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Abstract

To achieve coordinated optimization of time and cost in engineering project management, this pa-
per proposes a multi-objective optimization approach integrating Q-learning reinforcement learn-
ing and Particle Swarm Optimization (PSO). A weighted directed graph model is constructed, in
which an improved Q-learning algorithm is employed to dynamically identify the critical path. An
automatic estimation mechanism for the daily indirect cost rate is introduced to formulate a
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coupled time-cost comprehensive benefit function. The PSO algorithm is then used to globally opti-
mize activity durations, effectively enhancing overall project performance. Using real engineering
data as a case study, the changes in critical path, project duration, and cost before and after optimi-
zation are analyzed. A sensitivity analysis is also conducted on the time weight and penalty param-
eters to reveal their impact on the optimization results. The results demonstrate that the proposed
model exhibits strong stability and adaptability, offering intelligent decision-making support for
project management.
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Figure 1. Flowchart of the bi-objective optimization model for project time and cost
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Figure 2. Construction cost classification diagram
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Figure 3. Schematic diagram of the time-cost optimization model in engineering projects
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Figure 4. Flowchart of the time-cost optimization model solving process
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PSO Convergence Curve of Project Duration
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Figure 7. PSO convergence curve of project duration
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Figure 8. PSO convergence curve of project cost
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Bl 12. & TRFRAMRAITEEE

A1 L EACAG AT a0t EE I AT 5 e 21, BEHLH 222 0 H AR e A SO i T - AR SR & e A At
ZJa, WHETHICR) IR 19.43%, TiH S RARCTTO) T8 4.21%. 1ZI7EREW SIS TR R 1 SR A2,
T BRSSPI H S RA . $RTFER G

5. B&

ARSCER N TREDTH I TS AR X ARefe il i, S 7 —Fhih & Q-learning 57 HEALAL
(PSOYSLE B REM ALY o JFIE T SEPRITH Bl L9 45 R, Wk 1R RAENL L 2236 0T H rh B B stk
AT - AL, DT H ORISR O T A R REALSR AR TR, TR 2 He I 2 S5 R 3 B AR
TIMEARTE, A JE S RS- T VTSR AR . (R, WA M ARE R BRI R . LA B R
REESPRA L I ARSK TR LA 5] N GRIRA PRZR . T TRAIIIRAC SRR 3R, RIS 45 A pL g 2% > sk
TRE BT 7%, SR T3 - AR AT, $ mie RAE R 30T H A8 1 3E A .

&E ik
[11 #25 FT HEs PSO Bk LREW B RALH 7E[]. Fhr RS (E RBHERR), 2023, 45(12): 167-177.
[2] S8, SRR, TR FRAEEN TR E 2 a4 m et 7). TR SR, 2017, 31(6): 101-106.

[3] Guo, G.F. (2020) Research on Optimization of Project Duration-Cost Based on Quantum Genetic Algorithm. Open Jour-
nal of Transportation Technologies, 9, 59-67. https://doi.org/10.12677/0jtt.2020.92008

[4] FF7F, e, F8, % ETBEAFEEN TREIE R TH-%HRAT R0 BHEE A, 2020, 40(20):
212-218.

[5] Feng, X. and Hye, J. (2022) Multi-Objective Optimization of Construction Progress Based on BIM and Genetic Algo-
rithm. In: Sugumaran, V., Sreedevi, A.G. and Xu, Z., Eds., Application of Intelligent Systems in Multi-Modal Information
Analytics, Springer, 995-1002. https://doi.org/10.1007/978-3-031-05237-8_123

(6] X%, skEk, IR, & B TR FREIEN TROE -SR], 23454, 2022, 52(S1): 1994-1999.

[7] Gk4ERE, }IBA, ZRAL, 25 LT ot 2 B ARRL T3 0 K 2 6 & B AR I S ms D04k T v [T, HLH AR, 2024, 41(3):
504-511.

DOI: 10.12677/mo0s.2025.148563 253 i

m

5


https://doi.org/10.12677/mos.2025.148563
https://doi.org/10.12677/ojtt.2020.92008
https://doi.org/10.1007/978-3-031-05237-8_123

P, EFXL

[8] OkilEVT, TR, fTERMe, S BT @IS BRI TR Bt BE - R B8 BT T [T]. 2 @ BURH K 3%
WERRIERR), 2021, 53(2): 302-308.
(91 skfROL, xids. FF - & MO SR SR BERE I H S € [)). 1295 58, 2021, 30(10): 87-94.
[10] Khalaf, T.Z., Caglar, H., Caglar, A. and Hanoon, A.N. (2020) Particle Swarm Optimization Based Approach for Estima-

tion of Costs and Duration of Construction Projects. Civil Engineering Journal, 6, 384-401.
https://doi.org/10.28991/cej-2020-03091478

m

DOI: 10.12677/m0s.2025.148563 254 e RSE TR


https://doi.org/10.12677/mos.2025.148563
https://doi.org/10.28991/cej-2020-03091478

	机电安装工程成本–进度协同优化研究
	摘  要
	关键词
	Integrated Optimization of Cost and Schedule in Mechanical and Electrical Installation Project
	Abstract
	Keywords
	1. 引言
	2. 成本–工期综合效益模型构建
	2.1. 前提假设
	2.2. 项目工期函数量化
	2.3. 成本函数量化
	2.4. 确定工期–成本效益函数

	3. 算法设计
	3.1. 基于强化学习Q-Learning的关键路径识别
	3.2. 基于粒子群算法(PSO)的工期–成本优化
	3.3. 模型敏感性分析

	4. 案例实施
	4.1. 项目实施准备工作
	4.2. Q-Learning关键路径识别与PSO算法收敛效果
	4.3. 优化效果对比

	5. 总结
	参考文献

