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Abstract: The capacity constraints and path optimization problems in the transportation process of building components are
intertwined, forming a complex coupling problem. In response to this challenge, this article delves into the application of
Q-learning algorithm based dynamic path planning in the transportation of building components. In order to guide the
algorithm towards learning in a more optimal path decision direction, a reward function based on distance penalty is designed.
In this way, the reward algorithm gradually explores transportation routes with lower costs and higher efficiency through
continuous learning, and verifies the effectiveness and superiority of this method through simulation. The simulation results
show that compared with traditional algorithms, the reinforcement learning Q-learning algorithm can reduce transportation
distance by 19.49% and shorten transportation costs by 0.11%. This enables building components to be delivered to the
construction site at a lower cost and faster speed, effectively improving construction efficiency, optimizing transportation
routes, and providing a practical and efficient solution for the transportation of building components. It has broad application
prospects and promotion value.
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Fig. 1 Capacity constraints and transportation environment system architecture
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SR R B BT, 3k 5.
& 5 EREESEUE ITRLE

Table 5 The Comparison of Traditional Algorithms and Reinforcement Learning Algorithms
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Optimal Vehicle Routes with Q-learning Algorithm
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Fig. 2 Example of path planning based on the reinforcement learning algorithm
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Fig. 3 Example of path planning based on the Dijkstra algorithm
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Fig. 4 Example of path planning based on the A* algorithm
3.3 {HESH
3.3.1 AR ] H kDAY
sfes 2] (Q-learning 5320 JEILARHUZ U ALAR. FORE . RIULEERE., BFE. A H
BEBIEHESRAEE, HUTTER. FRRENRE, CREES . Uiih 85 E SUVRES, 1E
step J7VEIBENE . KR SR EDIRA AT, RIS S Q-learning Y2 EIHLH] e-greedy sFEmgsL
DR R SAA, 05 Q FRIEFENEIF TR Q (B, BI A RIBHFNG. RS2 A ik
B FERG BPUPIRASSSEMERE, BRI
S=5%X i) X Croqvy) X 210 (13)
b, S OPIRZS A A, v SN EFIBE IR, v SRR ERR . 210 10 NE
TRV RPRES A S B, A FRZ) 3000 RIZRA BEE SR HPRAS-SIEALE . AT IRTT RN
HERATE, Xomtbas ) AT 6000 RINZRIEMN. H, WERNNSHE, WENZIE. rinklT
EAIRME . B QIEISIE, AR SRR . RS ESAT RS A, BRI
PEI G, I W S B BRI HITEIN . BRI, SRR HIE, THans, Rt
RN ZR. & CBERIRE, WERAEIGREERL, IR, BAERRREE. ZnfE B 20 7R
S RS . UIZRBISE RS, A WS R kg, EREdR @ gl G, RAFHE

67



F1E R A S HORAAR %13

RUOFRRIZRRBOR . R IRE] 5 04T -

aEs
v
elfeSme RN
v
> HIAIERLERRER
V RFIIZRRE
PUEZRIEEEN '
, aIAEYIZRE RN

BRI

A
WELW IR

6 JUIIZRAL il &I ¥ 22 T L 2R AR DI ZR 7391 (AT 1000 8D, S22 falipe sl 2 H oM B4
RARAFVE BRI TIRRIAGI B, MR FARA NS, MERBEARRAITS) (iRl s
BRED, SEORAICRREEET . A VIZGRIOE N (2000 2 )5), SRmizgaT-riz, H
[ 0 FEi. IXRWIE ekl AW SR, 22 3 1 AR R EAR RIS NS , b 1 eREh

FRFETE, BRRESL, AL R I B HkET B IR ST R

6000 Episode <

B 5 FEFRER
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Table 6 The Summary Table of Reinforcement Learning Algorithm

LS TR, MRS MEEE (km)  REA O ARV
V3 3,7 212.62 1488.34 (0, 0)—(45, 94)—(38, 45)—(0, 0)
V3 59,2 326.01 2282.08 (0, 0)—(76, 11)—(35, 67)—(53, 87)—(0, 0)
V3 4,6 161.95 1133.65 (0, 0)—(50, 48)—(60, 54)—(0, 0)
V4 10 136.06 680.29 (0, 0)—(68, 2)—(0, 0)
V4 8 244.86 1224.3 (0, 0)—(90, 83)—(0, 0)
V4 1 80.99 404.95 (0, 0)—(22, 34)—(0, 0)
Totla 1162.49 7213.61
= 7 Dijkstra BiAERBRZCER
Table 7 The Summary Table of Dijkstra Algorithm
b kg5 SRR (km) 595'% NNG) AR VEN
V5 1 80.99 242.98 (0, 0)—(22, 34)—(0, 0)
V5 4,6 161.95 900.2 (0, 0)—(50, 48)—(60, 54)—(0, 0)
V1 7 117.8 588.98 (0, 0)—(38, 45)—(0, 0)
V1 2,9 289.99 1523.83 (0, 0)—(35, 67)—(76, 11)—(0, 0)
V1 5 203.74 1018.72 (0, 0)—(53, 87)—(0, 0)
V4 10 136.06 680.29 (0, 0)—(68, 2)—(0, 0)
V4 3 208.43 1042.16 (0, 0)—(45, 94)—(0, 0)
V4 8 244.86 1224.3 (0, 0)—(90, 83)—(0, 0)
Total 1443.82 7221.46
® s ACEEFERWBELE
Table 8 The Summary Table of A* Algorithm
LB A RESEF O REEE (km)  REA Oo) AR TEN
V2 1,2,6 184.86 1109.19 (0, 0)—(22, 34)—(35, 67)—(60, 54)—(0, 0)
V2 3,4 219.8 1318.79 (0, 0)—(45, 94)—(50, 48)—(0, 0)
V2 5,9 258.07 1548.41 (0, 0)—(53, 87)—(76, 11)—(0, 0)
V4 7 117.8 706.78 (0, 0)—(38, 45)—(0, 0)
V4 8 244.86 1714.01 (0, 0)—(90, 83)—(0, 0)
V4 10 136.06 952.41 (0, 0)—(68, 2)—(0, 0)
Total 1161.45 7349.59

BT AE 3] (Q-learning 57%) 5 Dijkstra SLIEF1 AXEILIATEIE 4 R0, REBETEMT
OB AL ) SVETE A R B AR, MR TAE 41 Dijkstra HEF A*ELVE, Q-learning 5%

LA S AT L I 2] SORIIE A, BE

R PR R A A2 F i A (A AR ES 19.49%)
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