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In this paper, we propose a reinforcement learning algorithm combined with heuristics to solve the
bin packing problem (BPP) where the objects are randomly given and once placed objects cannot be
moved, but the small load buffer can be utilized. This setting resembles the loading problem which
has not been resolved despite of logistics automation. Since heuristics can be rapidly optimized by
human intuition, and reinforcement learning is highly responsive to the environment, the combined
method is highly available in the real-world industries. When the model learned through
reinforcement learning determines the optimal object among the new object and objects in the buffer,
then defined heuristics find optimal position and orientation for placement of the selected object.
Through experiments, we verified the effectiveness by comparing the loading efficiency between the

heuristic-only system and the combined system presented in this study.
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Figure 1. Reinforcement learning with heuristics

for buffer-utilized random bin packing problem model overview

>
ox

(4
2

FAE 14 ZdHely Qholl Hoig e 1S &840 5 AAdof stEE 1 Hl HH3} &

A1 BPP(Bin Packing Problem)® & < UTH(Benks et al, 2010). AL 99 =27], AAL =49
x310] vFstez, BPP= H A3k Aol AH 3] ofee Aoty AEHA L] E4E thF= 3D-BPP
= o8 EokollA B¥E Fl 2H (heuristics)= ©] &3 2F A= sgS V= dioH, tE5s
olgste] HABE A= E . FE2=HE AHESH 5 oA mE dAEs e & AL
AU &7 o] Wl wet A A 2 FAo] ot AFATE o] &F S5 A9 A
z3o] sl frolm gk a7t 7Hs kAR, Sl mE A B AL W&ol TstgaH o A=
Aol e stgd A FAE 5 glo] AA AlzHo] Stgol Vg RE 3kl AHEAF BEE3E
7h o Hoh kA B dAFddAE SF 43 o] FHoE Eoles =15 Addtes 3D-BPP &4 3
AL 98t Fel2g3 Aestass A9 2 AAZH. 71Ed A EE EE ASE AR 9 A
daor stgdts Astshs s B2 3D-BPP S dts 2 Aldd S Frez=gd A G
3tet5 9] B 7HA] ddolgbs Ade ol &3t EAE AT Figure 12 AtdE 2] XA
ARl BAEolth WA Asehae T8l 7 vl 23 =4 gd2E F HFHY EAE A9 =
AE Adgsta Ui, 49 7Hedk o7l o] 9 § 71 =2 7HAE 7= B9 E Addste] 245 A
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2.1 BPP(Bin Packing Problem)

a) 1D-BPP b) 2D-BPP c) 3D-BPP

Figure 2. Examples of multi-dimension bin packing problem
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Al Z7Fetth BPP= thdk AlZE Uil s s d o] 78 & gle
FA o] tH(Coffman et al., 1980). NP-hard &4|& F=, 7&% T8 A FeEl2EHe ol &3t WE H3F
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th o] HellA FAF Alell S0l EAES B 7 HA EAE wiAsE Aol sttt 3D BPP
o B¢ mRRIIAE FrElzagom Zdilol A== A HGupta et al, 2017). Lodi at el.(2001)> tabu
searchE ©| 83 Felxg 324 S AA AT Edelkam et al.(2014)ol A= A4 Ay AESF o] It
s A H AtE 2 HH2A monte carlo tree search(MCTS)E 53l 7] local search} 22 1t
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#18 "k 7ld o] Markrov Decision Process(MDP)©]th. MDP+= (S, A, P, R, 7) & Ao =H, S& 7}
el (state) 5 HEH H ©]3 &E(probability)e] PE o] F% Markrov Process(MP)7} &7 3
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Oﬂ e 2 B A5 4 7] g, | vHiztA Y R3S 18 F AESE hee J8EF
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A 214 (window size)S w, depth mapS T-317]

EolE &7 7, 7, depth maps FASHE G5 2z, 28 i A BPFS 2AHE
=zoA Atets T4 Fe2E AA dagFe Algorithm 13 2oh(Z g3 #E3 =42

Figure 49} Figure 55 FF=x3t}).

a) 3-D perspective view b) 2-D top-view of depth image
Figure 3. Two objects placed on the plane
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a) A container, object, and depth camera b) Side-view of the container and objects

Figure 4. The container and objects

(dotted lines denote the orthogonal rays to obtain a depth image)

flat = ratio of mode > p

Figure 5. An example of sliding window

for the proposed heuristic algorithm for dynamic bin packing



Algorithm 1: Heuristic Algorithm for Dynamic Bin Packing

Input: W, 11, D)0, w, vy, rh, 25,0
generate grid positions G with window size w;
L
while not full do
capture depth map M, (W, 11, 0);
get next object of size w, b, d;
define list of global position candidates C;
// consider 6 orientations
for obj € {{w, h.d), (w,d, b)), (h,w,d), (h,d, w), (d, w, h), (d, h,w)} do
define list of local position candidates C,;,;:
// apply sliding window
forpe Gdo
get depth map for target region M, (1w, fi, p):
// find z limit wiolence of target region
Zmaz — 1 — (min(M{w, h,p)) —ru):
VETE — Zqar +d = 15
[/ find flatness of target region
quantize M (w. I, p) by z,;
m — mode( M, (w, h,p));
Sal + ratiolm, M(w, h,p)) = m
// find if the mode value expresses highest =z
highest + m equal to min{ M, (w, h, p));
// add acceptable position cadidate
accepl +— not overz and [lat and highest;
it accept then
simulate next depth map M (W, 1, 0);
Sp & std{M (W, 11,0));
add (p, sp) to Copys
end

end
(Prsss S;th;I +— (p. sp) € Capy which has minimum dislance(p,0)):
add (pyy;. 5., 0bi) to C:

hpubj- 2

end
(p".obj") + (p,obj) in (p, sy, 0bj) € C which has minimum sp;
if C iy empty then
| full + True
else
place object at position p* with orientation ohj*;
R ol e il
end
end

Algorithm 1. Proposed heuristic algorithm for dynamic bin packing



LLLLEEREERI
FLEEEEREEN N,
CLLLLE Rl
CETTEE R R
DD EEE R R
PEREMF[MAT A=

LLLLLEERERRN
TLLLLLLERERR

Figure 6. An example of packing sequence using proposed heuristic algorithm
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Algorithm 2: Training Critic with Heuristic
Input: V;, heu, R,~.n
while rraining do
// gather heuristic experience
while not full do
capture depth map M and object size w, h, d:
set current state s = { M, w, h,d}:
get heuristic action a = hewu(s);
setreward r =w X h X d;
capture next depth map M’ and object size w', i/, d’;
set next state s’ = {M',w', b/, d'};
store transition {s, a,r, s’} to rollout R

end

// train critic V,; from heuristic experience
Compute target value r + yVy(s) from R;

Evaluate advantage A(s,a) = r+ vV, (s') — Vi(s);

¢ — ¢+ nVsA(s,a);

end

Algorithm 2. Training critic with heuristic

WS ATA] W =52 Aolrt Ao AEAHJA skl

&Y (Actor) a8 A E BEsa(Es A dF
AL g5 g2 7433 tHGrondman et al., 2012).
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7w dolth, Boge AR BAS] B3] wrptdolth @, BF BANAE AEFH npgEo T Holr)
Logde ABsnE BWs A4 g7 Rl $H=E Feladnh @4 AT 9K S5} o
Aol AAG 93 $AeRT Fow By BAL AT, 18R God RS ATEA Lt o
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Figure 7. Training critic to estimate future value when depth and object size are given.

The critic is trained by reinforcement learning algorithm

Buffer

|

| | » Heuristic store

(selected)

object; object, object;

Value,

. -, Value
new object Critic !
Value,

Value, (Max)

depth

Figure 8. Using trained critic to select optimal object among objects in the buffer and
newly given object. Heuristic will select the object which has maximum estimated value

from critic, and place the object with predefined algorithm
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AAZ BE e B8-S HAFsr] f8 AA e A71E (W=04, H=0.7, D=05), (W=04, H=0.7, D
=1.0), (W=0.6, H=0.9, D=0.6)%] 37}A & th&fs}etal, 2t 24 F3tellA o] &7 8 Frelxg 7S 24
A =002, B 337 r,=0.02, B4 =] 7,=2, depth map FA3s; &9 £,=0.02, BHF £8 BE 0=09
2 AAAT 5 Al Wl & FAAE EAY 7= w, b, d 27 HS] [0.06, 0.14] WS 0.02815 =2

712 FALER FAAEF At A3stsg ¢ FOE+ proximal policy optimization(PPO)
(Schulman et al.,, 2017)E& ZZ3IATE ZE A3 Pythons ©] &3] 758 AlEZH o)A SAolA S =
AT
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2ol vl Hrt GAAA stsd BUHAE Fol WY 28 AAE T olnfo HH 371% 308 A%
stk webA FrF dACdAE v =3F W @1 EA 3/ AE R EA 10 F 40 EA
T W7 Mg agrtete S AE AATS 2AE A9t 199 HrtelE 539 0114*‘:7} Zl &y star
O A P o g Wyt ARE =EIATh APdA FEHoF & He 2 oﬂﬂizoﬂ st B3 &
AFREHA sk WET ShaE HrhAeh A WHE AFESIAE o olvlaAE B TRtk mhEhA
FAe) ghol A Aol e w e TRAE dyiAs B o® Holsty T e HUt ARgor =&
&t

Figure 99| 12z & 7} A A
F 27l B7HAE SHkE

A
Aol g wolx AW, A SHol

F}x

&gl met Hoet Jriats AR w i " 72 Bl Asst
= AL Btk 2 2 E st 188 dg S 29 HF depth image IAIE YERA Holth
ghgol X E o Wt A & YEE Hole HF depth image= H7HAE] dhgo] IPL4FE A E
oS Z &8st A4 F3& o 8402 AHESH J5S vERdT
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Figure 9. Improved episode reward and final depth images
according to the training steps. As improved episode reward
grows, the final depth images are getting more dense result

_13_



W=0.4, H=0.7, D=0.5 W=0.4, H=0.7, D=0.5

0018 30 T
0.016
25
0014
E g
; 0012 Z 5
M L
< 0010 B
@ 2
& 0008 & 15
: o
0.006 °
10
0.004 ]
Buffer utilized No buffer Buffer utilized No buffer
W=0.4, H=0.7, D=10 W=04, H=0.7, D=1.0

0.0200
30 T
0.0175 1
0.0150
00125
0.0100 4
0.0075 l
0.0050 o

] — [o]

[
w

=1

Episode reward
Episode steps

&G

b
o

v

Buffer utilized No buffer Buffer utilized No buffer

W=0.9, H=0.6, D=0.9 W=0.6, H=0.9, D=0.6

0.024 _
T ’

0.022

0.020

0.018 l
0.016 J
m F

Buffer utilized No buifer Buffer t'ltilized No l::uffer

W
[

Episode reward
Episode steps
&

b
|
I

Figure 10. Box plots of episode rewards and episode steps(placed objects + 1) for different
container sizes. All results indicate that buffer-utilized with trained critic performed bin

packing more efficiently than without buffer

Figure 102 8t5 ¥ W7iAtel M & 83t 50 A L= s A9 WA ¢l g 2grto g 50
ANF4LE FRTF AAE A LE B B ofAAE 28 F2 FE(F)st 7 AA A7)l whet(y)
A7 E W ZE Hug otk oA AE B HF AA FIE Y, dA4AE 28 FE(FA
g EA F+ 1)S UERATH T ZoA B 5 %] S5 U HEE E8359S W AT AA
a9 ARG EA 7 HHE AR @S WRT {Foyv|EtA et BrbAe HEE &8
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