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Abstract

Grinding surface texture is random and feature information is weak, so it is difficult to
extract effective features by deep learning network. In addition, the existing deep learning
methods mostly adopt a large parameter model in grinding surface roughness recognition
task, and the cost of deployment in embedded end is high. In order to solve these problems,
a new lightweight network model GE-MobileNet (Ghost-ECA-MobileNetV3) is proposed.
Based on MobileNetV3, a feature extractor is introduced into the shallow network part of
the model to enhance the ability of the network to extract and suppress the surface texture
feature and noise. At the same time, SE (Squeeze-and-Excitation) attention mechanism is
replaced with ECA (Efficient Channel) attention mechanism with stronger performance. Fi-
nally, the deep network layer is removed to reduce the model size. The experimental results
show that the accuracy of GE-MobileNet-based grinding surface roughness measurement
model on test set is 94.97%, which is better than other networks. This study proves the
effectiveness of the roughness measurement method based on GE-MobileNet.

Keywords: grinding surface roughness; GE-MobileNet; image classification; deep learning;
lightweight network

1. Introduction

In high-tech manufacturing, the surface roughness of parts has become extremely
important in design and production. As a key index to evaluate part quality [1-4], surface
roughness directly affects wear resistance, tightness, corrosion resistance, and assembly
precision. The arithmetic mean Ra is the most commonly used roughness parameter [5]. The
traditional stylus profilometer is widely used in industry, but it is slow, low in automation,
and may damage the workpiece surface [6,7]. Non-contact machine vision methods,
compared with optical [8,9], electrical [10], and other methods, have advantages of low
cost, wide applicability, and high reliability, making them increasingly popular for surface
roughness measurement.

Most machine vision methods rely on the correlation between surface image features
and roughness. Yi [11,12] et al. proposed the use of color information, including sharpness
and quaternion singular value entropy, to establish a grinding surface roughness prediction
model. Compared with grayscale image methods, these approaches reduce information loss
and improve prediction performance. However, manually designed features are limited by
human cognition and are sensitive to illumination conditions.
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With the rapid development of artificial intelligence, deep learning has been widely
used in surface roughness measurement. Compared with traditional machine learning,
deep learning avoids manual feature extraction and offers stronger feature representation
and robustness. Wang [13] et al. used CNNs with transfer learning to classify abrasive belt
grain size and estimate surface roughness. EL Ghadoui [14] proposed roughness detection
models based on Faster R-CNN Inception V2 and ResNet50. Shi [15] used Controlled
Feature Extraction Networks on microscopic images, and Huang [16] enhanced surface
features using red and green light sources with VGG16 for roughness grade recognition.
However, the neural networks used in the above methods have complex structures and
substantial resource overhead, making them difficult to meet the requirements of high
efficiency, low cost, and high precision in machine vision measurement. Therefore, a
lightweight network model is more suitable for grinding surface roughness measurement.

Lightweight networks, such as MobileNet [17], GhostNet [18], MobileViT [19], and
Mobile-Former [20], reduce parameters and computational cost, making them suitable
for embedded applications. However, their performance in grinding surface roughness
measurement is still limited [21], due to random textures and small differences between
roughness grades. Figure 1 shows that grinding surfaces of different Ra values have high
texture similarity, making it difficult to determine roughness grades intuitively.

Ra=0.599 Ra=0.720 Ra=0.846

303

Ra=1.253 Ra=1.521 Ra=2.028

Figure 1. Grinding surface with different roughness Ra (unit: pm); All image sizes are
303 x 303 pixels.

Fine-grained image classification, which handles large intra-class variance and small
inter-class variance [22-24], aligns well with this task. Approaches like bilinear CNN [25],
FBSD [26], and multi-CNN feature fusion [27] improve feature representation for subtle
texture differences. Based on this idea, this study aims to design a lightweight network for
high-precision grinding surface roughness measurement.

To enhance the feature extraction capability of the lightweight network for grinding
surface roughness, GE-MobileNet is proposed as the measurement model for grinding
surface roughness. First, a portion of the main network of GhostNetV2 is used as the
feature extractor for MobileNetV3, sharing the shallow 3 x 3 convolution layer to reuse
the extracted features. These output features are then combined with those extracted by
the main network of MobileNetV3, thereby enhancing the shallow network’s ability to
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extract grinding surface texture features and effectively suppressing noise. Additionally,
the attention mechanism in MobileNetV3 is replaced with the ECA attention mechanism.
Finally, the deep network layers are removed to reduce the model’s scale. The performance
of the model is evaluated through comparisons with other models. This design not only
improves measurement accuracy but also enables fast, low-cost, and resource-efficient
deployment in industrial grinding surface inspection systems.

2. Methods
2.1. Basic MobileNetV3

Google introduced the MobileNet series in 2017. Since then, it has become widely
adopted across industry, powering a range of mobile applications such as object detection,
image classification, facial attribute recognition, and face recognition. MobileNetV1 pi-
oneered the use of depthwise separable convolutions in place of standard convolutions,
dramatically cutting both computational cost and memory usage in convolutional neural
networks (CNNs). Building on this, MobileNetV2 was released in 2018, featuring the
inverted residual structure with linear bottlenecks, which enhanced both the depth and
representational capacity of the network. In 2019, MobileNetV3 was introduced. Unlike its
predecessors, it employed platform-aware NAS [28] and NetAdapt [29] to jointly search
and optimize the network architecture and parameters. MobileNetV3 not only integrates
the depthwise separable convolutions from V1 and the inverted residuals with linear
bottlenecks from V2, but also incorporates the SE attention mechanism, enabling higher ac-
curacy without added inference cost. Moreover, the activation function was updated from
ReLU6 to h-swish, further reducing computational complexity. The overall architecture of

MobileNetV3 is shown in Figure 2.
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Figure 2. MobileNetV3 structure.

Figure 3 presents the structural modules of MobileNetV3. Specifically, Figure 3a,b de-
pict the Bneck blocks with stride values of 1 and 2, respectively. In these blocks, the first two
convolutions consist of a pointwise convolution followed by a depthwise convolution, to-
gether known as depthwise separable convolutions. This design, inherited from the earlier
MobileNet versions, markedly reduces computational cost and parameter usage compared
with standard convolutions. The branch to the left of the main pathway represents the
inverted residual structure with a linear bottleneck. To further enhance representational



Appl. Sci. 2025, 15, 11489

40f18

power, the SE attention mechanism [30] is introduced, enabling the model to better assess
the importance of different feature channels. As shown in Figure 3c, the mechanism begins
by applying a global average pooling layer, compressing each two-dimensional feature
map into a single scalar to capture channel-wise global information. This is followed by
two convolutional layers and a nonlinear activation function that establish inter-channel
relationships and perform the Excitation step. Finally, a scaling operation adjusts the feature
responses accordingly.
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Figure 3. MobileNetV3 related module structure. (a) MobileNetV3 Bneck structure (stride = 1);
(b) MobileNetV3 Bneck structure (stride = 2); (c) SE Attention structure.

2.2. Feature Extractor GhostNetV2

Generally, shallow layers of convolutional neural networks are better at capturing fine-
grained details such as color, texture, and edges due to their proximity to the input. Based
on this principle, this study incorporates several Bottleneck layers from GhostNetV2 [18]
into the shallow layers of MobileNetV3 as a feature extractor, thereby enhancing the model’s
ability to capture the fine particle characteristics of the grinding surface. The structure of
the GhostNetV2 network is shown in Figure 4. There are two key reasons for using the
Bottleneck layers of GhostNetV2 as the feature extractor: first, the network architecture
closely resembles that of MobileNetV3, making it easier to match the output dimensions
of the network layers; second, the Bottleneck layers of GhostNetV2 integrate the DFC
attention mechanism into the GhostNet layer, as depicted in Figure 5a,b. The parallel
structures of the DFC attention mechanism and the Ghost module [31] enable the extraction
of more abundant grinding surface features from multiple perspectives.

I|

Conv + BN + RELU

Average
Pooling

— Quiput

flatten
linear

Conv + BN + RELU GhostBottleneckV2

Figure 4. GhostNetV2 structure.
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Figure 5. GhostNetV2 related module structure. (a) BottleNeck structure (stride = 1); (b) BottleNeck
structure (stride = 2); (¢) Ghost Module structure; (d) DFC Attention structure.

The Ghost module within the Bottleneck layer generates additional feature maps
through inexpensive operations, effectively producing as many feature maps as a conven-
tional convolutional layer. This enables the model to fully capture fine features related
to the roughness of the grinding surface. Figure 5c demonstrates that the Ghost module
extracts feature information viaa 1 x 1 convolution to generate the base feature map, which
is then followed by the generation of the Ghost feature map through depthwise separable
convolutions of size d x d. The base feature map and the Ghost feature map are then
concatenated to form the final output. The DFC attention mechanism captures long-range
dependencies between pixels at different spatial positions, enhancing the model’s ability
to characterize the features more effectively. As shown in Figure 5d, the DFC attention
mechanism employs average pooling and dual linear interpolation for downsampling and
oversampling, respectively. The horizontal FC applies a 1 x 5 convolution for horizontal
operations, while the vertical FC uses the same structure.

2.3. ECA Attention Mechanism

To make the improved model more lightweight, the SE attention mechanism in the
MobileNetV3 network was replaced with the ECA attention mechanism [32]. Unlike the
SE module, the ECA module avoids dimensionality reduction and captures cross-channel
interactions in a more efficient manner. Figure 6 illustrates the principle of the ECA
attention mechanism. Compared to traditional attention mechanisms like SE, the ECA
mechanism eliminates the fully connected layer after global average pooling. It instead
uses a1 x 1 convolution followed by a Sigmoid activation function to compute the channel
weight values. These weight values are then element-wise multiplied with the input feature
map to produce the weighted feature map as the output.
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Figure 6. ECA schematic diagram.

The attention mechanism of ECA can be represented by Formula (1). The aggregate
feature y € RC is the input of the attention mechanism of ECA, w represents the channel
weight vector after the feature passes through the attention mechanism, Conv1d(-) repre-
sents the one-dimensional convolution, k represents the size of the convolution core of the
convolution. When k = 3, the complexity of the module is the lowest and the effect is the
best. o(-) denotes the sigmoid activation function.

w = o(Convld(y)) (1)

There is a mapping relationship ¢ between the convolution kernel size k of one-
dimensional convolution and the channel number C, which affects the performance of
the attention mechanism to capture local channel information interaction, ¢ as shown in
Formula (2):

C=d(k) 2)

Since the relationship characterized by the linear function ¢ (k) = v x k + b is limited
and the number of channels C in the neural network is usually limited to the power of 2, the
mapping relationship ¢ can be expressed as a nonlinear function, as shown in Formula (3):

C = ¢p(k) = 20rx<k+b) ®)

Therefore, the size of k can be determined according to the number of channels C, as
shown in Formula (4):

log,(c) n b

Y Y

where |x|,;; represents the nearest odd number of X, y and b are set to 2 and 1, respectively.

k=y(c) = 4

odd

2.4. GE-MobileNet

The classification of grinding surface roughness can be viewed as a subcategory image
classification task, which requires more advanced feature extraction and more precise
models to capture the subtle differences between various roughness categories. To address
this, this study introduces the shallow Bottleneck layer from the GhostNetV2 network as
a feature extractor into MobileNetV3, enhancing the model’s ability to extract low-level
features, such as texture. To further optimize the model’s efficiency, this study replaces the
SE attention mechanism in the original MobileNetV3 with the ECA attention mechanism
and removes the deeper layers of the network. Based on these improvements, this study
has named the resulting model Ghost-ECA-MobileNetV3, abbreviated as GE-MobileNet.
The structure of the GE-MobileNet network is shown in Figure 7.
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Figure 7. GE-MobileNet structure.

The GhostNet v2 feature extractor can reuse the feature maps output by the first layer
of 3 x 3 convolutional layers and extract features from another perspective and then add
them to the same size features extracted by MobileNetV3. This can effectively suppress
the noise of the feature maps, strengthen the extracted key features, and enhance the
representation ability of the model. Compared to the method of using 1 x 1 convolutional
layers for fusion after feature concatenation, the fusion method of directly adding features
can save a lot of memory and time costs. The operation of introducing a feature extractor
can be expressed as Formula (5), where F; (x) represents the output of the input feature map
x after passing through the shallow BottleNeck of MobileNetV3, F,(-) represents the output
of the feature map after passing through the GhostNetV2 feature extractor, Identity(-)
represents the feature reuse operation, and y represents the weighted feature map extracted
from two perspectives.

y = Fi(x) + Ex(Identity(x)) (5)

In addition, to address the issue of increasing model size caused by the introduction of
feature extractors, this study removed the deep parts of the MobileNetV3 and GhostnetV2
network backbones and modified the overall network structure. Although this may weaken
the model’s ability to express advanced features, it does not affect its performance in this
task. Moreover, this operation can significantly reduce the number of parameters in the
model. The specific structure of the GE-MobileNet network is shown in Table 1.

In Table 1, Inputl and Input2 represent the input tensor sizes for the MobileNetV3
network layer and the feature extractor layer, respectively. Operatorl and Operator2 refer
to operations performed on a specific layer of MobileNetV3 and GhostNet, respectively.
Bneckl and Bneck?2 represent the MobileNetV3 Bneck and GhostNetV2 Bottleneck, respec-
tively. Expsize indicates the number of channels in the convolution of the hidden layer,
and #out refers to the number of channels in the output feature map. ECA representative
indicates the replacement of the network’s original attention mechanism with the ECA
attention mechanism. NL denotes the type of activation function used, with this network
employing ReLU and Hardswish activation functions (simplified as RE and HS in the table).
Lastly, s represents the step size used in the layer convolution.
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Table 1. GE-MobileNet network architecture.

Inputl Operatorl Input2 Operator2 Expsize #out ECA NL s
2242 x 3 Conv2d,3 x3 - - - 16 - HS 2
1122 x 16 Bneck, 3 x 3 1122 x 16 Bneck2, 3 x 3 16 16 - RE 1
1122 x 16 Bneck, 3 x 3 1122 x 16 Bneck2,3 x 3 64 24 - RE 2
562 x 24 Bneck, 3 x 3 562 x 24 Bneck2,3 x 3 72 24 - RE 1
282 x 24 Bneck, 5 x 5 562 x 24 Bneck2, 5 x 5 72 40 Vv RE 2
282 x 40 Bneck, 5 x 5 282 x 40 Bneck2, 5 x 5 120 40 Vv RE 1
282 x 40 Bneck, 5 x 5 282 x 40 Bneck2,5 x 5 120 40 Vv RE 1
142 x 40 Bneck, 3 x 3 142 % 80 Bneck2, 3 x 3 240 80 - HS 2
142 x 80 Bneck, 3 x 3 - - 200 80 - HS 1
142 x 80 Bneck, 3 x 3 - - 184 80 - HS 1
142 x 80 Bneck, 3 x 3 - - 184 80 - HS 1
Input Operator -

142 x 80 Conv2d, 1 x 1 - 480 - HS 2
72 x 80 Pool, 7 x 7 - - - - 1
12 x 480 Linear - 1280 - HS 1
12 x 1280 Linear - 4 - - 1

/: The component is included; -: The component is not included or not applicable.

3. Experiment

The experimental flowchart is shown in Figure 8. First, the grinding sample prepa-
ration and experimental device design are completed, followed by image acquisition.
The collected images are then augmented through cropping operations. Afterward, the
dataset is split into a training set and a test set according to a specific ratio. The grinding
surface roughness measurement model is trained using the training set, and finally, the
GE-MobileNet model is evaluated using the test set.

v

Lightweight model improvement

Sample Preparation

I '

Imaging system Ablation Experiment
construction ]
1 Comparative experiment
data acquisition Model evaluation
Y Y

Save model

Dataset partitioning

Figure 8. Experimental flowchart.

3.1. Sample Preparation and Workpiece Roughness

Forty-one sample blocks were processed using a regular surface grinder (M7150H),
with dimensions of 50 x 50 x 10 mm and made of 45# steel. The grinding machine is
shown in Figure 9, with the workpiece fixed using a clamping method during the grinding
process. Different grinding parameters were set to achieve varying surface roughness. The
machining parameters are listed in Table 2.
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Figure 9. A conventional surface grinder (Model M7150H).

Table 2. Processing conditions.

Grinding Processing Parameters

Infeed traverse speed (m/min) 8

Rotating speed of grinding wheel (r/min) 1500

Grinding wheel grain size (number of 1120, 100, 80, 60, 46

meshes)

Grinding depth (mm) {0.005, 0.010, 0.015, 0.020}

glgreldmg wheel material, hardness, binder White corundum, L, ceramic binder V

The evaluation parameter for surface roughness is the arithmetic mean deviation Ra.
The roughness of each sample block surface was measured at six positions, as shown in
Figure 10a, using the roughness meter TA260 (Figure 10b). Measurements were performed
with a sampling length of 10 mm, employing a combination of S and L filters and a stylus
with a conical shape and spherical tip, having a tip radius of ryjp = 5 um. The arithmetic
mean of the six measurements was taken as the roughness value of the sample block. The
measurement results for all sample blocks are summarized in Table 3.

Table 3. Surface roughness value (Unit: um).

NO First Second Third Fourth Fifth Sixth Average
1 0.390 0.439 0.414 0.361 0.391 0.502 0.416
2 0.392 0.439 0.438 0.448 0.464 0.409 0.432
3 0.562 0.502 0.578 0.562 0.537 0.525 0.544
4 0.589 0.565 0.588 0.684 0.616 0.552 0.599
5 0.637 0.653 0.579 0.603 0.580 0.558 0.602
6 0.712 0.657 0.522 0.560 0.697 0.544 0.615
7 0.672 0.705 0.715 0.656 0.702 0.701 0.692
8 0.663 0.662 0.654 0.676 0.689 0.822 0.694
9 0.703 0.727 0.683 0.708 0.739 0.686 0.708
10 0.609 0.684 0.751 0.788 0.663 0.822 0.720
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Table 3. Cont.

NO First Second Third Fourth Fifth Sixth Average
11 0.632 0.903 0.679 0.545 0.822 0.764 0.724
12 0.695 0.778 0.768 0.809 0.783 0.743 0.763
13 0.755 0.848 0.818 0.795 0.792 0.824 0.805
14 0.704 0.764 0.760 0.745 1.027 0.999 0.833
15 0.884 0.834 0.836 0.806 0.849 0.838 0.841
16 0.715 0.995 0.820 0.612 0.954 0.980 0.846
17 0.846 0.821 0.825 0.960 0.884 0.809 0.858
18 0.783 0.776 0.964 0.710 0.836 1.189 0.876
19 0.867 0.891 0.820 0.954 0.917 0.907 0.893
20 1.252 0.846 0.979 0.676 0.797 0.810 0.893
21 0.882 0.868 1.075 0.708 0.944 0.931 0.901
22 0.867 0.887 0.970 0.844 0.889 0.988 0.908
23 0.824 1.039 0.937 0.786 0.926 1.059 0.929
24 1.040 1.164 1.100 0.953 1.059 1.066 1.064
25 1.172 1.324 1.290 1.101 1.367 1.262 1.253
26 1.132 1.456 1.275 1.084 1.302 1.366 1.269
27 1.004 1.249 1.140 1.356 1.473 1.676 1.316
28 1.369 1.339 1.893 1.674 1.070 1.397 1.457
29 1.598 1.659 1.655 1.388 1.461 1.362 1.521
30 1.038 2.048 1.633 0.895 1.746 1.808 1.528
31 1.958 1.386 1.473 1.463 1.362 1.799 1.574
32 1.764 1.670 1.694 1.642 1.621 1.515 1.651
33 2.259 1.497 2.193 2.321 2.179 1.582 2.005
34 1.778 2.142 1.964 2.087 2.120 2.077 2.028
35 1.986 2.065 2.072 2.040 2.051 2.111 2.054
36 2.103 1.932 2.068 2.167 2.106 2.118 2.082
37 1.85 2.173 2.318 2.022 2.000 2.366 2.122
38 2.205 2.012 2.231 2.059 2.200 2.108 2.136
39 2.101 2.158 2.140 2.186 2.167 2212 2.161
40 2.059 2.197 2.233 2.259 2.187 2.192 2.188
41 2.877 1.257 2.674 1.217 3.130 2.099 2.209

1.040um 1.164um |

1.100[_1!]:! 0.953um

1.059um 1.066um

X

Texture direction

0
Stylus motion direction

(a) Average roughness Ra 1. 064 um (b) Surface roughness tester TA260
Figure 10. Measurement details and measuring instrument.
According to the standards of the International Organization for Standardization (ISO

21920-1:2021) [33], the grinding workpieces were classified into four roughness grades
based on the ranges [0.4, 0.8) um, [0.8, 1.2) um, [1.2, 1.6) um, and [1.6, 2.3) um. Due to
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factors such as machine tool vibration and abrasive wear of the grinding wheel during
actual processing, the number of samples in each roughness grade, prepared according to
the designed processing parameters, is uneven.

3.2. Image Acquisition System

The image acquisition system is shown in Figure 11, where (a) depicts the physical
setup and (b) shows a schematic diagram. During image acquisition, the grinding sample
block is positioned directly beneath the optical axis of the CCD camera. Two strip light
sources, aligned parallel to the grinding texture direction of the sample block, illuminate
the surface at an appropriate angle. The sample block is placed on an angle gauge to adjust
the normal angle between the camera’s optical axis and the measurement surface, as well
as the working distance & between the camera optical axis and the workpiece surface, in
order to achieve different acquisition conditions. The light intensity is adjusted using the
light source controller.

Computer

acquisition terminal |

,—| Basler Color
CCD camera

White strip

light source

\
(Jl Experimental

workpiece

Angle gauge

[ |

(a) Physical image (b) Partial schematic diagram

Figure 11. Image acquisition system.

In order to improve the robustness of the model, multiple conditions are set to add
noise to the dataset and increase the number of samples in the dataset, so that the model has
stronger recognition ability for grinding surface images collected in variable environments.
The parameters of the image acquisition related system are shown in Table 4. During
the acquisition process, C; x C} x C} condition combinations are set for angle 6, light
intensity, and the working distance /1 from the lens to the grinding surface. Figure 12
shows the grinding surface images collected under different environmental conditions.
41 sample blocks were combined with 36 acquisition conditions, resulting in a total of
1476 images collected.

Table 4. Image acquisition related system parameters.

System Parameter Value Number of Conditions
Angle 0 (unit: °) 0,5,10,15, 20,25 6
Light intensity (unit: LUX) 400~900, 1200~1700, 1900~2300 3

Working distance h (unit: cm) 25,35 2
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400~900 LUX 1200~1700 LUX

Figure 12. Grinding surface images under different environmental conditions (Image size:
640 x 640 pixels).

3.3. Data Partitioning

After setting 36 environmental conditions for each sample block during collection,
the acquired images were cropped, resulting in 72 images per sample block. The number
of training and testing images after dataset partitioning is shown in Table 5. The test
set consists of 144 images, corresponding to two randomly selected samples from each
roughness grade, totaling 576 images.

Table 5. Cropped dataset.

G1 G2 G3 G4
Roughness (um) (0.4-0.8] (0.8-1.2] [1.2-1.6) [1.6-2.3) All
Number of training samples 10 10 5 8 33
Training set 720 720 360 576 2376
Number of test samples 2 2 2 2 8
Test set 144 144 144 144 576

4. Analysis and Discussion of Experimental Results
4.1. Ablation Experiment

This study validated the effectiveness of the added feature extractor through ablation
experiments and assessed the impact of removing the deep network structure, as well
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as the effect of introducing different attention mechanisms on model performance. The
validation results are presented in Table 6. Model_a incorporates a feature extractor based
on MobileNetV3; Model_b further replaces the original SE attention mechanism in Model_a
with the ECA attention mechanism; Model_c is obtained by removing the deep network
structure from Model_a.

Table 6. Ablation results.

Remove the Deep Attention

Model Name Feature Extractor Network Structure Mechanism Accuracy% Param
MobileNetV3 - - SE 92.71 3.90M
Model_a vV - SE 93.58 8.78 M
Model_b N4 - ECA 94.62 751 M
Model_c Vv Vv SE 92.71 574 M
GE-MobileNet Vv Vv ECA 94.97 572M

/: The component is included; -: The component is not included or not applicable.

According to Table 6, the accuracy of Model_a improved by 0.87% compared to
MobileNetV3. This improvement is attributed to the introduction of the feature extractor,
which enhances the model’s ability to represent low-level features. Unlike extracting image
features from a single perspective, the feature extractor enables the model to capture richer
fine-grained information from multiple perspectives. Compared to Model_a, Model_b
achieves a 1.04% increase in accuracy while reducing the parameter count by 1.27 M. This
is because the ECA attention mechanism avoids the loss of grinding surface information
caused by dimensionality reduction in the SE mechanism, and its simpler module structure
allows for improved performance with fewer parameters. Model_c, obtained by removing
the deep convolutional layers from Model_a, reduces the number of parameters by 3.04 M,
yet its accuracy decreases by only 0.87%. This suggests that deep convolutional layers
may not be critical for extracting high-level semantic information when identifying surface
roughness in grinding. Finally, GE-MobileNet improves accuracy by 2.26% compared to
Model_c, further demonstrating the superiority of the ECA attention mechanism over the
SE attention mechanism.

4.2. Model Comparison Analysis

To evaluate the overall performance of GE-MobileNet, this study selected Mo-
bileNetV3, GhostNetV2, and MobileViTv3 as comparative models for this experiment.
MobileNetV3 and GhostNetV2 are widely used and well-established lightweight convolu-
tional networks, while MobileViTv3 represents a state-of-the-art lightweight network that
combines Transformer and CNN architectures.

The results of the model comparison experiment are shown in Table 7. It can be seen
that GE-MobileNet achieves the highest accuracy, precision, and F1 score. Its accuracy
reached 94.97%, which is 2.26%, 7.99%, and 11.29% higher than MobileNetV3, GhostNetV2,
and MobileViTv3, respectively. The precision reached 94.94%, representing increases of
1.57%, 7.4%, and 10.68%, respectively, while the F1 score reached 94.95%, surpassing the
other models by 1.91%, 7.69%, and 10.98%, respectively.
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Table 7. Performance comparison of each network model on the test set.

Model Name GE-MobileNet (Ours) MobileNet V3 GhostNet V2 MobileViT V3
Accuracy (Mean/%) 94.97 92.71 86.98 83.68

Accuracy (Variance) 0.032 0.062 0.116 0.152

Precision (Mean /%) 94.94 93.37 87.54 84.26

Precision (Variance) 0.026 0.048 0.084 0.130

F1 (Mean/ %) 94.95 93.04 87.26 83.97

F1 (Variance) 0.029 0.044 0.096 0.122

Param 5.72M 3.90 M 4.88 M 721 M

As shown in Table 7, GE-MobileNet achieves both the highest mean values and the
lowest variances for all metrics, indicating superior stability and robustness across repeated
experiments. Moreover, its parameter count remains at the same order of magnitude
as the other networks, demonstrating a favorable balance between model complexity
and performance.

Opverall, these experimental results demonstrate that GE-MobileNet provides not only
higher classification accuracy but also more consistent and reliable performance on the test
set compared with the other lightweight models.

Figure 13 shows the accuracy-loss (Acc-Loss) curves of each model in the comparative
experiment. As shown in Figure 13a, the loss curve of GE-MobileNet converges faster
than those of the other models within the first 50 epochs and exhibits relatively small
oscillations. In contrast, the loss curve of MobileNetV3 shows more pronounced oscillations
between 25 and 100 epochs, while GhostNetV2 and MobileViTv3 continue to exhibit larger
oscillations even after 100 epochs. This indicates that GE-MobileNet demonstrates superior
stability and learning representation capability compared to the other models. Figure 13b
shows that after 150 epochs, GE-MobileNet achieves the highest average accuracy. These
experimental results indicate that the newly designed lightweight network GE-MobileNet
possesses stronger feature extraction capabilities and outperforms other mainstream models
in the task of grinding surface roughness detection.

1.2
—— GE_Mobilenet Loss
1.0 —— MobilenetV3 Loss
’ —— GhostNetV2 Loss
& 0.81 === MobileViT V3 Loss
o
=1
0.61
0.4 1
1.0
0.9
3 0.81
8
5 0.7 1
8 GE_Mobilenet Acc
< 0.6 —— MobilenetV3 Acc
0.5 - GhostNetV2 Acc
’ = MobileViT V3 Acc
0.4 L T T T T T T T T
0 25 50 /i) 100 125 150 175 200
Epochs

(b) Acc curve

Figure 13. Acc-Loss curves of each model in comparative experiment.
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The confusion matrices of each model on the test set are shown in Figure 14. GE-
MobileNet achieves an accuracy of 99.31% for the first category, which is 9.73%, 6.25%, and
19.45% higher than MobileNetV3, GhostNetV2, and MobileViTv3, respectively. For the
second category, GE-MobileNet also achieves 99.31% accuracy, surpassing the other three
models by 2.09%, 15.28%, and 21.53%, respectively. The high classification performance
of GE-MobileNet in the first two categories demonstrates its excellent feature extraction
capability for grinding surfaces with unclear texture information. However, the accuracy for
the third and fourth categories is only 90.28% and 90.97%, respectively, which is attributed
to the relatively small number of samples in these categories, limiting the model’s ability
to fully learn their features. Overall, GE-MobileNet outperforms the other three models
across all roughness grades, making it particularly suitable for applications in grinding
surface roughness measurement tasks.
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Figure 14. Cconfusion matrix of each model on the test set.

4.3. Discussion

In actual online measurement scenarios, the camera is generally fixed, resulting in
constant imaging distance and angle; however, the on-site lighting environment is often
difficult to control [34]. Visual measurement is typically sensitive to lighting conditions,
and variations in illumination intensity can affect the model’s performance in image
classification [21]. In the previous experiments, the lighting conditions for samples in
the training and testing sets were consistent. Although the light intensity during image
acquisition varied, the model’s robustness to different lighting conditions could not be
fully verified.

To investigate the light source robustness of the GE-MobileNet model, this study
retained only images collected under 400-900 LUX and 1200-1700 LUX in the training set,
reducing the number of training samples to two-thirds of the original, totaling 1584 images.
In the test set, only images collected under 1900-2300 LUX were retained, resulting in
one-third of the original samples, totaling 192 images. The experimental hyperparameters
were kept consistent with the previous experiment, with the number of epochs set to 200.
The experimental results are presented in Figure 15.

After 200 epochs, the model achieved a maximum accuracy of 93.75%. These results
indicate that the model maintains high recognition accuracy for grinding images under
1900-2300 LUX illumination, even without prior exposure during training. As shown in
Figure 15a, the overall loss exhibits a converging trend, but with significant oscillations.
This is attributed to the small number of samples in the light source robustness experiment
and the substantial distribution differences between the unseen lighting images and the
training set, which prevent the loss curve from converging smoothly during training.
Figure 15b shows that GE-MobileNet achieves recognition accuracies of 93.75% and 97.92%
for the first and second categories of grinding images under unknown lighting conditions,
respectively. This demonstrates that the model retains strong capability in extracting fine
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features of the grinding surface even under varying illumination, confirming its robustness

to lighting conditions.
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Figure 15. Effect of GE-MobileNet on grinding images under unknown light source environment.

To further improve the training process and accuracy, a larger dataset is required,
especially for grinding samples with random surface textures. More data will allow the
model to fully learn the subtle features of the grinding surfaces, thereby enhancing its
generalization ability. In future work, this study aims to build more comprehensive datasets
to ensure that the sample data meets practical industrial standards. Additionally, this study
plans to deploy the model on various embedded hardware platforms to construct an online
recognition and measurement system for grinding surface roughness.

5. Conclusions

This study proposes a novel GE-MobileNet network for detecting grinding surface
roughness, effectively addressing the challenges of roughness classification caused by
random surface textures and difficult feature extraction. Ablation experiments verified that
the introduction of the GhostNetV2 feature extractor and the ECA attention mechanism
improved model accuracy by 2.26%, while keeping the model lightweight with only 5.72 M
parameters. A comprehensive performance comparison with mainstream lightweight
networks, including MobileNetV3, GhostNetV2, and MobileViT V3, demonstrated that
GE-MobileNet achieves superior performance, attaining the highest accuracy, precision,
and F1-score, reaching 94.97%. As shown in Table 7, GE-MobileNet also exhibits the lowest
variance across repeated experiments, indicating strong stability and robustness. Further
analysis under varying lighting conditions showed that the model maintains a recognition
accuracy of 93.75%, highlighting its robustness to illumination changes.

The proposed GE-MobileNet combines high accuracy, robustness, and a lightweight
design, making it suitable for real-time and embedded applications. The method is practical
and cost-effective, as it can be implemented on standard industrial cameras and low-cost
embedded devices, such as a Raspberry Pi, providing a user-friendly environment for
practitioners. However, the model was trained and tested on a relatively small dataset of
grinding surfaces, which may limit its generalization to more diverse industrial conditions.
Future work will focus on expanding the dataset, enhancing the network to handle more
complex surface textures, and integrating the model into online grinding process monitor-
ing systems. Overall, GE-MobileNet provides a solid foundation for accurate and efficient
online measurement of grinding surface roughness using lightweight networks.
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