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APPLICATION OF DEEP LEARNING ALGORITHM IN OPTIMIZATION OF
ENGINEERING INTELLIGENT MANAGEMENT CONTROL

SHUAI ZHOU∗AND JING GUO†

Abstract. Currently, there are a series of problems in the management of the construction industry, such as resource waste,
substandard quality, and low construction efficiency. In response to this phenomenon, the author proposes a multi-objective
optimization control method for construction engineering management projects using deep learning algorithms. This method
analyzes the relationship between cost, duration, and quality, and constructs an optimization management model for these three
factors. At the same time, the improved SULSTM neural network algorithm is used to optimize the model parameters. The
experimental results indicate that, when the value coefficient is 0.2211, the total investment cost and quality coefficient are 412700
yuan and 0.99496 yuan, respectively. When the value coefficient is 0.1976, the total cost and quality coefficient are 456300 yuan
and 0.98798 yuan, respectively. When the value coefficient is 0.1990, the total cost and quality coefficient are 456300 yuan and
0.99496 yuan, respectively. Proved that the SUSTM neural network algorithm has faster convergence speed and lower loss values
compared to the improved LSTM neural network algorithm. The cost of improving quality has a greater impact on the quality
coefficient than the duration, and the total investment cost has a greater impact on the value coefficient than the quality coefficient.
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1. Introduction. At present, due to the influence of market environment and national control measures,
the construction industry has encountered some problems in construction project management. After the coun-
try issued a series of market control measures, it is difficult for construction enterprises to grasp the latest
national control policies and industry management decisions under the influence of market environment. It is
difficult for enterprises to adjust in real-time according to national policies and changes in market environment
during development, this leads to a mismatch between the company’s own goal control and management level
and socio-economic development, and a lack of timely response to market cyclical changes [16]. In fact, how
construction enterprises improve management efficiency in the current market environment, and how to opti-
mize management efficiency under multi-objective conditions will be important means to improve the overall
efficiency of the enterprise, quickly adapt to external changes from within, and promote the healthy and stable
development of the industry.

For a long time, homeowners have often established a temporary organization to carry out the design,
procurement, construction, and daily quality and progress management of construction projects. If the owner
has rich experience in engineering management, or if the project size is not large and the technical requirements
are relatively simple, under such conditions, the traditional construction project management can achieve good
results. However, in recent years, with the continuous improvement of the national economy and the continuous
construction and development of municipal supporting facilities and public infrastructure, the number of large-
scale engineering projects in related fields such as architecture, energy, and municipal highways has gradually
increased, which has prompted homeowners to have higher requirements for various professional goals [3]. There
are also higher expectations for the environment, quality costs, and progress. Corresponding construction
project managers need to have richer management experience and more advanced construction techniques in
order to keep up with the speed of industry development and meet the needs of industry development. Therefore,
accurately grasping the overall goal of the project from the source, reasonably allocating various resources in the
early stage of construction, promoting the improvement of project engineering quality, reducing construction
investment to a certain extent, and shortening the construction period. The handling and decision-making of
all these issues are of great significance for the entire construction project.
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Construction project management refers to the systematic regulation and management of projects based
on management theories and methods, and the reasonable allocation of costs and construction periods while
ensuring the expected functions of construction projects, ensuring quality assurance, and the healthy operation
of daily project work. The management of construction projects has very obvious characteristics, which are
particularity, one-time, strong constraint, and full lifecycle. For each construction project, the control of quality,
cost, and progress is very important. By comprehensively controlling these issues, the expected management
goals can be achieved. The regulation of these stages is comprehensive and holistic, with the goal of overall
benefits. The allocation of various resources, reasonable construction period, cost investment, and guaranteed
quality goals all comprehensively determine the accurate control of limited resources in the early stages of
the project [8]. The construction unit, general contractor, and each construction unit have all undertaken
corresponding tasks in each stage, and although there may be differences in tasks in each stage, the overall
goal remains the same. Generally speaking, cost, schedule, and quality are the three basic objectives of project
management. In the project management knowledge system PMBOK, the American Project Management
Association has extended the project objective system to a certain extent after in-depth research and analysis,
adding four additional contents, namely procurement, risk, communication, and integration. Based on these
nine objectives, the basic framework of PMBOK has been formed. At present, research on construction project
management is mostly based on this framework as the research premise. In future research and development,
regardless of how the number of management objectives increases, progress, cost, and quality are still the three
most important basic goals that have the greatest impact on the overall goal throughout the entire life cycle
of the construction project. How to find a balance among the three, obtaining the optimal project execution
effect remains the fundamental goal of construction project management.

2. Literature Review. At present, there are not many research results on the efficiency of construction
project management in the country, and most of them are focused on a single goal. The author’s research on the
efficiency of construction project management starts from three aspects: progress, cost, and quality. Considering
that these three goals have the greatest impact on the overall goals of the project, so through comprehensive
optimization of this aspect, the overall level of construction project management can be improved. Moreover,
the author’s reasonable quantification of quality parameters has greatly improved the effectiveness of quality
objective research. Through the construction of a comprehensive analysis model of progress cost quality, the
current insufficient research on management efficiency under multi-objective construction engineering has been
effectively improved, which can enrich the existing management efficiency optimization theory [1]. When
evaluating the optimization effect of management efficiency, the author introduced value engineering as a
measurement indicator and reasonably transformed the cost and quality objectives in construction engineering
into value engineering, using the idea of high or low value to reflect the advantages and disadvantages of project
multi-objective regulation. Not only does it provide an effective tool for optimizing the efficiency of construction
project management, but it also facilitates the integration of management research with other disciplines. There
are reference examples in the process of setting goals for construction project management. At present, the
common problem in construction projects is that project managers do not attach importance to management
objectives, and the allocation of various resources is not scientific and systematic enough [15]. Through the
author’s research, it can provide a certain reference for the implementation of construction project management.
Construction project managers do not attach great importance to management efficiency from an ideological
perspective. They often only focus on whether their management methods have been implemented in actual
construction, and do not intuitively realize the effectiveness of improving management efficiency in improving
the overall efficiency of the enterprise. The author’s research can make up for this deficiency and effectively
strengthen the importance of management efficiency by managers, furthermore, it ensures that the management
costs invested in the implementation of construction projects can achieve maximum benefits.

Regarding the optimization of management efficiency in construction projects, foreign scholars have con-
tinuously increased their attention in recent years. Through the application of different research methods and
theories, as well as attempts at various research objectives, a large amount of research has been conducted on
the overall optimization of construction industry and construction project management efficiency, which has
been continuously promoted and developed on the basis of previous research [7, 6].

With the continuous improvement of living standards and the increasing electricity load, the number of
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power transmission and transformation equipment is also rapidly increasing. The original maintenance mode
is insufficient to ensure the safe operation of the huge power grid. This article mainly studies the research and
application of machine learning based optimization technology for substation equipment maintenance decision-
making. Liu, Z, based on the technical principles of online monitoring and status maintenance of substation
equipment, combined with deep learning models, implemented an intelligent monitoring and maintenance early
warning system. The main functions of this system include monitoring equipment management, operation
monitoring, and comprehensive display, which can effectively carry out online monitoring and status warning
for substation equipment [11]. Whale Optimization Algorithm (WOA) is a relatively novel algorithm in the field
of meta heuristic algorithms. Compared with other mature optimization algorithms, WOA can demonstrate
efficient performance, but there are still problems of premature convergence and easy falling into local optima
in complex multimodal functions. Therefore, Guo, Y. K. Z proposed an improved WOA and proposed a
new strategy of random jump change and a random control parameter strategy to improve the exploration and
utilization ability of WOA. This article uses 24 well-known benchmark functions to test the algorithm, including
10 unimodal functions and 14 multimodal functions. The experimental results show that the convergence
accuracy of this algorithm is better than the original algorithm on 21 functions, and better than the other
5 algorithms on 23 functions [5]. We combine Deep Gaussian Process (DGP) with multitasking and transfer
learning for performance modeling and optimization of HPC applications. The deep Gaussian process combines
the uncertainty quantification advantages of Gaussian processes with the predictive ability of deep learning.
Multi task and transfer learning allow for improved learning efficiency when learning several similar tasks
simultaneously, as well as when seeking models from previous learning to assist in learning new tasks separately.
The comparison with state-of-the-art automatic tuners shows the advantages of our method in two application
problems. In this article, Dongarra, J. combines DGP with multitasking and transfer learning, which can
improve the adjustment of application parameters for problems of interest and predict parameters for any
potential problems that the application may encounter [13].

In summary, domestic and foreign scholars have conducted research and analysis on the efficiency of con-
struction project management from different perspectives, realizing the importance of optimizing management
efficiency, and using various methods to establish systematic analysis models to improve the management effec-
tiveness of construction projects. The proposed improvement measures also have practical guiding significance.
Although current management efficiency has gradually been integrated into construction project management,
the existing research literature mainly studies a single or two elements in the construction management process,
and the essence of its research is still linear. From the perspective of managers, there is not much research
on multi-objective comprehensive control in the construction process. Therefore, based on the dependency
deep learning algorithm, the author establishes a multi-objective comprehensive analysis model to optimize the
management efficiency of construction projects, and calculates and verifies it through examples, providing a
new approach for subsequent research.

3. Methods.
3.1. Optimization Control Model for Construction Engineering Management Oriented to

SUSTM. The optimal control model for construction project management is a management behavior that
involves the entire production process of construction products, with characteristics such as one-time, com-
prehensive, and strong constraints. Construction project management includes quality management, schedule
management, cost management, contract management, safety management, risk management, communication
management, human resource management, information management, and environmental protection. The man-
agement project needs to ensure efficient management efficiency, and the recognized influencing factors at home
and abroad include four aspects: Management process, management methods, manager quality, property rights,
and responsibility system. Research the introduction of value engineering for multi-objective control optimiza-
tion analysis of construction project management, replacing product functionality with quality, treating cost
as contracting cost, and value coefficient as the ratio of quality to cost [14].

The flow chart of optimization control for construction projects is shown in Figure 3.1. Before the project
officially starts, the first step is to establish a comprehensive model of schedule cost quality optimization for
construction project management based on reasonable quantification of construction project quality. The second
step is to optimize the three objectives and obtain corresponding target values, and then use the obtained target
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Fig. 3.1: Optimization control flow chart of the construction project

values to control the construction project [2]. After the project has been put into construction, data information
on time, quality, and completed project costs is first collected. Then, these data are used to modify and optimize
the comprehensive model. The next step is to use the modified model to optimize the unfinished projects and
obtain three target values. Repeat the above steps until the optimal solution is obtained and the optimization
process is completed.

The study introduces a quality coefficient for quantification, and the relationship between the quality
coefficient and the six major quality characteristics can be expressed through calculation expressions. The
method for determining quantitative quality based on the following characteristics of engineering projects,
including applicability, safety, economy, safety and environmental protection, durability, and reliability, is
represented by the letters a1-a6 [18]. Quality quantification can control the quality of construction projects
during the construction process through quality coefficients. Different quality coefficients indicate inconsistent
quality quantification values. When the quality coefficient is about 1, the minimum values of a1-a6 are 0.8,
0.9, 0.9, 0.9, 0.8, and 0.9, respectively. When the quality coefficient is about 0.9983, the minimum values of
a1-a6 are 0.6, 0.7, 0.6, 0.6, 0.7, and 0.7, respectively. When the quality coefficient is about 0.97, the minimum
values of a1-a6 are 0.5, 0.5, 0.3, 0.3, 0.5, and 0.5, respectively. When the quality coefficient is about 0.85, the
minimum values of a1-a6 are 0.3, 0.3, 0.2, 0.2, 0.3, and 0.3, respectively. When the quality coefficient is about
0.47, the minimum values of a1-a6 are 0.1, 0.1, 0.1, 0.1, 0.1, and 0.1, respectively [21]. At the same time, the
degree of satisfaction of the six quality characteristics of a1-a6 is as follows. In the case of slight satisfaction,
the value range of a3-a4 is 0.1∼0.2, while the rest are 0.1∼0.3. Under basic conditions, the value ranges of a3-a4
are 0.2-0.4 and 0.2-0.3, respectively, while the other quality characteristic ranges are 0.3-0.5. In the case of
satisfaction, the value ranges of a3-a4 are 0.4-0.6 and 0.3-0.6 respectively, while the other quality characteristic
ranges are 0.5-0.6. In very satisfactory cases, the range of values for a3-a4 is 0.6-0.9, while the rest are 0.6-0.8.
Under very satisfactory conditions, the range of values for a3-a4 is 0.9-1, while the rest are 0.8-1.

If the construction project includes a unit project with a total quantity of w, and there is a unit project
involving a sub project with a quantity of r in the unit project, and the construction project also includes a sub
project with a quantity of k. When the quality coefficient of the sub item is set, the corresponding satisfaction
level value is set to 0. The calculation formula for the quality coefficient of construction engineering is:

q0 = 1−
∏0

(1− am)

q1 = 1−
∏k (

1− q0i
)

q2 = 1−
∏r (

1− q1i
)

q = 1−
∏w (

1− q2i
) (3.1)
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Fig. 3.2: Progress cost quality relationship

In equation (3.1), i = 1, 2,K, q0 refer to the quality coefficient of sub projects, q1 and q2 represent sub
projects and unit projects, respectively, q is the quality coefficient of construction engineering. On this basis,
the study establishes a quality cost schedule model and obtains the optimal quality coefficient, which is then
compared and analyzed with the aforementioned quality characteristics and satisfaction level. Figure 3.2 shows
the relationship between progress cost quality [12].

This includes both direct and indirect costs. The directly incurred expenses include the costs of raw
materials, labor, and equipment. If there is a compression of the construction period, the direct costs incurred
will also increase accordingly. Indirect costs mainly include enterprise management fees and training fees, which
will continue to decrease with the acceleration of project progress, mainly manifested as the shortened usage
time of leased equipment and prefabricated houses. Therefore, the optimal completion time can be determined
by combining two types of costs. Figure 3.2 (b) refers to the relationship between project progress and quality.
There is an opposing and unified relationship between progress and quality. The acceleration of progress is likely
to cause a decrease in the overall quality level of construction projects [17]. If the balance and continuity of
progress can be ensured, quality can meet the standards as much as possible. At the same time, the introduction
of science and technology and the improvement of management level will also improve the overall progress and
quality. Figure 3.2 (c) shows the relationship between cost and quality. Introducing advanced technology and
equipment not only increases costs, but also increases the quality of construction projects. When the cost is
higher than C1, the quality meets the minimum quality standard. When the cost is higher than C2, the quality
level does not improve significantly, but the cost increases faster. Therefore, in the actual management process,
it is advisable to choose a cost range of C1-C2 and a construction quality range of Q1-Q2.

C1 and c2 represent the cost of investment under the conditions of qualified quality and improvement,
respectively. Before establishing a comprehensive model, the following conditions need to be established. C1

and time t are inversely linearly correlated, with q0 increasing with the increase of c2 and q0 decreasing with
the decrease of t. The calculation expression for the decision variables of the model is equation (3.2).

c1i =
(cC1i−cN1i)(ti−tc)

tC−tN
+ cC1i

ci = c1i + c2i
q0i = Ac22i +Bti

(3.2)

In equation (3.2), A = tNqc−tcqN

(cN2 )
2
tN−(cc2)

2
tC

, B =
(cN2 )

2
qN−(cc2)

2qC

(cN2 )
2
tN−(cc2)

2
tC

, tNi and tCi refer to the normal and minimum

durations of sub item i, respectively, cN1i and cC1i respectively refer to the lowest and highest costs after the
building is qualified, cN2i and cC2i refer to the lowest and highest costs after improving quality, qNi and qCi refer to
the minimum and maximum quality coefficients, and ti refers to the actual duration. The constraint conditions
are as follows: firstly,

∑
ti ≤ Tc, where Tc is the calculated duration. Secondly, the minimum cost is less than

or equal to the construction project cost, while the project cost is less than or equal to the project contract
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price. Thirdly, the quality coefficient is equal to or greater than the minimum qualification coefficient [10].

3.2. Selective Update Neural Network Structure Solving Model. The LSTM neural network struc-
ture is based on the classical recurrent neural network, introducing three logical structures: Input gate, output
gate, and forgetting gate. Forgetting gate is the process of clearing all unimportant information in the unit
state. Its input includes a specific time step xt and the unit state of the previous hidden layer h(t−1). The
control function determines whether the information is cleared or retained. The value interval of the vector
f (t) for the final output unit state is [0, 1]. If the value is 1, then the input value is retained as a whole. If the
value is 0, then the value is deleted as a whole. Input refers to determining whether information is added to
the unit state for data update, using the Sigmad function to delete the information of xt and h(t−1), and then
calculating the current input unit state. After establishing the Tach function, a vector is selected with a value
range of [-1,1], and finally calculating the unit state c(t) at the current time, this value is first multiplied by the
previous unit state c(t−1) and the forgetting gate, then added to c′(t), and multiplied by the input gate i(t) to
obtain the final result. The output gate selects the valuable unit states that need to be presented for output,
and its specific implementation process includes two steps, firstly, a filter o(t) is obtained by using xt and h(t−1),
and then the Tach function is selected to compress the values of the unit state vector into an interval of [-1,1].
At the same time, the result obtained by multiplying the vector and o(t) is used as the basis for determining the
hidden information h(t). The selectively updated long-term and short-term memory neural network structure is
based on the LSTM neural network structure, combining the forgetting gate and output gate as update gates,
greatly reducing the training time of the neural network model and improving the learning efficiency of the
algorithm. The update formula for the improved SUSTM neural network structure is equation (3.3).

f (t) = σ (Wf · [ht−1, xt] + bt)
o(t) = σ (Wo · [ct, ht−1, xt] + bo)
c′t = tanh (Wc · [ct, ht−1, xt] + bc)
ct = ft · ct−1 + (1− ft) · c′t
ht = ot · tanh (ct)

(3.3)

Wf ,Wc,Wo respectively represent the weights of the update gate, calculation input unit, and output gate,
while bt, bc and bo respectively refer to the biases of the update gate, calculation input unit, and output gate.

4. Analysis of the Optimal Control Model for Construction Engineering Management.

4.1. Model Optimal Parameters. The author takes the construction project undertaken by a certain
construction company as an example. The project covers an area of 145.53 acres, has a plot ratio of 2.5, a total
land cost of 470 million yuan, a floor price of 2114 yuan/m2, and a building density of 30%. The experimental
analysis includes a sales area with a building area of 1650m2, a floor height of 8.6m, a contract period of 150
days, and a contract cost of 2.68 million yuan, the lowest quality coefficient is 0.8, and the lowest enterprise cost
is 2.2 million yuan [20]. The maximum value coefficient calculated through the composition and parameters
of the engineering project is 0.2375. The optimal parameters of the corresponding optimization control model
for construction project management are shown in Table 4.1, and the quality qualification cost, improvement
quality cost, quality coefficient, and duration of 11 sub projects are obtained. The experiment utilized a progress
quality coefficient cost optimization model for data analysis, with an optimized cost of 2.2919 million yuan and
a quality coefficient of 0.8325. Therefore, this optimization model can bring more economic profits to the
enterprise while ensuring quality.

Figure 4.1 shows the model training loss results of deep learning neural networks before and after improve-
ment. It can be seen from the figure that the training loss values of the two network structures continue to
decrease with the increase of iteration times. Both LSTM and SUSTM neural network algorithms converge
quickly at around 20 iterations, and the difference between the two algorithms is not particularly significant
[9]. However, when the number of iterations ranges from 20 to 100, compared to the LSTM neural network
algorithm, the convergence speed of the SUSTM neural network algorithm is faster, and the loss value tends
to be more stable.
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Table 4.1: Optimum parameters for optimal control of construction engineering management

Distribution entry Distribution entry
Quality qualified

fee / ten
thousand yuan

Quality improvement
cost / ten

thousand yuan

Mass
coefficient

Duration
days / day

Foundation and
foundation sub project

Earthwork project 10.48 7.46 0.832 8.12
Reinforcement project 3.56 4.45 0.781 4.06
Template Project 1.14 1.43 0.765 1.01
Brick building project 7.25 9.32 0.833 6.11
Waterproof project 2.39 4.22 0.791 18.26

Main structure
sub projects

Template Project 22.87 27.31 0,761 6.12
concrete 7.41 9.35 0.811 24.45
Construction projects 30.5 35.61 0.801 12.11

Construction wall
sub items from Wall project 15.36 18.41 0.765 15.23

Decoration
sub project

External wall plastering
project

3.55 2.81 0.732 3.11

Ground projects 9.75 12.56 0.912 8.05
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Fig. 4.1: Model training loss results

4.2. Sensitivity Analysis. The study further utilizes sensitivity analysis theory to determine the most
important factors affecting the economic interests of enterprises, while verifying the correctness and rationality
of the proposed model.

Based on the aforementioned content, the cost and duration of improving quality jointly determine the
quality coefficient. The quality sensitivity analysis of the cost and duration of improving quality is shown in
Figure 4.2. When the quality coefficient is 0.609, the duration and cost of improving quality are 8 days and
144000 yuan, respectively. When the quality coefficient is 0.7007, the duration and cost of improving quality
are 7.2 days and 160000 yuan, respectively [19]. When the quality coefficient is 0.0716, the duration and cost of
improving quality are 8 days and 160000 yuan, respectively. When the quality coefficient is 0.8343, the duration
and cost of improving quality are 8 days and 176000 yuan, respectively. Therefore, the cost of improving quality
has a greater impact on the quality coefficient of sub projects than the duration, which is consistent with the
actual situation.
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The sensitivity results of the total expenditure and quality coefficient to the value coefficient are shown
in Figure 4.3 when selecting the projects of the foundation and foundation construction parts. When the
value coefficient is 0.2211, the total investment cost and quality coefficient are 412700 yuan and 0.99496 yuan,
respectively. When the value coefficient is 0.1976, the total cost and quality coefficient are 456300 yuan and
0.98798 yuan, respectively [4]. When the value coefficient is 0.1990, the total cost and quality coefficient are
456300 yuan and 0.99496 yuan, respectively. Therefore, compared to the coefficient of quality, cost has a greater
impact on the value of buildings.

5. Conclusion. The optimization and control of construction project management is currently a topic
of common concern among relevant experts and scholars. This study utilizes deep learning algorithms to
achieve multi-objective optimization control, this method introduces quality coefficient and value engineering to
quantify quality and construct an optimization control model, which is solved using the SULSTM neural network
algorithm. The algorithm solving model results show that this method can obtain the optimal parameters
for optimal control of construction project management. The loss values of LSTM and two neural network
algorithms have the same trend in the first 20 iterations, but within the range of 20-100 iterations, the SUSTM
neural network algorithm has faster convergence speed and more stable loss values. Sensitivity analysis shows
that the cost of improving quality has a more significant impact on the quality coefficient, and the total
investment cost has a more significant impact on the value coefficient. Therefore, the established optimization
control model is feasible and practical.
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