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Research and Application of Machine Learning Dynamic Path
Planning to Reduce the Transportation of Building Components
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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.

Keywords: Building components; Transportation route; Capacity constraints; Reinforcement learning

FERIUTIL A, BEA @RI H IR I KR 30, nfTiefe @ sum iz sk ie, o
FORTETIG 25 A RIORE BT | 75 OhIs i SR PR A (R 00 B S 5 4% ] AR 1 e A 15,
RGBT 1%, AR 5k AXBIL ., Dijkstra BIK5E, HLARTE B4l I IR85E o] DR 31 ft
FERAR, (HEEA RSB 2RISR, RIS MRIN S L, BRI, R #855,
MR A L) s B 5 I, d TR AR EEMRREAME, 2 EmEss
IR 1) LR TR 6 20178 FE FIX Le PR AL AR 2T R A FUAE A AT PR RIS B AT, S s IR,
AT LA D XS PRI, 3R RIS AR . SR SR — FRE B A o i Bl ST AR

54



1% KISk %1

TG IT 5, IR 2% B AP AL T i R A )

B A AT PRI R, B SRR A PRI e SR AN BT IS 00, >4 iy A S0 38 T I o 1 22 PR
WsH A S BRACRK. BRI R EL AR 255 . BRMWERFIR &5, xtig
B A P R BN B 0 $ tH T RFIREESR, A9 A K R o) 2 7 AR R A B SRR e Ty 2, DA RIS
R e SiE . IR, @R EREAEREKR, ZEEY. AHEMSEER, DANXTAFE
Wivke [FIRy, M CBAAEEE A, PIRRAAAEE RS . et . M LIRS EEol, g dim
(RIEAT FHED B3RSt T RR IR R, S8 50 R0 75 B R 08 A IR 11 72 W) P 22 4 L YA Hh 58 D B3 AT 55
IX PR A RN 1 ST H R ARz ], I T AT RS R . 18K R
BRAPE KRB, WA AR R A R AR A SR RIS IR AT, A RS AT i
PR .,

Sk ST g — Pl LS S vk, AR R AT C 4 s H T T2 RS T AT R 3
N FARFIAEL ) B2 2], a2 o) i AR BRI B AR S, R RGR MG R ALE M, E5S
PR 1 % AR I A ) 0 P IR A AR X — AT P M R (A ) SR AN i o A 2 ST T LUARRE & ot
25 S AW SRmE . JF H, IRIEIABLRAT, RARIIRMEL . XMITENMUEH TS
FEIZR, T LT DOE R A R, Ik, SR Ak SR SR SRR RS A A r B S i
JEH T o

T, B NSNS RS AR A IR T BCRAN T R, AR T ik, s Rk
A*EEPL Dijkstra 5L EE AR AL PG T — 52 B, (ELE A B 24 SR ) R AT T /R AT
fetk. Biltn, SOREE RS L SE S BRI AL B A R A, (B R, BB
A BRI, B TR A B DT VR R AR R R RS SR A AL R, P o
B AR SR R AR A SR AT IR I, AR RE 129 R ZE 4% A% i) /8 (Capacitated
Vehicle Routing Problem, CVRP) MOHRMt T ¥ BE, JF7ESEprbinde FHUS T RUFMIRUE, L
BT RBAEF =0 G AR 23 A 8, 800 THRA-E R AE B R BK . H
bez F, [ bR eSS TR R A BRI T2 R, Rl B A 2 SRR FE 2 S BEOR RIS AR A
A, FEERIE RN SIS RAF LA, FER S EDRA TR R AR E AR iR
5 ST EE IR 38 Jin S B AR AR B AR . AR RS . AR AR T . ARSI T
M, SR TR AR SO 5 S, B30 IR B AR e, B BUm IS S A &
PE. Hr, Q-learning SVETE Z-HHEE A2 MUK 1) B R BUAS T 34 IO BCR, BRI AU BRI IS i A
PRI AR . B, SRS IRV S B S (S S Ak i S -4 TR

AL st RS R R AT VEA T, RS R T O RN R A R . REHE
F Q-learning 5L EIZ MR A MALBIAM, Wit S NEIRS A 0 BIE S AR R A . 35,
FIH Python FAF AT 3, S0 UF BVERA RER AT AT, Ba, @B B i, PRI
AR EAT F AR I RE, T NS RIS S s A A 1) R (i — AN i S B AN T . R Bk 2
SRS AR A BRI, e SRR A6 . B2 1a R ek 203, A Q-learning 54ix}
HOATIUE EERI AT . B fa, ARIEEMT LIRSS, TSR AT . B R — AR
fh, AR A MBS S A D IR R A 1 ) B A Y, SR s MR AR AR
RS IET N, B SR A DGR SR, BE A, I EEEG AT SR

55



1% e e 5 % N 51 4

iE, WABFEAEL RIS CHAT A AL, R R S .
1 ErREMSHEXER
11 SREE ISR
1.1.1 5% 5] a9 A A

38Ak2>] (Reinforcement Learning, RL) MWE ML 8822 S4TSR b —Fofhide 1 77 15, JEACZH L
ROUFEEReE. B, RE S ERE . BRI SR AT &, i PR IRk
ESNE; BRI REARTE NI SR RS X AR — I ZI 1 B ARG E s shE R R ek
FEIRAS T AT i $8;  2RJah N 5 R e AR S ERCR I E AT bR, 18 R ReAR AL ng . Az O fE
TR SRR Z MM TS IR, HIRA S E M Hbr. fEXNEfES, 8RS ar
AL BPIRAS B FEFEFHPATHB A ZE, MR se ik MshfEss 7 s, B [E R — RS
Ko B REAR AR AT S5 (R /2 I AW R S22 2, BRR H— FhRe A R AR 2L il e KA A 2
> S W o
112 AT 5 RT Rk RiT4L

L IR AR R R i oAb 22 o) RGN AHESS,  FH T At id = Ak SR 85 2 (Rl 58 B
o D/RAT R FE B LA B T R A R RSN (S) W T A T RERIRSSE, A et
T EARAEAS RIS (8] AT B I R 25 ARG 2R o SR T] (A B8 T B BB AE AR BOIRES T e R IR
A ENE, B T R R IAT MR EEE . REEBME (P) R MRS s RIGENE a R ER
A S, LR P (Sls, a), I 7B RERBIAE Bma A kg (R T =R
& s KIEIE a i, B REMR TSRS IR 3205, 104 R (s, @), R BEAR I He SRR A B B I IR R A 5
P T () BUETEEA 0 3] 1, F-FHr s AR 4T R R fE s, y idein 1, R 6
PR BRI AR 2 i BT 0, DURE SCERNIN 5. TR ] R RS AE Y B AR IR B AN
Mg, R MVIUIRETFUS, B B ARTE SIRBE IR B IR ok K BB . st |,
4R 2 H AL A 2] SRR R T D R A R PRI AR X — MRS AT T S S0, Sy R AT R s it
TRy sl 5 S) BRSBTS I PR SR
1.1.3 A FaziLs 3 e S AR

I TRk 5] OB AS AR RO LR — e R i I 2 A5 R TR (b i BR AR R T - FEBN S BR
PRIy, BRI KPR A M 4L il R BT R B N 8] % 2R ARk o B, 32 A e R o S R I ST N AR A
it T 75 SR A HE 45 . sk ] R E I AW S IR H A 5], R S IR X Be A4k, I
MR YR A AE B BB RIS, R IRAT . XMITVEAE A3 25, HLEs N4 H 4081
BTN, SITECT AT A AR PLEs AN IERIESUR. B, B3R DLE S 5E
5 SRR SIS - S B 27 ) B[R] T8 SR LN S I8 AE 5 TR A 5 B PR AT, DR 2 T ) vy R 22 4
12 HEEXBEAREEE
1.21 L #B AR H &

TERS AR , 8 LA IR R0 e ¥ B R, b A* BRI Diijkstra B2,
H A*LEA Dijkstra SAAAEEW R ZER, R 1R,

56



1% R EE 1

® 1 FARBEMRIE LML

Table 1 Comparison of classic path planning algorithms
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Table 2 Comparison of Constraint Handling Strategies in Reinforcement Learning
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Fig. 1 Capacity constraints and transportation environment system architecture
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Fig. 2 Example of path planning based on the reinforcement learning algorithm
DWmaﬁ%MWSEﬁ%T%EW%%ﬂMHﬁ'uﬁﬁ%éﬁ%ﬁ%ﬁﬁﬁﬁiﬁﬂﬂwa
FIRCIS R 2K e BRSO SRR G R APE . A (I H &0 LR R ARE, fir
T AR (0, 0), zFﬁ%lﬁﬁﬂ pRICH C1-C10. BLEEIEMZ 0 E Rz H] Dijkstra 535181 bR #04 p
SBFHERE, HAEAEAIUSE R BURR £, RN BEAT S A ORS00 o B B A AR 00 = B

Optimal Vehicle Routes with Dijkstra Algorithm

o3 o V5- BRI

—a— V5- Bh2

.CB *— V1- B3

V1 - BiRa

V1- BS5

o— V4 - BER6

—e— V4- BT

o V4- @8
W mEPDL

Y Coordinate (km)
N
o

40 60
X Coordinate (km)

3 Dijkstra B
Fig. 3 Example of path planning based on the Dijkstra algorithm

64



1% KISk %1

A*ELEIE 4 s, o 10 AN AL E R OB ROR, B EREL %N AL TR V2
ERP AT RIS, AL AL TR A VA ERUT IR, R A*BREMA [ R 1 3t
1T Z AR AR, HEAR I AN O R OFIR AL, R A*AZ A 9

fmM=gm+hm (12)

Horr, g(n) ASERRARAYT, BIMGE S GHTT A0 n (SEhr BAUSCA (AT BERE RS, 1A, BB
h(n)JE A e 30, BIA AT 5 n B R Bl e N sA (R TN f(n) Pl ek, B Ain
LR GRS IP o (EBVIMESeJoBRiE), HEUE ma 2 S0 Bt I R R AR Se 2% B AN ik J 4 iy
M R R AR

Optimal Vehicle Routes with A* Algorithm

—e— Vehicle V2
—e— Vehicle V2
—e— Vehicle V2
801 —e— Vehicle V4
—e— Vehicle V4
—e— Vehicle V4

=)
(=]

N
[=)

Y Coordinate (km)

N
o

40
X Coordinate (km)

4A* Hik
Fig. 4 Example of path planning based on the A* algorithm
33 {iRSHh
3.3.1 FRILF ] HEW AT
sA5 2] (Q-learning S0 MEIARHUK AR, FoRE . AR EEE . AE, A,
BAESEEIZ A, RO, RIRREMEE. CRSE . SRS E SOVRES, £
step UL IRAEHIE . K BAABEIRAH B, R4S S Q-learning SKIFINLAI e-greedy Skl
PARZE GHMHAL, B Q RIEFANEIFHER Q (H, B mlEimang. m T RET S 4 imit
B ARG FURRESSELERE, HABOHE T
S=5%X(Tr_q ) X Creoyvy) x 210 (13
Horb, S PR AR, v S ZERIOHE LR, v, SRR ER. 2% 10 NE
DT RS G . TR, bR 3000 KGR REE s SRS R AL . I IRDT I
AERAE, 0 aRla 2 AT 6000 IZRIEAR. 56, WEYIGWSE, WEWMEE, kT
SR . BAE R, AR BRESEMREE. REHEIAT ISR, BEA ISR
TEH 5, B W SRR RBORIERIEI . B RIEH], SR E s, TR, FFsk
AR & CIERIREL WA, FHEOINZR2 N, AR . 2R 2 1 R
WS HERS . DGRBS R A0S, JE R A WSRO S0 g, B R € UIgRInl &, R

65



H1%

e e 5 % N

1

RUFF IR INZRROR

H AL I b AT .

Atz
v
ellfeaesipS e

v
ISBERLETAE(

EXiip-

f

W EE £ I EUR

v

v

RIS IR

1B

B 5 XEFREE

v

AT EYIZRE RN

Fig. 5 Main program flowchart

6 J IR i I 1) 22 0 L4 R BEWIAE VI Z5A139] (AT 1000 42,
KRB E BEARAE TIRZIAEB B, MR IR OGRS, SER
BN, SEEE A

ST SR N A
CHUCIERRARAT S Chnik #4568 H R4
. BEEVIZRE RGN (2000 32 J5), RERZEHTE T i,

H.

A 0 FEifr. XRWIE REIEE AR SRR E, 223 7 BRI AR R S, > T EE,

FRLhIRTT,

-1000

-1500

Total Reward

-2000

-2500

1000

Total Reward

1500

~2000

2500

FRALE

BTSSR s

Training Rewards

PRBLT 3L ST < B H ik

Training Rewards

B AP SRR

1000 2000 :9000

Training Rewards

5000

o
I
-500 I
—1000
~1500
—2000
-2500

6000

r

Total Reward

1000 2000 3000
Episode

332 1\#’}35(.2}?\ DAT

iibu

66

=R SRR TR, AMAA

5000

1000

o I | I
-500
-1000
-1500
-2000
2500

3000 4000

Episode

2000

Training Rewards

5000

6000

6000

6 UIZRERE
Fig. 6 Reward

1000 2000 3000

Episode

4000

vl 14 THEIB IR C:

5000

6000



Bl

R EE

%1

C,=C,S

Hrp CARRFEHRIRIBIRA, CRREMEAEA (Z3HER D, SIEABBLER, BB
e KA. BRI E, Rkl st, il o) Bk aens B A AR YE Fres A PR
TN SRS, A RPECER B A . KIEOT B, 21K 6. K7 5% 8, LG EWKIEAE
ARV EEAE &SR bR B X EE 3R
= 6 BUFIBEEAFERREBLAER

Table 6 The Summary Table of Reinforcement Learning Algorithm

(14

LB TS RES& T MEEE (km)  BEA OO AR VENS
V3 3,7 212.62 1488.34 (0, 0)—(45, 94)—(38, 45)—(0, 0)
V3 5,9,2 326.01 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 12243 (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 BEFWMBRILER
Table 7 The Summary Table of Dijkstra Algorithm
LS TR k55 % P SRS (km) 5SY5% 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)
Vi 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 12243 (0, 0)—(90, 83)—(0, 0)
Total 1443.82 7221.46
® SAHEERBELER
Table 8 The Summary Table of A* Algorithm
LB RS k55 % 7 AERE (km) 5SY5% NNG7) AR VEN
V2 1,26 184.86 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)
\V21 8 244.86 1714.01 (0, 0)—(90, 83)—(0, 0)
V21 10 136.06 952.41 (0, 0)—(68, 2)—(0, 0)
Total 1161.45 7349.59
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