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Optimization of AGV Operation in the Dispatch Area Based on
Reinforcement Learning Considering the Risk of Human-AGV Collision

Ingeun Hwang - Hyun-Rok Lee

Department of Industrial Engineering, INHA University

Automated guided vehicles (AGV) are a crucial component to achieve automation in logistics. AGVs can
autonomously transport heavy pallets with the pre-designed rules, hence reducing the need for human resources
in the logistics area. However, since AGVs cannot completely replace human workers doing maintenance tasks,
inspections, etc., AGVs sometimes share operating areas with human workers. As such an example, we optimize
the operation of an AGV in the dispatch area which has a human operator for final inspections. While most
previous studies focus on efficient operation of AGVs, this study considers the possibility of human-AGV
collisions as well as efficient operation. We also propose a PPO-R algorithm to prevent conservative behaviors
of AGV when introducing a collision penalty. Numerical experiments show that PPO-R can maintain throughput

while reducing the number of potential collisions.
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Table 1. PPO Algorithm

= Initialization: Policy network parameter 6; Value network
parameter ¢
= Repeat for a fixed number of iterations
* Collect a fixed length of state-action-reward sequence by
”9(“‘5); Spr Ay Ty Sy 15 Qg1 T 1o oo
= For each state, action s,a
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Figure 1. Dispatch Area Layout
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Table 2. State Definition
state element description
re{1,2,..., current row number of AGV
ce{1,2,..., W} current column number of AGV
1={0,1} 1 if AGV loaded a pallet, otherwise 0
Je{1.2.3} des.ti.nation of a .loa‘ded pallet on AGV; 1 indicates pallet loadable area, 2 indicates temporary
waiting area, 3 indicates depot
n'e{0,1,...,n"* } the number of pallets waiting in input space
nP?€{0,1,...,0m} the number of pallets that should be dispatched
”uLE{O Loy} the number of uninspected pallets in temporary waiting area i€{1,2,...,/V;}
nlLE{O Loon™ ) the number of inspected pallets in temporary waiting area i€{1,2,...,V,;}
r"e{1,2,..., H} current row number of human operator
le{1,2,..., Wt current column number of human operator
m" €{0,1} human operator’s movement step
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Table 3. Reward

reward type description

, reward when pick or drop a pallet at
ry(s,a,8) € RY _p_ pap
temporary waiting area

r(s,a,8") € R" |reward when pick a pallet from input space

rp(s,a,8") € RT |reward when drop a pallet at depot

( N e Rt penalty when AGV and human operator are
r.(s,a,s
¢ on the same cell

, . |penalty when AGV is not moving correctly
TL(S,(LS JER .
near destination

ry(5,0,5') € R penalty when AGV is blocked by unavailable
move

ry(s,a,5") €R" |holding cost of pallets at input space

rp(s,a,5") €R" |cost caused by waiting dispatch orders
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Table 4. PPO-R Algorithm

* Initialization: Policy network parameter 6; Value network
parameter ¢
* Repeat for a fixed number of iterations
= if the average number of dispatched orders < ¢ and for each
k iterations:
Initialize 6, ¢
* Collect a fixed length of state-action-reward sequence by
molals)s sy a1y Syy a1y
= For each state, action s,a
* Compute A(s,a) using V,(s);
A(s,a) = r+ ’yVé(s )— Vo(s)
» Compute L(s,a,0,,0) for policy optimization
* Update 6 using the summation of L(s,a,6,,0) of state,
actions in the sequence
= Update ¢ to minimize AJSE using state, actions in the
sequence;

MSE= r+~V,(s")— V,(s)
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A
23 }9\113} (Brockman 2016). ©]
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7He A 3k stable-baselines2 (Hill ef al., 2018) oA F+3
PPO ¥ 8]EF o] & T4 PPO-R ¥ FS AH ol A&
st th PPO9} PPO-R & 112859 hyper parameter 5 SHr&
(learning rate)< 0.0001, 0.00025, 0.001, 0.0025, 0.01, 0.025 &
7H HA o ASge Wl 0.0012 A, o] 99 hyper pa-
rameter 452 stable-baselines2 2] 7] &-3+-& AFE3IH T 845
& do]dEV} &AH FzALete Sty T)F F
500,0009 0] == &3t 218845 2., v 10,000 stepHet 5071
9 01]:4/\‘:§ AH&ste] B9 A5& Hrhet gtk PPO-R &
1 F2 50,000 steprttt Ht Z3F 4471 0.0001S E71A
ZotH YESIE 27|88HAH k=50,000,5=0.0001.
T ASS U e dueSrit g5 S HrkE 34
T /M 5E EotEE 7 A S AHEsTh AP e o
FYE 9 Z3AAN 79 E&FE A7 &S #(A=0.04)
Z (A =0.08) F 7HA A& 7HA st s, 4
2 0.96, 1.92707F E23Hs ojmj gt @A o= gl
A=0042 AGV 1H7F AFFA A 7 A
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Table 5. Collision Penalty 7} 27Vt PPO-R Y189 AL = AR H F<50]
— U9 Ra9 AAA02, $2E A28 A7 B
pen,| | N | b & 39 42 458 29 A ) 89 109345
orders i, o) FE ro(s,a,s’) FOE A AT
3 49.62 85.788 3
=) =) 5.3 ¢2E]S v 2 : | 2E, PPO, PPO-R
5 49.844 51.504 ) =-re UL
(+3.75) (+30.06) ARE B gse A}%o}cﬂ PPO aléﬂr PPO-R %}1
51663 1356 PPO %Lilﬂ%*?:rc(s a, s )%k looiﬂﬂﬂ%’\l’—ﬂ@_f&
10 (£2.99) (£25.41) 7 dgol oAAA %] WEY 2L nHA 9
b 29.868 37.293 ” (rels, a, 8') =0) G5 AHE AT AHES -ﬁ—?i
(£24.60) (+8.25) Ele AGVY BX AHE & 7)Hlo 2 A A&ty AGV7]- A4
Bo £HY o2 E3HA Y YRS FIT 5 Y YA
7) ol PPO-R &2 E2 AU rols, 0, s )R=3, 22018 AA% S3g 20|tk AGVY} FYES zqu A
5.7.10,12,152 43 SeUH, 22 sHA 2Y L AUE D wo)n 4F ol %ol me SHAE QA 5 Aa) FSHED
& <Table 5>9F 2T PPOR FILAZNA re(s,008) & o2 ojFalo] FAES Y ED. W) AGV/} HEE
of whet Arhih A7 ASAARS 2 HFEAN R AS 2 A5 G AHolY, YTFLHOE $HH O Z o] F3}
(number of resets) =3 7] Z3tATH 25 Ye HSSH A o BYES $43 9 dA BRAA LY AXo] Ty BYE
g Aste] % WA gholth. € o|ETT WFAGVIE FHT ofH Y JFE EASHA &
PPOR L MG A, rolsas’) & MR HS  Lrjg 1 Aeld MEREETAY) AATO2H, $292
g E3t AT 3lrE rAsY *1 %—% ArE AR 2L+ F238 90 <Table 6>3} <Table 7> 22 Y19} 2344 A
A Juo}ﬂl 71 glM s ASA RS 27188 3 B E0] 0.04,0.08Y W o] A Aol
Table 6. Comparision of Heuristic, PPO, and PPO-R (A = 0.04)
Heuristic PPO PPO-R
Run Number of Number of Number of Number of Number of Number of
dispatched orders collisions dispatched orders collisions dispatched orders collisions
1 52.54 156.6 52.84 38.62
2 49.6 161.78 54.68 31.9
3 48.4 107.1 50.8 200.36 52.62 93.46
4 53.76 146.8 45.92 30.32
5 51.58 143.82 52.28 235
Average 484 1071 51.656 161.872 51.668 43.56
(£1.43) (£20.31) (£2.99) (£25.41)
Table 7. Comparision of Heuristic, PPO, and PPO-R (A = 0.08)
Heuristic PPO PPO-R
Run Number of Number of Number of Number of Number of Number of
dispatched orders collisions dispatched orders collisions dispatched orders collisions
1 105.1 155.86 100.46 43.98
2 104.16 105.78 101.94 20.46
3 89.88 128.08 105.88 120.28 100.94 12.32
4 101.04 91.92 99.76 32.96
5 95.36 138.68 102.32 20.6
Average %9 88 128.08 102.308 122.504 101.084 26.064
(£3.84) (£22.78) (£0.94) (£11.12)
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Figure 2. Learning Curves of PPO and PPO-R (X =0.04)
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Table 8. Comparision of PPO with Collision Penalty and

PPO-R
PPO-R Algorithm PPO with collision penalty
Run N.umber of Number of N.umber of Number of
dispaiched collisions dispatched collisions
orders orders
1 52.84 38.62 52.02 3222
2 54.68 31.9 0 0
3 52.62 93.46 0 0
4 45.92 30.32 0 0
5 52.28 23.5 0 0
Average 51.668 43.56 10.404 32.22
(£2.99) (£25.41) (£20.81) (£0)
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