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Abstract. To address the issue of low recognition accuracy of yarn tube types in practical industrial scenarios,
this study proposes a SimAM-ResNet18-based image recognition method for cone yarns. Different from the
traditional yarn recognition method based on Resnet, the framework introduced in this study combines
parameter free attention and swish activation to improve the recognition accuracy and robustness under
industrial conditions. First, a high-resolution image acquisition system was designed and implemented. The
acquired images were preprocessed using bilateral filtering, Gamma correction, HSI color space extraction, and
rapid template matching of edge points to enhance image features. Then, the Swish activation function and
SimAM attention mechanism were integrated into the ResNet18 network, effectively improving the model's
focus on key regions and its feature representation capabilities. On a dataset composed of 1800 real-world images
collected from a textile production line, the proposedmodel achieved a recognition accuracy of 98.3%, a precision
of 0.969, a recall of 0.972, and an F1-score of 0.970, significantly outperforming mainstream models such as
MobileNetV2, EfficientNet-B0, and SENet18. Without retraining, the model maintained an accuracy of 92.8%
under challenging conditions such as angle variation and illumination changes, demonstrating strong
generalization capability and practical industrial value.
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1 Introduction

In recent studies on the automated detection of cone yarns,
with the continuous advancement of image recognition and
machine learning technologies, researchers have increas-
ingly focused on employing machine vision techniques to
identify cone yarns categories in order to improve
recognition accuracy and efficiency. Some scholars have
pointed out that illumination variation and background
interference are the main factors affecting recognition
accuracy. Therefore, it is necessary to develop algorithms
with strong robustness to enhance the quality of cone yarns
images [1,2]. Secondly, to overcome the limitations of
single-feature recognition, numerous studies have adopted
multi-feature fusion strategies that integrate color, texture,
and shape features to comprehensively capture subtle
differences on the surface of cone yarns [3,4]. In addition, to
further improve the real-time performance of cone yarns
classification, some researchers have introduced light-
weight neural network architectures to balance model
complexity and inference speed [5,6].
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However, existing research still exhibits significant
shortcomings in real industrial applications. First, due to
complex factors such as image blur during winding, angular
deviation, and background interference, the standardized
image datasets relied upon in many studies cannot truly
reflect the diversity and disturbances present in industrial
environments.This leads toaclearperformancegapbetween
model training and actual deployment [7,8]. Second,
although someworkshave introduced color space conversion
and image enhancement algorithms in the feature extraction
stage, color and texture features remain difficult to extract
stably under conditions such as local overexposure, shadow,
or peeling of printed labels. This easily causes blurred target
contours or loss of boundary information, ultimately
affecting classification accuracy [9]. Furthermore, some
studies attempt to achieve model lightweighting through
structural compression, but this often sacrifices the non-
linear representation capability of the model, making it
difficult to capture fine-grained features present in the
wound structure and reducing its ability to distinguish
between easily confused categories [10,11].

In recent years, with the continuous development of
deep convolutional neural networks (CNNs), they have
shown powerful feature extraction capabilities in image
classification and object detection tasks. Some researchers
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have begun to apply CNNs to cone yarns recognition. For
example, modeling cone yarns images based on the classical
ResNet architecture can achieve relatively high recognition
accuracy. However, the standard ResNet model typically
uses the ReLU activation function, which outputs zero for
negative inputs, leading to the “dying neuron” problem and
limiting the model’s non-linear representation capacity
[12]. To overcome this limitation, the Swish activation
function was proposed and has been proven to perform
better in gradient propagation and overall performance in
various image recognition tasks [13]. However, its applica-
tion in cone yarns recognition remains underexplored and
lacks systematic evaluation.

Meanwhile, attention mechanisms, as key modules to
enhance neural networks’ feature selection capabilities,
have gradually attracted research interest. Typical struc-
tures such as SENet and CBAM introduce channel or
spatial attention mechanisms to strengthen focus on key
regions, significantly improving robustness in complex
backgrounds [14,15]. However, these structures generally
have large parameter counts and high computational
complexity, making them difficult to deploy directly in
industrial production lines. To address this, SimAM
(Simple Attention Module), a lightweight and parame-
ter-free attention mechanism, was proposed. It models
local importance based on a neural energy function,
offering both performance and efficiency advantages [16],
and is suitable for real-time industrial vision tasks.

Most previous yarn recognition methods rely on
controlled datasets and struggle to maintain high accuracy
in real industrial environments, where issues such as
motion blur, illumination variation, and background
interference are prevalent. Furthermore, although atten-
tion mechanisms like SE and CBAM enhance feature
representation, they introduce considerable computational
overhead and are unsuitable for real-time deployment on
production lines. In addition, prior works typically focus on
isolated improvements—either in preprocessing or in
model design—without providing a unified framework
that integrates image acquisition, robust preprocessing,
and lightweight deep learning for industrial applicability.

In summary, ensuring high recognition accuracy while
maintainingmodel lightweightness and robustness remains
a major challenge in cone yarn image recognition. To
overcome issues such as insufficient nonlinear feature
modeling, high computational cost of attention mecha-
nisms, and strong dependence on image quality, this study
proposes a SimAM-ResNet18-based cone yarn recognition
method. The system is enhanced from both hardware and
algorithmic perspectives. A high-resolution, interference-
resistant image acquisition system was developed to
capture clear and stable cone yarn images under industrial
conditions. In preprocessing, bilateral filtering, gamma
correction, and HSI color space extraction are employed to
enhance image quality and feature contrast. During feature
extraction, the Swish activation function is introduced to
improve nonlinear representation, while the SimAM
attention mechanism is integrated to refine the model’s
focus on critical regions such as edge structures and printed
patterns. Experimental results demonstrate that the
proposed SimAM-ResNet18 model achieves superior
performance on a real-world textile dataset, significantly
outperforming mainstreammodels across multiple metrics,
and exhibits strong generalization and industrial applica-
bility.

The remainder of this paper is organized as follows:
Section 2 presents the design of the cone yarn image
acquisition system and preprocessing methods; Section 3
details the proposed SimAM-ResNet18 model and experi-
mental analysis; and Section 4 concludes the studywith key
findings and discussions on future research directions.

2 Image acquisition and preprocessing for
cone yarn

In the process of cone yarn category recognition based on
machine vision, it is essential to effectively transform
physical samples into image data that can be processed by
computer systems. To ensure the proposed method has
practical industrial applicability, a stable and efficient
image acquisition system must be designed and con-
structed according to the actual production environment.
Moreover, since the captured images often contain
irrelevant information such as cluttered backgrounds
and spindle shadows, image preprocessing algorithms must
be developed to enhance feature extraction and improve
recognition accuracy in subsequent analysis.

2.1 Image acquisition of cone yarn

In the image acquisition stage, considering the conical and
annular symmetric structure of the yarn tube as well as the
use of printed patterns combining colors and textures on
the smaller end of the tube, several factors must be taken
into account to facilitate accurate yarn type recognition in
subsequent algorithms:

a. Optical isolation

The entire image acquisition system should be placed inside
a fully enclosed darkroom. A non-reflective black coating is
applied to suppress external light interference, thereby
eliminating color cast under varying illumination con-
ditions and providing a stable input for subsequent color
correction and pattern recognition.
b. Instantaneous high-intensity illumination

A high-brightness flash lighting source is installed in front
of the high-speed camera. The flash is triggered synchro-
nously with the camera’s shutter to ensure short-duration,
uniform illumination. This configuration allows the surface
of the yarn spindle and tube patterns to remain clearly
visible even during motion.
c. Precise triggering and alignment

A fast-response photoelectric sensor is used to detect the
position of the cone yarn and generate an external trigger
signal to activate the camera. This ensures that the lens
remains vertically aligned with the center of the yarn



Fig. 1. Acquisition device of the cone yarn image.

Fig. 2. Original image of cone yarn.

Fig. 3. Overall pipeline of cone yarn image preprocessing.
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spindle. Furthermore, due to inward or outward bulging
near the paper tube in large spindles, which may cause
shadows or deformation under different viewing angles, a
robotic arm is employed to finely adjust the position for
precise alignment.

To meet the above acquisition requirements, a high-
performance cone yarn image acquisition system was
developed in this study, as illustrated in Figure 1. The
system utilizes a Hikvision MV-CH1510-10XC-M72-NF
industrial camera equipped with a Sony IMX411 sensor,
capable of capturingultra-high-resolution imagesat 14208�
10640 pixels, thereby ensuring that fine details of the yarn
and tube patterns are clearly visible. The lighting module
adopts a high-brightness annular LED light source to
provide uniform illumination, effectively avoiding motion
blur and local shadows. A photoelectric sensor is responsible
for detecting when the spindle is in place and then promptly
triggering both the camera and lighting system. Additional-
ly, a light-shielding enclosure made of iron panels lined with
black velvet fabric is used to eliminate internal reflections
and isolate external light sources.

The operating principle of the system is as follows: when
the cone yarn reaches the predefined shooting position, the
photoelectric sensor instantly detects the arrival of the
spindle and outputs a trigger signal. Upon receiving this
signal, the central control unit first instructs the light
source driver to momentarily activate the high-brightness
ring light, providing uniform and intense illumination for
the camera. It then issues the shooting command to trigger
the industrial camera for high-resolution image acquisition.
The entire process is completed within a few milliseconds,
ensuring that clear images without motion blur or shadows
are captured at the precise moment of spindle movement.
A sample cone yarn image captured by the system is shown
in Figure 2.
2.2 Image preprocessing of cone yarn

As shown in Figure 2, the acquired raw image not only
contains the cone yarn tube region but also includes
irrelevant background areas. Moreover, the tube region
occupies only a small portion of the overall image, and
direct feature extraction may introduce a large amount of
redundant information. In addition, variations in surface
reflectivity of the tube often result in low image contrast
and blurred details, with the tube region appearing
particularly dark. To address these issues and improve
recognition accuracy, the raw image must first undergo
enhancement, denoising, and color extraction processing.

Figure 3 illustrates the overall pipeline of cone yarn
image preprocessing. The workflow consists of six sequen-
tial stages: image acquisition, noise suppression using
bilateral filtering, brightness enhancement through gamma
correction, color feature extraction in the HSI space, fast
edge-point template matching for precise localization, and
annular unwrapping for region linearization. This inte-
grated pipeline ensures high-quality image input for
subsequent feature extraction and classification.



Fig. 4. Comparison of filtering results for different methods.
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2.2.1 Noise reduction of cone yarn images

In cone yarn image processing, noise can significantly
interfere with the extraction of critical textures and edge
features, ultimately reducing the accuracy of subsequent
tasks such as color segmentation and object recognition.
This problem is further amplified after contrast enhance-
ment, as enhanced textures may also make noise
more pronounced. Therefore, effective image denoising is
essential.

To suppress image noise interference and improve
overall image quality, commonly used denoising methods
include mean filtering, Gaussian filtering, median filtering,
and bilateral filtering [17]. Among them, mean filtering
removes noise by averaging the pixel values within a local
neighborhood, but it tends to blur image edges. In contrast,
Gaussian filtering applies a weighted average based on the
Gaussian distribution, which helps alleviate some blurring
issues while still potentially causing edge information loss.
The mathematical formulation of Gaussian filtering is
given as follows:

Hi;j ¼ 1

2pd2
e
�ði�k�1Þ2þðj�k�1Þ2

2d2 ; ð1Þ

where the dimension of the Gaussian filtering convolution
kernel is 2; and the d represents the standard deviation of
the discrete two-dimensional Gaussian kernel function.

The median filtering has a good noise suppression effect
on images, but its ability to handle structural details in
complex backgrounds is limited. The corresponding
formula is as follows:

Gðx; yÞ ¼ medfFðx� k; y� lÞ; ðk; l∈WÞg; ð2Þ
where the med denotes the median operation; the F(x,y)
and G(x,y) represent the original and the processed images
respectively; and W denotes the window.
Bilateral filtering can effectively smooth random noise
and background texture in the image while preserving edge
details. It is a nonlinear filtering method that balances
noise suppression and edge preservation. The core idea is to
consider both the spatial distance between neighboring
pixels and the current pixel, and the intensity similarity
between them, i.e., a dual weighting in both the spatial
domain and the intensity domain. The formula is as
follows:

I 0ðpÞ ¼ 1

Wp

X
q∈V

Gsðjjp� qjjÞ⋅Gr

�
jIðpÞ � IðqÞj

�
⋅IðqÞ; ð3Þ

where the I0(p) denotes the output intensity value of pixel p
after filtering; I(q) denotes the original intensity value of
neighboring pixel q; V denotes the neighborhood centered
at p;Gs(·) denotes the spatial Gaussian kernel function;Wp
denotes the normalization factor.

Figure 4 compares the denoising performance of
different filteringmethods. It can be observed that bilateral
filtering is more suitable for the paper tube images used in
this study, which contain both texture information and
distinct edges. Therefore, bilateral filtering is selected in
this paper as the noise removal method for paper tube
images.

2.2.2 Image enhancement for cone yarn

In image processing, filtering is commonly used as an initial
preprocessing step, with the primary goal of removing high-
frequency noise or low-frequency noise to improve the
signal-to-noise ratio (SNR) of the image. Although filtering
effectively suppresses random interference and irregular
textures, it inevitably leads to issues such as edge blurring
and detail loss due to the attenuation of certain frequency
components [18]. To further highlight meaningful informa-
tion in the image and enhance local features, image



Fig. 5. Comparison of image enhancement effects.
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enhancement is necessary. Common enhancementmethods
include sharpening, contrast enhancement, and gamma
correction.

Specifically, image sharpening is a spatial enhancement
technique primarily used to enhance edge information and
improve the clarity of image details [19]. Based on its
sharpening effect, this study adopts Laplacian sharpening,
which emphasizes regions with rapid intensity changes to
highlight edge structures. The corresponding expression is
given as follows:

Isharp ¼ Iorig � a⋅∇2I; ð4Þ
where, the Iorig denotes the original image; the ∇2I
represents the second-order Laplacian derivative of the
image; and a is the sharpening coefficient.

Contrast enhancement expands the gray-level distri-
bution of the image, making bright areas brighter and dark
areas darker, thereby improving visual contrast [20]. In this
study, linear gray-level stretching is employed, which maps
the gray range of the original image to a target range [Lmin,
Lmax]. The corresponding expression is given as follows:

Icontrastðx; yÞ ¼ Iðx; yÞ � Imin

Imax � Imin
⋅ðLmax � LminÞ þ Lmin; ð5Þ

where, the range [Lmin, Lmax] is typically set to [0, 255].
Gamma correction is a nonlinear enhancement method

designed based on the characteristics of human visual
perception, and it exhibits a certain degree of adaptability.
The transformation formula is as follows:

Igammaðx; yÞ ¼ c⋅Iðx; yÞg ; ð6Þ
where, the g denotes the gamma coefficient, which
determines the overall brightness of the image. When
g < 1, the image becomes brighter; whereas when g > 1, the
image becomes darker.

The enhancement results of the above methods are
shown in Figure 5.

As shown in Figure 4, gamma correction achieves a
balanced improvement in brightness and contrast,
enhancing both visual quality and structural details.
Specifically, the sharpened image exhibits a clear improve-
ment in edge detail enhancement, making the structural
contours more distinct. However, sharpening enhances the
gradient of gray-level variations, which may cause residual
high-frequency noise in textured or fluctuating brightness
regions to be mistakenly enhanced as edges, resulting in
increased image noise. In contrast, contrast-enhanced
images provide stronger visual distinction between light
and dark areas by stretching the gray-level distribution,
which makes boundaries between bright and dark regions
more prominent, thereby enhancing the overall layering
and structural perception of the image. However, this
methodmay further amplify already bright regions, leading
to overexposure and causing the loss of detail and
excessively sharp edges. Compared to the above methods,
gamma-corrected images achieve a better balance across
multiple enhancement dimensions. By applying a nonlinear
mapping function, gamma correction effectively enhances
the brightness of dark regions, allowing hidden structural
information in the background to be better revealed, while
avoiding over-enhancement of bright areas. The gamma-
enhanced image also presents a more natural gray-level
distribution, with clearly visible internal and external
layers of the paper tube, and smooth, artifact-free edge
transitions. This not only improves image quality but also
preserves detail to the greatest extent, facilitating the
performance of subsequent image processing algorithms.

To quantitatively evaluate the performance of different
enhancement methods, the mean gray value, gray-level
standard deviation, and image entropy were computed, as
listed in Table 1.

Further analysis of Table 1 shows that the sharpened
image has the lowest image entropy, indicating insufficient
detail preservation; the contrast enhancement method
excels in improving contrast but tends to cause local detail
loss; in comparison, the gamma correction method
demonstrates balanced performance across mean gray
value, gray-level standard deviation, and image entropy,
preserving information more comprehensively and yielding
more stable enhancement results. Therefore, gamma
correction is selected as the preferred image enhancement
method in this study.

2.2.3 Color extraction

Color information is an essential component of paper tube
images, and the extraction of color features is closely
related to the choice of color space [21]. Color extraction is
performed by inputting a color image and applying
threshold values set on the three channels in a specified
color space to extract the target region, resulting in a



Table 1. Comparison of statistical results.

Image type Mean gray value Gray-level standard deviation Image entropy

Sharpened Image 112.31 21.46 5.89
Contrast-Enhanced Image 122.73 32.87 6.12
Gamma-Corrected Image 118.09 28.43 6.19

Fig. 6. Binary diagram of the target region.

Fig. 7. Comparison results of RGB, HSV, and HSI color spaces.
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binary image containing only the target area (target pixels
valued at 255, others at 0), as shown in Figure 6. Common
color spaces include RGB, HSV, and HSI.

Specifically, the RGB color space consists of three
primary colors: red, green, and blue. In the RGB model,
color extraction is typically performed by setting threshold
ranges for the three channels to extract the target region.
The corresponding formula is expressed as follows:

Iðx; yÞ ¼
255; Rmin � Rðx; yÞ � Rmax

Gmin � Gðx; yÞ � Gmax

Gmin � Gðx; yÞ � Gmax

0; other

:

8>><
>>: ð7Þ

The HSV color space consists of hue, saturation, and value
components. Its conversion formulas are as follows:

V ¼ maxðR;G;BÞ ð8Þ

S ¼
0; V ¼ 0

1�minðR;G;BÞ
V

V ≠ 0 ;

(
ð9Þ
H ¼

60� � G�B

V �minðR;G;BÞ V ¼ R

60� � 2þ B�R

V �minðR;G;BÞ
� �

V ¼ G

60� � 4þ R�G

V �minðR;G;BÞ
� �

V ¼ B

;

8>>>>>><
>>>>>>:

ð10Þ
where, the target color region can be extracted by setting
the thresholds as Hmin � Hðx; yÞ � Hmax,
Smin � Sðx; yÞ � Smax, and V min � V ðx; yÞ � V max.

The HSI color space is similar to HSV, but places
greater emphasis on distinguishing between intensity and
color components [22]. The conversion formulas are as
follows:

I ¼ RþGþB

3
; ð11Þ

S ¼ 1� 3

RþGþB
⋅minðR;G;BÞ; ð12Þ



Fig. 8. Workflow diagram of the fast edge-point-based matching algorithm.
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H ¼ cos�1 0:5½ðR�GÞ þ ðR�BÞ�ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðR�GÞ2 þ ðR�BÞðG�BÞ

q
0
B@

1
CA; ð13Þ

To compare the performance of the three color spaces in
extracting the color region of cone yarn paper tube images,
threshold values were set in RGB, HSV, and HSI spaces for
the same image, and color extraction was performed
accordingly. The results are shown in Figure 7.

As observed in Figure 6, the RGB color space, which
expresses color information through a combination of three
channels, tends to reduce the color distinction between the
paper tube and the background under significant lighting
variations or complex backgrounds. This leads to blurred
object boundaries and compromises the accuracy of subse-
quent binarization. Moreover, the strong correlation among
RGB channels makes it difficult to independently set
extraction thresholds, indicating certain limitations of the
RGB color space in processing paper tube images. Although
the HSV color space provides better color representation
than RGB, its value (brightness) component is highly
susceptible to environmental lighting variations, and the
saturation component is prone to distortion in areas with
pale printing or reflections. These issues may result in
incomplete recognition of the paper tube region and
discontinuous edges. In contrast, the HSI color space
demonstrates superior adaptability in paper tube image
processing. Under the same lighting conditions and
background, threshold-based color extraction in the HSI
space can more accurately separate the paper tube region,
effectively avoiding boundary blurring in RGB and
brightness imbalance in HSV. Therefore, the HSI color
space is selected in this studyas the primarymethod for color
extraction of cone yarn images.

2.2.4 Template matching

In the preprocessing workflow of cone yarn image
recognition, template matching serves as a critical
intermediate step, accurately locating the target region
and providing precise starting coordinates for the image
unwrapping module. In this study, a fast edge-point-based
matching algorithm is adopted for template matching in
cone yarn images. This algorithm offers high computational
efficiency, strong noise resistance, and good adaptability to
complex image backgrounds [23], significantly improving
overall processing speed while maintaining matching
accuracy. Compared to traditional grayscale matching, this
method exhibits greater robustness for images with distinct
structural features, making it particularly suitable for
scenarios where the cone yarn edges are clear and the
texture is complex.

The principle of the fast edge-point-based matching
algorithm can be expressed as follows:

argmax
x;y;z;scaleX;scaleY

SðFm;Fs;x; y; u; scaleX; scaleY Þ ð14Þ

where, the x and scaleX represent the translation and
scaling factor along the x-axis, while the y and scaleY
represent the translation and scaling factor along the
y-axis; the u denotes the rotation angle of the template.
Based on these five parameters, the template is scaled,
rotated, and translated to align with the target position in
the image. At this stage, Fs and Fm denote the feature sets
of the target and template images, respectively, and u
represents the rotation angle of the template. The function
S = (Fm, Fs) measures the similarity score between the
template and the target image features.

The workflow of the algorithm is illustrated in Figure 8.
And the example of the similarity scores computed by

the algorithm is shown in Table 2.

2.2.5 Annular unwrapping

The core of paper tube annular unwrapping is to transform
the circular (annular) region of the image into a rectangular
representation within a specified angular range. This
enables linear visualization of the ring-shaped image,



Fig. 10. Schematic diagram of coordinate transformation for the
paper tube.

Table 2. Example of similarity scores from the fast edge-point-based matching algorithm.

Template image High similarity image (score: 1.00) Low similarity image (score: 0.86)

Fig. 9. The workflow of the annular unwrapping process.
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facilitating subsequent processes such as color feature
extraction, texture analysis, and pattern recognition,
thereby improving the efficiency and accuracy of image
processing and recognition. The workflow of the annular
unwrapping process for the paper tube is shown in Figure 9.

Specifically, the dimensions of the target unwrapped
annular image are determined by the geometric parameters
of the ring. Assuming that the outer and inner radii of the
ring in the original image are OutRadius and InRadius,
respectively, and the unwrapping angle is Du, the width
DstW of the unwrapped image corresponds to the average
arc length covered by the angle, and the height DstH
corresponds to the radial thickness of the ring. The
calculation formulas are as follows:

DstW ¼ DuðOutRadiusþ InRadiusÞ
2

DstH ¼ OutRadius� InRadius

(
ð15Þ

where, when u = 2p, the unwrapping represents a full
annular expansion; when u< 2p, it corresponds to a partial
unwrapping.

To map each pixel in the unwrapped image back to its
corresponding position in the original image, it is necessary
to perform a coordinate transformation from the Cartesian
coordinate system to the polar coordinate system.
A schematic of the coordinate transformation for the
paper tube is shown in Figure 10. Specifically, the key to
coordinate transformation is determining the correspond-
ing point P0(x0,y0) in the unwrapped rectangular image for
any given point P(x,y) in the annular region. In cone yarn
image processing, the image is typically acquired by
vertically capturing the scene, in which the outer edge
(where the yarn contacts the paper tube) and the inner
hollow edge form a pair of concentric circles with a common
center O(x0,y0). If a ray is drawn from the center O, it
intersects the inner and outer circles at points A(xa,ya) and
B(xb,yb), respectively.

The coordinates of points A and B can be expressed as
follows:

xaðuÞ ¼ x0ðuÞ þRa cos u
ybðuÞ ¼ x0ðuÞ þRa sin u
xbðuÞ ¼ x0ðuÞ þRb cos u
xbðuÞ ¼ x0ðuÞ þRb sin u

8>><
>>: ð16Þ

where, Ra denotes the radius of the inner circle; and Rb
denotes the radius of the outer circle.

Moreover, any point within the annular region can be
uniquely identified by the polar radius r of the ray and its
angle u with respect to the horizontal axis, enabling the
annular region to be systematically and continuously
transformed into a rectangular image.

r ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxb � xaÞ2 þ ðyb � yaÞ2

q
u ¼ arctan

yb � ya
xb � xa

:

8<
: ð17Þ

The annular image unwrapped using the above method is
shown in Figure 11.

3 Cone yarn category recognition based on
SimAM-ResNet18

3.1 SimAM-ResNet18 model approach
3.1.1 ResNet18 network

The Residual Neural Network (ResNet) is a deep learning
architecture that introduces residual blocks and “shortcut
connections” to effectively mitigate issues such as gradient
explosion and degradation commonly encountered in the
training of traditional deep neural networks, thereby
enabling more efficient training of deep models. In this
study, ResNet18 is adopted for cone yarn image classifica-
tion. The network structure and corresponding parameters
of ResNet18 are Table 3.



Fig. 11. Unwrapped annular image.

Table 3. Structural parameters of the ResNet18.

Layer name Network structure

Input layer –

Convolutional layer 7×7,64
Pooling layer 3×3,64
Residual layer 1, 2, 3, 4

3 � 3; 64
3 � 3; 64

�
� 2;

3 � 3; 128
3 � 3; 128

�
� 2

3 � 3; 256
3 � 3; 256

�
� 2;

3 � 3; 512
3 � 3; 512

�
� 2

����

Pooling layer 512×7×7
Fully connected layer 512×1×1,1000
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As shown in Table 3, the convolutional and pooling
layers of ResNet18 are similar to those in traditional
convolutional neural networks. The convolution operation
is primarily used for feature extraction from input data,
while the pooling layers serve to reduce dimensionality,
lower computational cost, and enhance model robustness.
Regarding the activation function, ResNet18 adopts the
ReLU function by default, which is expressed as:

ReLUðinputÞ ¼ maxðinput; 0Þ: ð18Þ
In addition, Batch Normalization (BN) is employed in
ResNet18 to accelerate the training process and improve
model stability.

outputi ¼ gi
res

inputires � mi
resffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

si
res

2 þ eres
p þ bres; ð19Þ

where, mres and sres represent the mean and variance,
respectively; gres and bres denote the scaling and shifting
parameters; eres is a small constantadded fornumerical stability.

For the loss function, cross-entropy loss is adopted,
which enhances the prediction accuracy by measuring the
difference between the model’s predicted values and the
actual labels, as shown in equation (20).

Loss ¼ � 1

Mres

XMres

i¼1

outputi � ln
�
ReLUðinputiÞ þ regex

�
;

ð20Þ
where, the regexdenotes the regularization term,whichaims
to constrain the model complexity, prevent overfitting, and
thereby enhance the generalization capability of the model.

3.1.2 Swish activation function

In cone yarn image recognition tasks, the conventional
ResNet18 network adopts the ReLU activation function by
default. Although ReLU performs robustly in most visual
tasks, it suffers from issues such as “neuron death” and
discontinuity [24], which may limit model performance
when dealing with complex textures and fine edges in cone
yarn images. To address this, the Swish activation function
is introduced in the model design as a replacement for
ReLU, aiming to improve recognition accuracy and
robustness in cone yarn image classification.

Swish, proposed by the Google Brain team, is a novel
activation function with smooth and continuous nonline-
arity. It avoids complete gradient suppression for small
input values, thereby preserving more detailed information
in the feature map [25]. The Swish activation function is
defined as follows:

SwishðxÞ ¼ x⋅sðbxÞ; ð21Þ
where, the s(·) denotes the sigmoid function; and the b is a
tunable hyperparameter that controls the degree of nonline-
arity; it is typically set to 1 as the default configuration.

The comparison between the Swish activation function
used in this study and the ReLU function is illustrated in
Figure 12.
3.1.3 SimAM attention module

In cone yarn image recognition tasks, even after prepro-
cessing, the images often contain strong background
interference, weak target details, and blurred paper tube
boundaries. Although the introduction of the Swish
activation function enhances the smoothness and nonline-
arity of feature extraction, convolutional neural networks
still face limitations in effectively focusing on critical
information across feature channels and spatial dimen-
sions. To further improve the model's ability to attend to
key image regions (e.g., paper tube edges, inner and outer
ring boundaries, and color label areas), this paper
integrates the SimAM (Simple Attention Module) into
the Swish-optimized ResNet18 architecture.



Fig. 12. Swish and ReLU activation function comparison.

10 C. Deng and M. Li: Int. J. Simul. Multidisci. Des. Optim. 17, 2 (2026)
SimAM is a lightweight, parameter-free attention
module based on a neuron energy function. It does not
rely on additional trainable weights [26]. In the SimAM
module, each neuron in the input featuremap is assigned an
energy score. This score is computed using a parameter-free
energy function, which measures the contribution of each
neuron to the entire feature channel. Suppose the ith
neuron in a given feature map channel is denoted as xi, its
energy function is defined as follows:

eiðv; b;xÞ ¼ 1

M � 1

XM
j≠ i

½
�
1� ðvxj þ bÞ

�2

�
�
1� ðvxi þ bÞ

�2

� þ lv2

ð22Þ
where, v and b denote the weight and bias of the linear
transformation; l is the regularization coefficient control-
ling smoothness of the energy function.

To obtain the optimal weight and bias in the energy
function, SimAM employs the following analytical solution:

v ¼ 2ðm� uÞ
ðm� uÞ2 þ 2s2 þ 2l

b ¼ 1

2
ðl� vmÞ

;

8>><
>>: ð23Þ

where, the m and s2 represent the mean and variance of all
neurons in the current channel excluding the target neuron;
and l denotes the value of the target neuron.

Substituting the analytical solution into the energy
function yields the simplified expression of the minimum
energy as follows:

e�i ¼
4ðl� mÞ2

ðm� lÞ2 þ 2s2 þ 2l
; ð24Þ

A lower minimum energy indicates a larger deviation of the
neuron from its surroundings, implying a stronger
representativeness in the current feature channel. Hence,
the attention score is defined as the reciprocal of the
minimum energy to reflect its significance. To obtain the
final attention weights for the entire feature map, SimAM
applies the Sigmoid activation function for normalization,
as shown in equation (24):
X ¼ sigmoid
1

E

� �
⊙X: ð25Þ

where, E denotes the set of minimum energy values for all
neurons in the featuremap; andX is the original featuremap.

Based on these characteristics, the structure of the
SimAM attention module is illustrated in Figure 13.

3.1.4 Cone yarn category recognition model based on
SimAM-ResNet18

To effectively improve the classification accuracy of cone
yarn images, this study integrates the Swish activation
function and the SimAM attention mechanism into the
conventional ResNet18 architecture, thereby constructing
a more task-adaptive image recognition model, referred to
as the SimAM-ResNet18 model. While retaining the
advantages of the residual structure, the model enhances
its attention to key image regions and improves feature
representation by replacing the activation function and
incorporating the attention mechanism. This leads to more
accurate recognition of intricate textures and blurred
boundaries in cone yarn images.

The overall architecture of the SimAM-ResNet18
model is illustrated in Figure 14.

As illustrated in Figure 13, the input image is first
uniformly resized and fed into the initial convolutional layer
for low-level feature extraction. This stage uses a 7 � 7
convolutional kernel in combination with BN and the Swish
activation function to enhance the continuity and nonlinear
expressiveness of feature extraction. Next, a max-pooling
operation is applied to reduce the spatial dimensions of the
featuremap, providing appropriately sized input features for
the subsequent residual learning modules.

The backbone consists of four groups of residual blocks,
each containing several basic residual units. To strengthen
the model’s ability to focus on critical regions (such as tube
edges and color band markings), a SimAM attention
module is inserted after each stage to compute energy
scores for the neurons and apply adaptive weighting,
thereby improving attention performance.

Finally, global average pooling is applied to compress
the extracted high-dimensional features, followed by a fully
connected layer and a softmax classifier to produce the
category prediction of the cone yarn image. During
training, the cross-entropy loss function is used as the
optimization objective to measure the discrepancy between
predicted outputs and ground truth labels, guiding
parameter updates and iterative model optimization.

3.2 Experimental setup and result analysis
3.2.1 Experimental setup

Tocomprehensivelyevaluate theperformanceof theproposed
SimAM-ResNet18 model in cone yarn image category
recognition tasks, all experiments were conducted on a
computing platform equipped with an NVIDIA GeForce
RTX 4060 Ti 8 GBGPU, an Intel Core i9-13900K CPU, and
32GB of RAM. The cone yarn image dataset was collected
from a real-world textile production line. After standardized
preprocessing, a classificationdataset comprising1800 images



Fig. 13. Structure of the SimAM attention module.

Fig. 14. SimAM-ResNet18 network.

Fig. 15. Four common cone yarn categories.
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across four categories (i.e. Green-Straight, Brown-Straight,
Pink-Straight, and Pink-Slant) was constructed, as shown in
Figure 15. The datasetwas split into training, validation, and
testing sets in a ratio of 7:2:1 to ensure scientific rigor and
consistency in model training and evaluation.

To further analyze the model’s discriminative capabili-
ty across different categories, a confusion matrix was
introduced to visualize the experimental results, with its
structure illustrated in Table 4.

Meanwhile, to comprehensively evaluate the model’s
performance, four commonly used metrics (i.e. accuracy,
precision, recall, and F1-score) were employed. The
corresponding formulas are given as equations (25)–(28).
a. accuracy:

Accuracy ¼ TP þ TN

TP þ TN þ FP þ FN
ð26Þ
b. precision:

Precision ¼ TP

TP þ FP
; ð27Þ

c. recall:

Recall ¼ TP

TP þ FN
; ð28Þ

d. F1-score:

F1� score ¼ 2 � Precision � Recall

PrecisionþRecall
; ð29Þ

3.2.2 Result analysis

Tovalidate the specific contributions of theSwish activation
function and the SimAM attention module to the overall
model performance, the proposed SimAM-ResNet18 model
was compared against other models listed in Table 5. All
experiments were conducted under consistent conditions,
including the same training dataset, loss function (cross-
entropy), optimizer (Adam), and hyperparameter configu-
ration (learning rate=0.001, batch size=32, epoch=100).
The comparative results and corresponding confusion
matrices are shown in Table 6 and Figure 16, respectively.
Among them, Table 6 summarizes the quantitative
comparison between the four resnet18 based variants.



Table 4. Principle of the confusion matrix.

Predicted: positive Predicted: negative

Actual: positive True positive (TP) False negative (FN)
Actual: negative False positive (FP) True negative (TN)

Table 5. Information of each model.

Model Backbone Activation function Attention mechanism

M1 ResNet18 ReLU None
M2 ResNet18 Swish None
M3 ResNet18 ReLU SimAM
M4 (Proposed algorithm) ResNet18 Swish SimAM

Table 6. Comparison of recognition results among models.

Model Accuracy (%) Precision Recall F1-score

M1 93.9 0.921 0.930 0.925
M2 96.1 0.943 0.950 0.946
M3 96.7 0.951 0.959 0.955
M4 (Proposed algorithm) 98.3 0.969 0.972 0.970
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As shown in Table 6 and Figure 15, there are significant
differences in the classification performance of bobbin yarn
images across various model architectures. The baseline
model M1 exhibits the lowest performance in all four
metrics, namely accuracy, precision, recall, and F1-score.
Its accuracy reaches only 93.9 percent, indicating limited
capability in recognizing complex textures and blurred
detail regions. Model M2, with the Swish activation
function introduced, demonstrates a notable improvement.
The accuracy increases to 96.1 percent, suggesting that
Swish performs better in capturing nonlinear features and
small signals, while also effectively mitigating the dead
neuron problem often associated with the ReLU function.
Model M3 incorporates the SimAM attention mechanism,
which enables the network to extract more representative
information in both the channel and spatial dimensions of
feature maps. Consequently, the model’s accuracy
improves to 96.7 percent, and the F1-score reaches
0.955. This result confirms the effectiveness of SimAM in
enhancing the representation of local structures and critical
regions. Finally, Model M4, which combines both Swish
and SimAM, achieves the best overall performance among
all models. It reaches an accuracy of 98.3 percent and an
F1-score of 0.970, indicating superior discriminative
capability in cone yarns classification.

Further analysis based on the confusion matrices shown
in Figure 15 reveals that the baseline model M1 exhibits
significant misclassification among multiple categories. In
particular, frequent errors occur between the “Pink-Slant”
and “Brown-Straight” classes. As the model architecture
becomes progressively optimized, classification accuracy
improves accordingly. The M4 model achieves
high-precision recognition across all categories with
virtually no noticeable misclassifications, demonstrating
excellent inter-class discrimination and overall robustness.

Meanwhile, the SimAM-ResNet18model was compared
with other typical models (such as MobileNetV2, Effi-
cientNet-B0, and SENet18), and the results are shown in
Table 7.

As shown in Table 7, although both EfficientNet-B0
and SENet18 demonstrate strong feature extraction
capabilities and certain lightweight advantages in the field
of image recognition, their overall performance in the task
of cone yarns image classification remains inferior to that of
the proposed SimAM ResNet18 model. This performance
gap can be attributed to the higher complexity of feature
discrimination inherent in this task. Specifically, industrial
scenarios present challenges such as strong background
interference, weak cone texture, blurred color boundaries,
and large variations in shooting angles. Traditional models,
originally designed for natural images or conventional
object detection tasks, often lack sufficient feature
discriminability when dealing with targets characterized
by strong intra-class similarity and fine-grained differ-
ences. More specifically, although MobileNetV2 introduces
depth wise separable convolution to significantly reduce
the number of parameters and computational cost, thereby
offering a clear lightweight advantage, this comes at the
expense of feature representation capacity. Its accuracy on
this task is only 91.7%, and both precision and recall are the
lowest among the compared models. This indicates its
limited ability to capture the discriminative features in
cone-shaped yarn images, such as fine textures, color
blending regions, and complex edges, which consequently



Table 7. Comparison results between SimAM-ResNet18 model and other typical models.

Model Accuracy (%) Precision Recall F1-score

M4 (Proposed algorithm) 98.3 0.969 0.972 0.970
MobileNetV2 91.7 0.902 0.913 0.907
EfficientNet-B0 94.8 0.938 0.944 0.941
SENet18 95.6 0.947 0.955 0.951

Fig. 16. Confusion matrices of different models.
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restricts its classification accuracy. EfficientNet-B0, built
upon a compound scaling strategy, exhibits a favorable
trade-off between accuracy and efficiency on general
datasets such as ImageNet. However, its optimization is
biased toward global semantic representation, making it
less effective in modeling the dual demands of local
geometric boundaries and fine texture structures required
in this study. As a result, its accuracy remains at 94.8%,
and significant misclassifications and inter-class ambiguity
are still observed. n comparison, SENet18 enhances the
original ResNet18 by introducing the Squeeze and
Excitation module, which improves inter-channel informa-
tion modeling. This leads to an accuracy of 95.6%, along
with noticeable improvements in precision and recall.
These results suggest that the channel attention mecha-
nism can contribute to modeling inter-class differences in
cone yarns images. However, due to the lack of sufficient
focus on local key regions in the spatial dimension, the
model still shows a tendency toward misclassification in
areas with blurred edges, significant texture disturbances,
or gradual color transitions. Experimental results
demonstrate that SimAM ResNet18 outperforms all
comparison models in four key metrics: accuracy
(98.3%), precision (0.969), recall (0.972), and F1 score
(0.970). Compared with MobileNetV2, EfficientNet-B0,
and SENet18, the proposed SimAM-ResNet18 achieves
consistently higher accuracy, precision, recall, and F1-
score. This improvement is attributed to the Swish
activation, which enhances nonlinear representation,
and the parameter-free SimAM mechanism, which
strengthens attention to edge structures and printed
patterns without increasing computational complexity.
These advantages allow SimAM-ResNet18 to maintain
more stable performance under noise, illumination
variation, and perspective changes.These results confirm
that the proposed SimAM-ResNet18 not only achieves
higher accuracy but also maintains better generalization
under complex industrial conditions. And the stability of
the training process can be inferred from the consistent
improvement and stabilization of performance across
metrics, indicating that the model converged properly
during optimization.



Fig. 17. Examples of horizontally and inclined placed cone
yarns.

Table 8. Information of the dataset.

Index Full name Short name

1 Green Straight-Horizontal GS-H
2 Green Straight-Inclined GS-I
3 Brown Straight-Horizontal BS-H
4 Brown Straight-Inclined BS-I
5 Pink Straight-Horizontal PS-H
6 Pink Straight-Inclined PS-I
7 Pink Twisted-Horizontal PT-H
8 Pink Twisted-Inclined PT-I

Fig. 18. Confusion matrice.
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In addition, to further evaluate the model’s adaptabili-
ty to different real-world scenarios, two datasets were
constructed: one with horizontally placed bobbin samples
and the other with inclined bobbin samples (sample images
and dataset details are shown in Fig. 17 and Tab. 8,
respectively), simulating other typical scenarios on the
production line.

The combined dataset contains 3600 images. Without
any retraining or fine-tuning, the pretrained model was
directly applied for prediction to assess its generalization
performance. The results are shown in Figure 17.

As shown in Figure 18, the overall accuracy reaches
92.8%, indicating that the model maintains strong
discriminative capability and robustness when faced with
practical industrial disturbances such as angle variations,
image inclinations, and background differences. Specifical-
ly, the model performs particularly well in recognizing the
“Pink-Twisted” category, demonstrating strong adaptabil-
ity to texture changes and complex edges. However, there
remains some confusion in inclined categories such as
“Brown-Inclined”, suggesting that there is still room for
improvement in detail extraction under certain viewing
angles.
4 Conclusion

This study presents a deep learning-based method for cone
yarn image recognition suitable for industrial environ-
ments. The ResNet18 architecture was enhanced by
incorporating the Swish activation function and the
SimAM attention mechanism. During preprocessing,
bilateral filtering and gamma correction were used to
improve image quality, the HSI color space was employed
for precise target region extraction, and a fast edge-based
matching algorithm was applied for efficient and accurate
template localization. The proposed SimAM-ResNet18
model achieved a classification accuracy of 98.3%, a
precision of 0.969, a recall of 0.972, and an F1-score of
0.970, outperforming MobileNetV2 (accuracy 91.7%),
EfficientNet-B0 (accuracy 94.8%), and SENet18 (accuracy
95.6%). Moreover, on an extended test set containing eight
categories with various inclination angles, the model
achieved an accuracy of 92.8% without retraining,
demonstrating strong adaptability and stability under
background clutter, texture interference, and viewpoint
variations. Overall, the results indicate that the proposed
method provides high recognition performance and shows
strong potential for real-world industrial applications.

Future studies will focus on real-time deployment
optimization, domain adaptation for unseen yarn types,
and integration with edge computing systems for in-line
inspection.
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