conclusions
This study proposed an intelligent equipment surface damage detection method based

on multi-feature fusion and a Bayesian probabilistic model employing adaptive KDE. The
primary contributions and conclusions of this study are as follows:

(1) A seven-dimensional feature model was constructed to systematically characterize
six typical types of damage considering the mean intensity, STD of intensity, Fourier
energy, edge density, LBP entropy, gradient magnitude, and fractal dimension features.
The use of multiple feature dimensions was intended to overcome the insufficient
ability of other identification models to characterize damage using single features.

(2) An adaptive KDE-based Bayesian classifier was proposed to accurately identify dam-
age type and provide a quantitative measure of confidence using bandwidth opti-
mization and a Bayesian decision-making mechanism.

(3) Experiments conducted using a self-assembled dataset showed that the comprehen-
sive identification accuracy provided by the proposed method reached 97.77%, which
was superior to that of either the DNN or AFA damage identification methods when
considering multiple indicators, verifying its superior effectiveness.

The results of this study are expected to inform the development of improved methods
for detecting surface damage on wear- and degradation-prone steel components, such as
those used in military applications. Notably, the ability to accurately identify multiple
types of surface damage using seven feature dimensions represents a critical capability
lacking in previous approaches for damage detection.

However, note that this study employed an idealized dataset comprising images
with simple backgrounds and stable illumination, and the generalization ability of the
proposed method when provided with images containing complex backgrounds, variable
illumination, and highly reflective surfaces remains to be verified. Furthermore, due
to the constraints of the dataset acquisition conditions, this study did not establish an
accurate calibration relationship between image pixels and physical scale, which to some
extent limits the quantitative evaluation of damage geometric features. The ability of the
proposed method to detect early microscopic damage exhibiting weak features (such as
microcracks narrower than 0.1 mm) must be explored. Therefore, future work will focus
on expanding the diversity of the model training dataset, establishing pixel-to-millimeter
mapping through imaging system calibration, exploring the use of an adaptive feature
selection mechanism, and attempting to incorporate lightweight deep learning models into
the proposed method.
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