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Abstract: Mechanical optimization refers to the use of
advanced mechanical equipment and physical processes
to optimize raw materials, products, etc., in production,
reduce energy consumption, and improve production effi-
ciency and product quality. In the cloud manufacturing
mode of manufacturing enterprises, the design of mechan-
ical products requires server optimization based on the
demand side. The existing server optimization algorithms
are not intelligent enough for server discovery and optimi-
zation in this mode. A mechanical product design service
and manufacturing method based on convolutional neural
network and server discovery and optimization architec-
ture is proposed, which combines deep learning and
optimal path algorithm to select better mechanical product
services. Research outcomes showed that the training accu-
racy and testing accuracy of the research network were
98.89 and 96.88%, respectively, with training loss and
testing loss of 0.04619 and 0.08921, respectively. In contrast,
the training accuracy and testing accuracy of the compara-
tive network were 93.95 and 85.31%, respectively, with
training loss and testing loss of 0.3556 and 0.4872. The run-
ning time of the two neural networks is 105 and 73 min,
respectively. Overall, the accuracy of the research network
is high, and the loss is small. The training accuracy and loss
of the new activation function proposed in the study have
always been superior to other functions. The path and
running time of the server optimization path algorithm
have better performance. It can be seen that the research
proposed methods have good performance and advantages
in mechanical product design services and optimization,
which can provide technical references and directions

for the development of manufacturing service-oriented
enterprises in cloud manufacturing mode.

Keywords: convolutional neural network, server optimiza-
tion, mechanical products, manufacturing system, product
design

1 Introduction

With the rapid growth of information technology and the
deepening of globalization, the manufacturing industry is
facing unprecedented challenges and opportunities. The
traditional manufacturing model is no longer capable of
adapting to the rapid changes in market demands and the
increasingly complex product production processes that
are characteristic of the contemporary era. In contrast,
the adoption of novel information technologies, including
cloud computing, big data, and the Internet of Things (IoT),
offers a promising avenue for the advancement of manu-
facturing industry innovation [1,2]. In this context, cloud
manufacturing, as an innovative service-oriented net-
worked manufacturing model, is gradually emerging and
becoming a significant driver of transformation and
upgrading in the manufacturing industry. Cloud manufac-
turing represents a convergence of advanced information
technology, manufacturing technology, and emerging IoT
technologies, exemplifying the concept of manufacturing
as a service [3]. It employs state-of-the-art information
technology concepts, including cloud computing, to facili-
tate the provision of high-value, cost-effective, and globally
distributed manufacturing services for a diverse range of
products in various network resource environments. Many
researchers have put forward their insights on product
manufacturing and design. IoT devices cannot address
the issues of high-dimensional machine detection and
data imbalance. Murugiah et al. proposed a new Industry
4.0 predictive manufacturing system for inspecting machi-
neries. In the initial phase of the study, data were collected
from sensors utilized in the IoT industry. Following the
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extensive cleaning of the data set, deep features were
extracted using the multi-scale dilation attention convolu-
tional neural network. A hybrid algorithm, namely prob-
abilistic beetle swarm-butterfly optimization, was
employed to extract deep weighted features and optimize
the weights. Subsequently, the weighted features were allo-
cated to the optimized hybrid fault detection conducted by
the deep neural network and deep belief network [4]. The
efficacy of the proposed model was evaluated based on a
set of actual measurement values in the context of Industry
4.0. In response to the growing demand from consumers
for products that are environmentally responsible, there
has been a notable increase in the focus on sustainable
product design in recent years. However, because of the
lack and ambiguity of knowledge among clients and
experts, including uncertainty in understanding, the
design is not feasible. To address this gap, Zhou proposed
a novel multi-objective optimization (MOO) ranking tech-
nique that integrates the technique for order preference by
similarity to ideal solution (TOPSIS) method. Additionally,
Zhou designed a fuzzy Markov Taguchi system method to
mitigate cognitive uncertainty associated with customer
preferences regarding optimization objectives. The imple-
mentation of the novel TOPSIS method yielded the optimal
design solution, as evidenced by experimental results. This
method provided an exemplar of sustainable substrate
design and enabled sensitivity analysis scenarios and com-
parative studies to be conducted, thereby demonstrating
the efficacy of the proposed method [5]. In the context of
the contemporary industrial revolution, additive manufac-
turing represents a promising technological advancement
with the potential to enhance the efficacy, flexibility, and
competitiveness of the supply chain. Brito et al. proposed a
new design method for additive manufacturing–supply
chains using optimization techniques. The research results
indicated that this method was evaluated in real use cases
of elevator maintenance service providers, and the pro-
posed design method had good capabilities in addressing
the challenges brought by the widespread use of 3D prin-
ters in SC manufacturing [6]. High-resolution laser additive
manufacturing markedly expands design autonomy, pro-
pels the evolution of topology optimization (TO), and pro-
pounds advanced structural design methodologies. To fully
capitalize on the benefits of voxel-based forming techni-
ques, Li et al. proposed a novel artificial intelligence-
assisted TO approach for laser-based parallel optimization
design, which aims to encompass the relationship between
process performance and design variables. The method
employed heuristic and gradient-based algorithms to con-
currently design the micro-material properties and macro-
structural topology of 3D components. In comparison to

classical optimization techniques, numerical simulations
demonstrated that this approach could markedly enhance
the macroscopic structural mechanical performance. This
collaborative design methodology could be extensively uti-
lized in the design and optimization of intricate functional
components, as well as case studies of artificial intelli-
gence-assisted product evaluation [7].

The product service systems (PSSs) have precipitated a
rapid evolution in the manner by which value is created
within the manufacturing industry. The existing PSS con-
figuration solutions afford customers the opportunity to
select preferred product and service modules, character-
ized by a high degree of granularity. Zhang et al. addressed
the product-oriented PSS configuration optimization pro-
blem from a fine-grained perspective. A multi-layer net-
work comprising the product layer, service layer, and
resource layer was constructed to represent the elements
and relationships inherent to the PSS. It should jointly con-
sider service activity selection and resource allocation,
construct a mathematical model for optimizing PSS config-
uration, and make the calculation of optimization objec-
tives under constraint conditions closer to the actual
execution situation. The findings of the research indicated
that the significance of service activities was perceived to
enhance the performance of service activities with greater
importance. The corresponding algorithm was enhanced
and implemented to determine the optimal solution, and
case studies in the automotive industry demonstrated the
diverse advantages of the proposed method [8]. In the con-
text of the Internet and big data, a novel production and
operational organizational model for the intelligent auto-
mobile industry will facilitate its transformation in several
key areas, including product planning, design, production,
marketing, operation, and maintenance. Moreover, this
model has the potential to facilitate service innovation
oriented to the full life cycle of products. Yang et al.
employed multi-attribute decision-making in the context
of automotive manufacturing and service industries, uti-
lizing a total of 20 attributes, comprising 14 attributes from
the manufacturing industry and 6 attributes from the auto-
motive service industry, as inputs. A BP neural network
was subsequently trained. Finally, the effectiveness of the
proposed methodology was validated through a set of
numerical examples, demonstrating an average accuracy
of 93.19% [9]. The design, machining, and assembly pro-
cesses employed in mold fabrication are inherently knowl-
edge-intensive, costly, and time-consuming operations that
demand a significant investment of human resources. Lee
and Ryu employed a methodology whereby product fea-
tures were extracted from product images, and the degree
of similarity between the features of new products and
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those of products previously manufactured was evaluated.
The design features were extracted from the design data,
and a similarity retrieval model framework was put for-
ward based on the outcomes of both product and design
feature extraction. A model was developed that encom-
passed collaborative processes, products, processes, and
resources. The results demonstrated that this process of
collaborative modeling facilitated the visualization and
analysis of complex processes intrinsic to the creation of
innovative products [10]. The current circular economy
(CE) design framework and evaluation have failed to
address two key areas where computational optimization
can add value: determining the best-performing solution
among many options and managing multiple potential con-
flicting or redundant CE goals. Ortner et al. proposed and
tested a computational MOOmethod for CE product design,
which improved the results of manual design processes
and reduced waste and environmental impact throughout
the product lifecycle. The results indicated that MOO could
bring improvements to CE product design and provide a
basis for future work discussions [11].

Ma et al. proposed four new optimization methods for
multi-layer perceptron neural networks to predict this key
parameter. The dataset used consists of 103 rows of infor-
mation, with 7 influential parameters. In this work, the
optimal fitting complexity for each set is determined
through population-based sensitivity analysis. The grass-
hopper optimization algorithm stands out as the second
most efficient optimizer with minimal complexity (overall
size = 50) [12]. Gao et al. proposed a new method for eval-
uating the bond strength of fiber-reinforced polymers
using an artificial intelligence-based model. The compar-
ison of results shows that the new model can provide
better performance. In conclusion, the proposed hybrid
model can serve as a suitable alternative to empirical
models in this research field [13]. Many advanced machine
learning and deep learning techniques developed for big
data have inadvertently provided solutions to small data
problems. Dou et al. summarized and analyzed several
emerging potential solutions for small data challenges in
molecular science (including chemistry and biology),
reviewed basic machine learning algorithms, as well as
more advanced technologies, and discussed promising
trends for small data challenges in molecular science
[14]. Tajziehchi et al. studied the use of genetic algorithms
for earthquake control and optimization and proposed a
new method that uses binary genetic algorithms and nat-
ural numbers to select the optimal acceleration map and
scale it for dynamic time history analysis, thereby

obtaining an average response spectrum that matches
the target spectrum appropriately and has a short distance,
and indicating the expected earthquake of the site. The
results show that this research can provide users with a
series of optimal coefficients, crossover values, and muta-
tions for each chromosome [15].

In summary, researchers have been involved and stu-
died in data recognition, service cycle analysis, product
design feature extraction, and algorithm classification for
the optimization algorithms of mechanical products and
servers. However, the application of service selection and
design optimization for mechanical products is still insuffi-
cient, and there is no better segmentation and detailed ana-
lysis of product services to comprehensively analyze the
service process. Therefore, this research proposes an intelli-
gent service discovery algorithm and optimization architec-
ture method for mechanical products based on convolutional
neural networks (CNNs). Taking the optimization server as an
example, this article innovatively studies the optimal service
selection algorithm in cloud manufacturing mode based on
directed graph and Dijkstra’s algorithm, matches and opti-
mizes the mechanical product features and demand side
requirements, and provides a technical basis for enterprise
mechanical product design and optimization.

2 Methods and materials

To implement the intelligent service discovery model in the
intelligent service discovery scheme, research was con-
ducted on the intelligent service discovery algorithm based
on CNN. In recent years, CNNs have achieved remarkable
results in image intelligence recognition in many indus-
tries (such as facial recognition, unmanned driving envir-
onment perception, etc.), but there is currently no research
on their application in the field of mechanical products. To
improve the accuracy of product image recognition, the
advantages and disadvantages of existing neural network
architectures and activation functions are studied, and a
neural network architecture and activation function for
mechanical product data are proposed. First, the intelligent
service and optimization of mechanical products were stu-
died and analyzed. Then, product service decomposition
was carried out, and a CNN-based intelligent service dis-
covery algorithm for mechanical products was proposed.
Second, research was conducted on the optimal service
selection algorithm in cloud manufacturing mode based
on directed graphs and Dijkstra’s algorithm.
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2.1 Intelligent service discovery algorithm
and optimal architecture for mechanical
products based on CNN

In recent years, a new mechanical product service model
has utilized cloud computing and artificial intelligence [16].
It achieves intelligent matching, recommendation, and
optimization of mechanical product-related services
through intelligent algorithms and data analysis to meet
the diverse and personalized needs of users. Research is
conducted on intelligent service discovery algorithms and
optimization architectures, combining various services, as
shown in Figure 1.

For the study of server optimization indicators, man-
ufacturing capability and overall capability are selected.
The former is for service quality evaluation, while the
latter is for the overall evaluation of service time, cost,
service praise, service needs, and other aspects. The eva-
luation indicators for overall capability are shown in the
following equation:
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In Eq. (1), wi represents the weight of each parameter.
CNN has strong feature learning capabilities and can
extract fine features from images, which is crucial for
improving the accuracy of product image recognition
and helping to more accurately identify user needs and
product features in intelligent service discovery solutions.
Traditional image recognition methods such as edge detec-
tion and threshold segmentation have complex pre-proces-
sing steps and are difficult to obtain the closest natural

expression of image features. In contrast, CNN can auto-
matically learn image features, avoiding complex prepro-
cessing steps and improving recognition accuracy and
efficiency. The study uses CNNs to analyze intelligent ser-
vice discovery and designs a neural network architecture
for mechanical product design based on CNN. CNN origi-
nates from fully connected neural networks, in which neu-
rons (or nodes) are organized into multiple layers, and
each layer’s neurons are connected to the neurons of the
previous and next layers, but there are no connections
between neurons within the same layer [17]. In a fully
connected neural network, each connection is associated
with a weight, which is learned through the application of
training data. The weighted sum of all inputs is calculated
by each neuron, which then obtains its output through an
activation function, such as the rectified linear unit (ReLU),
the sigmoid function, or the tanh function [18]. The descrip-
tion of the n-th layer of a fully connected neural network is
shown in the following equation:

∑= +− −e W e b .n j

j

n i j n j n i, , , 1 , 1 ,( )( ) ( ) (2)

In Eq. (2), −b n i1 ,( ) represents the bias voltage of the i-th
neurons in the −n 1-th layer network, en j, represents the
neurons in each layer, n represents the n-th layer neural
network, =n n0, 1, 2, ... ,( ), j represents the j-th neu-
rons, f represents the activation function, wn i j, , represents
the weight of neurons from the −n 1-th layer neural net-
work to the nth layer network, and e j0, represents the n-th
of the input layer, denoted as 0.

The performance of a neural network is determined by
its architecture and activation function [19]. Therefore, a
new type of attention network, the novel CNN architecture,
is proposed to improve the accuracy of attention networks
[20]. There are limitations in the recognition accuracy of
existing neural network architectures and the generated
attention networks.

The attention map is a method used to represent the
different weights assigned by deep learning models to
information at different positions or time steps when
processing input information [21]. First, the generation
principle of attention networks is studied. Some attention
networks use the key points of recognized objects as the
centers of behavioral units to generate corresponding
attention maps, with the center having the highest weight.
The generated expression is shown in the following equa-
tion:

= −w d1 0.095 .m (3)

In Eq. (3), dm means the distance from the pixel point to
the center of the behavioral unit, and the highest weight is
set to 1.0, which is inversely proportional to the distance.
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Figure 1: Intelligent service discovery solution.
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However, the product image features generated by this
method are different, which is not conducive to the subse-
quent construction of neural network architecture. There-
fore, research has proposed a more compatible method
that can generate enhancement layers for neural network
architecture. In addition, an improved local binary pattern
is used for image feature extraction, which can represent
image features by setting numerical values as the attention
map for generating images. The generation steps are
shown in Figure 2.

In Figure 2, the original image is first input, then it is
represented in grayscale, resized, and an attention map is
generated by improving the local binary patterns (LBP)
weight generation method. Finally, it is fused into a neural
network to generate an enhancement layer. The study
designs a neural network architecture based on the results
obtained from the above steps, defining the output and
number of convolutional layers, pooling layer output, and
fully connected layer output. The proposed neural network
input representation is shown in the following equation:

⎧
⎨
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= +
=
A P

A

Input_ Conv3_3 _Net

Pool3 MaxPool Input_ .( )
(4)

In Eq. (4), P_Net represents the enhancement layer of
the improved LBP, Conv3_3 represents the third group in
the convolutional layer and the output of the third layer,
MaxPool represents the max pooling layer, and Pool3

represents the pooling layer of the third layer. The activa-
tion function also affects the performance of neural net-
works. To alleviate the phenomenon of neuron vanishing
in the ReLU function, a new activation function has been
proposed, as denoted in the following equation:
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This function has two parts, namely the negative half-
axis of the tanh function and the positive half-axis of the
ReLU function. Based on the above, a CNN architecture for
mechanical product images is designed.

Mechanical product datasets and intelligent service
discovery models were collected and trained, with acquisi-
tion strategies mainly including image occlusion, mechan-
ical product images from different angles, and images with
different light intensities [22,23]. Prior to this, the design
process of mechanical products has been decomposed, as
shown in Figure 3.

Then, data preprocessing is carried out to improve the
generalization ability of the neural network and reduce
overfitting. Research is conducted on data augmentation of
the dataset, including red green blue (RBG) enhancement,
noise processing, random pruning, rotation, etc. After prepro-
cessing, the quality of the dataset for mechanical products is
evaluated, mainly through experimental training and
research on the constructed dataset. By comparing the test
results, the quality evaluation situation is obtained. Finally,
the high-precision dataset is applied to the intelligent service
discovery model and neural network model. The intelligent
service discovery and optimization framework constructed
by the research is shown in Figure 4.

In Figure 4, first, the customer requests mechanical
products and services. Then, an intelligent service dis-
covery model is used to search and query databases, fol-
lowed by service composition. In the server optimization
module, a mathematical model is constructed, and a server

Original Grayscale Change size

0.2 0.1 … 0.6

0.9 0.5 … 0.4

… … … …

0.4 0.1 0.2 0.7

Attention map

Neural Network 

Framework

Figure 2: Steps for generating image attention maps.
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optimization algorithm is introduced. Finally, feedback is
given to the demand side to determine whether they are
satisfied. If satisfied, the process ends. If not, the optimiza-
tion indicators are changed again, and the server

optimization algorithm is used for selection. The feedback
is then given to the demand side until they are satisfied.

Compared with other methods, CNN typically requires
input data to have a fixed size and resolution. In practical
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applications, the size and resolution of mechanical product
images may vary, requiring pre-processing of the input
data. Model training may require a large amount of data
and high-performance computers. However, CNN has
strong learning and generalization abilities in research
methods and can extract fine features such as edges, tex-
tures, shapes, etc., thereby improving recognition accu-
racy. Combined with optimal service selection algorithms
based on directed graphs and Dijkstra’s algorithm, it forms
a more complete intelligent service discovery solution, pro-
viding users with higher quality and more efficient intelli-
gent services.

2.2 Optimal server optimization algorithm in
cloud manufacturing mode

In the cloud intelligent service discovery and optimization
architecture, mathematical models and server optimiza-
tion algorithms are applied. This study introduces and
designs the model and algorithm. First, mathematical mod-
eling is conducted on k optimal service combination
schemes, and optimization indicators are set. The optimal
schemes select production services, design services, and
product services, and an objective function is constructed
[24]. The overall capability of the preferred solution is
represented by
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In Eq. (6), SD represents the overall average capability
of each sub-service of the design service, SM represents
the overall average capability of each sub-service of the
production service, SPS represents the overall average
capability of each sub-service of the product service, i

represents the i-th sub-task, = −i n0, 1, 2, ... , 1{ ( )}, j repre-
sents the j-th service provider, =j m1, 2, ... ,{ }.

The corresponding manufacturing and overall capabil-
ities of the service providers selected for the manufac-
turing capability and comprehensive capability in the
objective function of the product portfolio scheme are
shown in the following equation:
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In Eq. (7), QP represents manufacturing capability and
SP represents overall capability. A mathematical model is
constructed as shown in the following equation:
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In Eq. (8), T , C , Q, and S , respectively, represent the
time, cost, manufacturing capability, and overall capability
of the design service combination scheme. Tmin N

k∣ ∣,
Cmin N

k∣ ∣, Qmin
N

k∣ ∣, and Smin N

k∣ ∣ represent the mathematical
models of the first k minimum time, cost, manufactur-
ing capability, and overall capability. Tmax N

k∣ ∣, Cmax N

k∣ ∣,
Qmax

N

k∣ ∣, and Smax N

k∣ ∣ represent the mathematical models
of the first k maximum time, cost, manufacturing cap-
ability, and overall capability. The analysis of mathe-
matical models and the study of optimal selection of
maximum or minimum indicator service combination
schemes are represented by directed graphs, as shown in
Figure 5.

In Figure 5, R represents the task with 0 resources, Mij

represents the j-th service provider of the i-th task, and the
resource cost of subtasks, and when there is no resource
cost between subtasks, the resource cost calculation is
shown in the following equation:
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Figure 5: Directed graph for optimal selection of service combination
schemes with maximum or minimum indicators.
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In Eq. (9), R represents the demand side resource cost,
and Pij represents the i-th task j-th service side resource cost.
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In Eq. (10), +Wij i j, 1( ) represents the resource cost in the
combination process of arrow paths, and K represents the
number of objective functions. The research is based on
directed graphs; therefore, the research is transformed
into finding the longest and shortest paths in the directed
graph, which have resource costs between tasks in the
service composition scheme, to solve the mathematical
model [25]. For the first n – 1 stage subtasks, the resource
cost of releasing nodes is shown in the following equation:
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The n-th subtask is shown in the following equation:
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Through the operations of Eqs. (11) and (12), all node
resource costs are reset to zero, and all paths have
resource costs, as shown in Eq. (13).
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α W .

i

n

ij ij n j n j n n j n

i

n

ij ij n j

0

1

, 1 1 , 1 1 , 1

0

, 1

( )

( )

( ) ( ) ( )

( )

(13)

In order to obtain the shortest path, an improved algo-
rithm for the first k shortest paths is proposed, which is
based on Dijkstra’s algorithm and includes sub-shortest
paths and path extensions. The resource cost of the second
shortest path is greater than that of the shortest path, so
when the path cost is 0 in other stages, as shown in the
following equation:

− = − +S S x Xmin min 0.i ij ij0( ) ( ) (14)

The cost of secondary short-path resources is shown in
the following equation:

= + −S S x Xmin .ij ij1 0 ( ) (15)
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In Eqs. (14) and (15), Xij represents the set of shortest path
resource costs, Xij represents the resource cost of the j path in
the i stage, x represents the set of second shortest path
resource costs, xij represents the resource cost of the j path
in the i stage, S0 represents the shortest path, and S1 represents
the second shortest path. Based on the above, the algorithm
flow for the shortest or longest path is shown in Figure 6.

In Figure 6, all represents the sum of path resource
costs. mmax represents the total number of shortest paths,
p

max
represents the number of extended paths, ′W represents

the total stage path resource costs, and Sm p, represents the
extended paths obtained through path extension methods.

3 Results

To verify the proposed mechanical product design method
based on CNN and server optimization algorithm, an experi-
ment was conducted to validate it, analyze the corresponding
design parameters and experimental data results, verify the
advantages and feasibility of the method, and provide refer-
ence for product demanders to optimize products.

3.1 Intelligent service discovery and
optimization system verification settings

The experiment focused on the mechanical product services
of a certain enterprise under cloud manufacturing mode.
Table 1 shows the parameter settings of the neural network
architecture before and after adopting LBP improvement.
The experimental platform had 8 GB of memory, the system

was OSXE | Capitan system, and the experimental software
was Python 2.7, with a 2.9 GHz Intel i5 processor. In order to
verify the performance of the neural network architecture,
experiments were conducted on the improved and unmodi-
fied networks based on theMNIST dataset. TheMNIST dataset
is a fundamental dataset for deep learning, sourced from the
National Institute of Standards and Technology in the United
States. MNIST has a total of 60,000 training sample sets and
10,000 validation sample sets, and its images are handwritten
digits with 28 × 28 pixels stored in byte form. Before con-
ducting the experiment, it is necessary to first set the para-
meters of the neural network. To verify the performance of
the research network in extracting image features, design
parameters for the neural network. Choose ReLU as the acti-
vation function, stochastic gradient descent as the optimiza-
tion algorithm, and set the maximum training steps for the
neural network framework to 2,000.

3.2 Analysis of intelligent service discovery
and optimization algorithm results

Figure 7 shows the training accuracy and loss curves of
models trained on different networks, compared to tradi-
tional CNNs. In Figure 7(a), the correct rate of model
training for the research network performs well. The cor-
rect rate increases rapidly in the early stage of training and
stabilizes at around 0.9 at step sizes greater than 200. This
indicates that the research network is able to learn the
features of the data more effectively during the training
process, thus achieving accurate classification or predic-
tion of the input data. In contrast, the model training

Table 1: Parameter settings for neural network architecture

Input Number of parameters Feature map size Convolutional kernel Step

Image 30,726 28 × 28 — —

Convolutional layer 1 65,548 28 × 28 [2 × 2, 96], 2 1
Pooling layer 1 16,374 14 × 14 [2 × 2], 1 2
Convolutional layer 2 32,756 14 × 14 [2 × 2, 128], 2 1
Pooling layer 2 8,188 7 × 7 [2 × 2], 1 2
Convolutional layer 3 16,376 7 × 7 [2 × 2, 256], 3 1
Pooling layer 3 4,084 4 × 4 [2 × 2], 1 2
Convolutional layer 4 8,166 4 × 4 [2 × 2, 384], 3 1
Pooling layer 4 2,048 2 × 2 [2 × 2], 1 2
Convolutional layer 5 2,048 2 × 2 [2 × 2, 512], 3 1
Pooling layer 5 512 1 × 1 [2 × 2], 1 2
Fc 1 4,096 1 × 1 Average pool —

Fc 2 4,096 11 Average pool —

Fc 3 10 — — —
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correctness of traditional CNNs improves slowly and fluc-
tuates greatly during the training process. It is only when
the step size reaches about 800 that the correct rate stabi-
lizes at about 0.83, which is lower than the correct rate of the
research network. This is due to the limitations of the tradi-
tional CNN in feature extraction ormodel structure, resulting in
its poor performance in handling complex data. In Figure 7(b),
the model training loss of the research network decreases
rapidly at the beginning of training and approaches 0 at a
step size of around 20. This indicates that the research network
is able to converge to the optimal solution quickly during
training, thus achieving accurate fitting to the input data. The
model training loss of the traditional CNN decreases slowly and
fluctuates greatly during training. The loss approaches 0 only
after the step size reaches 800, but is always greater than the
model training loss of the study network. This further confirms
that traditional CNNs are deficient in training efficiency and
model fitting ability. It can be seen that models studying net-
work training have more advantages in accuracy and loss.

Figure 8 showcases the comparison of different activa-
tion function curves, as well as the training accuracy and
loss of different networks. The “ThLU” function, which
combines tanh function and ReLU function, was studied
as the activation function. Other compared activation func-
tions include commonly used ReLU function, Leaky recti-
fied linear unit (LReLU), and exponential linear unit (ELU).
Figure 8(a) shows the variation curves of each activation
function, which showed significant changes at the node
with input 0. ThLU and ELU had similar changes, but
ThLU had a smaller output, and when the input was
greater than 0, the output was close to other functions.
The changes in ReLU and LReLU were similar, ranging
from −0.2 to −0.1 when the input was less than 0. When
the input was greater than 0, the output changed

proportionally. In Figure 8(b), the training accuracy and
loss of the neural network showed that the training accu-
racy and testing accuracy of the studied network were
98.89 and 96.88%, respectively, with training loss and
testing loss of 0.04619 and 0.08921, respectively. In contrast,
the training accuracy and testing accuracy of the compared
network were 93.95 and 85.31%, respectively, with training
loss and testing loss of 0.3556 and 0.4872. The running time
of the two neural networks was 105 and 73 min, respec-
tively. Overall, the accuracy of the studied network was
high, with relatively small losses.

Figure 9 shows the training accuracy and loss curves of
each activation function on the dataset. In Figure 9(a), the
training accuracy of the proposed ThLU function was con-
sistently higher than that of other functions. This was
mainly reflected in the rapid improvement of the training
accuracy of the ThLU function, which was within the range
of 80–100%, while other functions had a slower upward trend,
slowly increasing within the range of 40–100%. In Figure 9(b),
the training loss of the proposed ThLU function was always
smaller than other functions, rapidly decreasing in the range of
0–1.2 and around 0.1, while the training loss of other functions
decreased more slowly in the range of 0–1.8. The training loss
of other activation functions decreases slowly in the range of
0–1.8 and fluctuates greatly during the training process. The
loss values of these functions are significantly higher than
those of the ThLU function, indicating their shortcomings in
model optimization and feature extraction.

Figure 10 shows the training accuracy, training loss,
validation accuracy, and validation loss curves of a
mechanical product dataset using a neural network model.
The training accuracy and loss fluctuated around 0.97 and
0.068, respectively. The training accuracy, loss curve, vali-
dation accuracy, and loss curve all tended to stabilize at a

Step

T
ra

in
n
in

g

ac
cu

ra
cy

0.2

0.4

0.6

0.8

0

1.0

0.0
400 800 1200 1600 2000

Step

T
ra

in
n
in

g
 

ac
cu

ra
cy

2

4

6

10

0

12

0
400 800 1200 1600 2000

Research network

Comparison network

8

Research network

Comparison network

(a) (b)

Figure 7: The accuracy and loss curve of model training based on different networks. (a) Accuracy curves of model training based on different
networks. (b) Training loss curves of models trained on different networks.

10  Lei Tian and Ance Zhao



step size of around 50, while the testing accuracy and loss
were around 0.99 and 0.1, respectively. The overall accu-
racy was close to 1, and the loss was close to 0. It can be
seen that the research model effectively handled data
training and testing.

To verify the accuracy and efficiency of the shortest
path for mechanical product services under cloud manu-
facturing mode, Figure 11 shows the length and running
time of the top 10 paths for different algorithms. The com-
parative algorithms used in this experiment were deletion
algorithm (DA), traditional Dijkstra algorithm, and Yang M
algorithm based on multi-attribute decision-making and
BP neural network for server optimization in existing
research. In Figure 11(a), the path length increased with
the increase of the path, from 312 on the first shortest
path to 340 on the tenth path, where the path length of
the research algorithm was similar to most paths. In Figure
11(b), the running time of the research algorithm was the

smallest, at 0.016 s, while the running time of DA was the
longest, at 1.23 s. Overall, the research proposed that the
algorithm had better performance.

4 Discussion and conclusion

In the cloud manufacturing mode, cloud computing,
through its efficient processing capabilities, can process a
large amount of data generated during the production and
design process of mechanical products in real time, extract
valuable information, and provide support for production
and design decisions. To effectively feedback the mechan-
ical product requirements of the demand side, a mechan-
ical product design and manufacturing system based on
CNN and server optimization was proposed. It combined
the service discovery algorithm and optimization
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architecture, and adopted directed graph and Dijkstra algo-
rithm for optimal path selection in cloud manufacturing.
The research results indicated that the research network
had a higher model training accuracy, maintaining around
0.9 when the step size was greater than 200, compared to
the network model training accuracy, which remained

around 0.83 when the step size was greater than 800. The
model training loss of the research network approached 0
at a step size of around 20, while the model training loss of
the comparative network approached 0 after a step size of
800, and the loss was always greater than the model
training loss of the research network. It can be seen that
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models studying network training had more advantages in
accuracy and loss. The path length of the research algo-
rithm was similar to most paths, but the running time was
the smallest, at 0.016 s, while DA had the longest running
time, at 1.23 s. Overall, the research proposes that the algo-
rithm has better performance, providing a reference for
the optimization and manufacturing of mechanical pro-
duct design services. However, further research is needed
in the selection of optimal indicators and training of data-
sets, so further exploration of indicators and model
training for mechanical products is needed in the future.
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