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Abstract: Objective Rescue-oriented evacuation drills like fire escape drills have often been structured to optimize
rehearsal training effect and firefighting awareness. To get sufficient evacuation experience, multiple drills are costly for
related organizers. The requirement of that is based on evacuation drills, emergency drill venue, the physical condition of
participants, and position information in real-time. The emerging virtual reality technology can be used to guide virtual fire
escape in relevance to lower cost and risk and higher reliability. Moreover, to simulate its emergency drills in virtual sce-
narios, multi-agent path planning has been recognized and developed nowadays. Method We develop an improved double
deep Q network (DQN) framework. Specifically, this virtual scenario analysis is developed through collecting enough cam-

pus information, including multiple agents, obstacles, exits, fire affected areas, and other related factors. Since all agents
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are assumed on the same plane, we can convert them into two-dimensional grid diagrams via transformation gridding and
coordination. Furthermore, different grids are colored and utilized in two-dimensional grid plane m to represent obstacles,
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fire affected areas, exits and locations of agents. According to the location of the agent in the virtual scene, the grid plane

m is layered, and the grid plane m, and the grid plane m, can be obtained in terms of the sizes of 64 X 100 and 48 X 100 of
each. In the double deep Q network, we use two double Q) networks with the same structure, i. e. , Q1 and @2, which con-

sists of two category of convolution and full connection layers. Furthermore, input size can be interlinked to the grid planes
with the same size as m; and m, after environmental stratification. For the grid planes with the same size as m, and m,,
trainable grid planes m/, and m), can be obtained by randomly assigning the same number of black blocks with size of 1x1 to
represent the duplicable location of the obstacle, and generating planes corresponding to all different starting positions to
represent all status of the agent in the scene, which are used to initialize experience pools D, and D, and train networks 1

and (2. For the actual evacuation drills, the evacuation of the crowd is not completely independent and discrete. Neverthe-

less, due to the sociality of people, there is a certain social relationship between the people involved in evacuation, and

there is often a certain phenomenon of “gathering and following” in crowd evacuation. In addition, to achieve the evacua-

tion process of the crowd better in an actual evacuation drill, the organizer often arrange a certain number of guiders at dif-
ferent locations to assist the participants to complete the process of evacuation. Hence, our framework can add this guide
into the virtual scenario and an improved k-medoids algorithm based multi-agent grouping strategy method is implemented.
Agent-based location and relationship are involved in and the related grouping of the agents are accomplished as well ,

i. e. , the selection of corresponding guiding agents, and the evacuation-led of other agents in the group, and the improved
path planning algorithm of double deep Q network architecture mentioned above. A reliability and efficiency of evacuation

are improved further. Result Extensive experiment is carried out to validate our proposed methods. In the training pro-
cess, the network Q3 of the traditional DQN method converge 24 000 batch sizes, while the (1 and (2 networks converge
about 3 000 batch size as well. In detail, it demonstrates that the convergence performance of proposed method is signifi-
cantly faster than the traditional DQN method and more stable. Additionally, to improve the evacuation efficiency and
evacuation safety of the agent in fire scenarios, average health evacuation value (AHEP) is used to evaluate the evacuation
effect. In AHEP criterion, it is about 84% and 104% higher than each traditional path planning methods of A-STAR,
DIJKSTRA. Compared to the extended A-STAR and Dijkstra-ACO hybrid algorithm based on changeable fire scene,

hybrid algorithm can be improved by 30% and 21%; Compared to DQN algorithm, it can be reached 20% higher. What is

more, evacuation efficiency and safety are improved more, and evacuation effect of the planned path is much better. Fur-

0

thermore, to verify the evacuation effect under different groups, we compared the AHEP values under the four groups of 4,
extent.

|13

5, 6 and 7. When the group is 6, its value is the highest, which is 17%, 13% and 6% higher than those three cases of 4,
5 and 7. Finally, the results show that the appropriate grouping of multi-agent can improve the evacuation efficiency of

agent. Conclusion The proposed method has its potentials to improve the evacuation efficiency and security to a certain

Key words: virtual reality; fire drill; multi-agent; deep reinforcement learning; grouping strategy
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Fig. 3 The structure of double deep Q network
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DOQN B3 i — b S SR W I [1) 22 737 9, Feh 4l
BRI BRI S 7 A AR ) SRS B D AT Bl R
11Tt VA ) SRR O H AR SR o 388 30 T — e
DON L, T RERSIR R INEE (T & SUAE SRS A1
Frahsms , JA

2173



2174

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 7,Jul. 2023

a, FiAty

m<E

W(SL): argmaxq(snaz) (4)

A w2 R0, 1] P A i — A BEALEL, & fH—
MEBLE 0.010 Yu /T AEMH & 0, 78 ¢ 58 PR IS
q(spa)BKMNE e, RZ, BT W shfE2
BEDLIEI — D 3N1E ol H T X AERAT IR MG K™
AR B AR &g, JF 8 — A Bt
e(snanrys, ., E)RER . WIRLEEM D RN
KN, e FEAFH AR FN 000, SRR A I 25
B, T2 50 h AL 5 1Y e, B B MIRACR A
o T SEARLA b IR R, AR SCHRE H — b 60 55 BR 5T vh
AR AR B R 25t A U, RIZERIRLTF 4G
YR PR BEARTE R h B A R B A 4 RS
i AN B 250 o X e WEAS []37 54 0 AT Y1 25 R A% 18] m,
), HE JSORE I BT A AN TR o i RIR , R g
AL IZ G 5P TR, 705455 e x 64 % 100 i
m;,(s,ﬁ,p',g’, w') Fle x 48 x 100 1 m;l(si',,p’, g, w’)
PR &L, s, KRB REAA S . XSRS T T
HPW (s ans,. . E)4FER R ARG SR
BRI TR . eAh 0 LT — ARy, MK
P Bk PRGOS L 18 538, ARy

I+, zZ=p

1L+, z=g
a = (5)
v 1+r, z=w

1 HoAtb

A, S8R AL E , p RGPS, g 3%
AN AR w RIS KIGE WG . R PE(S)
i P 5 B AN [RIR ZS I 7 AN TR A 0 K. e, o
JIr A A B G o3 AR, 2332 o (5 T 1
L+, AAEA TR W, LR g (E5E T 1 + r, A
1+ r, AREER W, R BEAR 255 H b a5 sl 18
&Y. JfFH, & X HAReR BN

yiz =
/P ‘/fi,+1e1p2
Yoo — Y, + 'yamaEXA ’]j(5n+|vaiz+1v0T) Vi€V,
(6)

Kby, ey, BRTESIE o A FTE 89T — 5O
JOE B4 53, BIVES BE P A 214 A9 i PP ) o R T —
BB R, L — o, 2R RN R A2 B A5
B BB RN EL oy, SRS ) 22 0 AR () s 2

H bR ek £, 25 % A Rl B B Gk B AR By, A
Yoo -, + 7amaEXA q/’(sit+1’ @y qs BT)O ﬁﬁﬁiﬁjﬂiﬁ

FREPRBES T AN, — e

2544 DA G AR SR — R R T R i L2
TREE Q P48 24 I B AR LRI A3 . B R Ak 2 it D,
HID,, ¥ e x 64 x 100 i m], Fle x 48 x 100 W& m), [N 4%
L, 2 il A BN 25605t D, A D, FEFF IR N 2R 22 T
1B AR Z R . ENZREPRE A~
22000t o B P, AW, S S R AR R S,
MW, b R ECE R m B A S — S it IR (batch
size) , THAASCEE B B AR %Ly, RS8R
P e e UG b B s o e R 00T 7 ) E s D)
2 R s ES AR . BB BRI .

B Q1464 %100 x 3502448 X 100 X 3;

B Q11 x4;02 01 x4;N, Hex 64 % 100;
N, Hex48 %100,

D4l a e 2583t D, F1 D, K /A N RN, o

2) ARG IABE A B m ], Al mg, DL KX I B o {8
3 A BN 2505 D, A D,

3TEL LM D, D, 1A ER o i, F W, T
AR AR

4) FIBERALRYFLEE 0, B4R 1k Q1 F1 Q2 I AN 6
FTHFRMZE Q1 F1 Q2" 1 6", 15 5E batch size K/N A m.

5)[RIAFIIZR Q1 F Q2 XU 25

6)For episode in range (EPISODE)

(1) N2 553t D, Fi D, i X0 1, e
1A R B

(2) 50 507E Q1A Q2 Mg rh bRtk ] = € X m/m.

(3)Forj in range(J) .

a) N W B B LR AR A m 1 RS AR R
K (6) 5 Hbrek %Ly, o

b) B AR D (1, — g, (s, .0 0)) K

OB R pRAL

¢)End foro

(4) 5 6 73 51| 5 i 25 HOOF L 1Y) H AR [ 25 607

(S LEM D,

7)End for,
2.3 E T K-medoids 248 5K #& &%

TE 52 B () G T ko, N HERY 6 A2 0T AN 58 4
MALAEY . T ARG S, S 550 AR



$28%5 /FET7H /2023 F£7 A

R, B, BRRIE, AxX, 8F=
ETWEDON & & B 2 M%)

Z TR — A 0 5R TA GR NS 2 5
XL 22 G R UL S Y7 52 2 R RS2 0, A RS 6
BAETE S B —E RIS . A, 7 — K
(R BT 2 T R Ry T S s O, SSTER
(i) (57 2l — i Ui 12 4 D, B B 2 5 3 58
Bl PRI AR SORF 0 R B ST ALY 22 42 D15 |31
Wb R 256 75 BB A A7 1 SR A B Rl
SRR BB AT 404 SRR 1 5 | R e AT |
LR N HAD R B IR

KRS ERX 2 Be R e T o> A S |
BREIR . S0 b R IR B AR A
PR B HED) ) 45— D REA TR T3 AN 6] 19 2 18 ] — 1>
Py XS G HA — i B AR | A [R) 19 2 vh s
X AAW R, RIRIEE A 52 nl
RERAE R — &, R RTGIS /85 . TEA S, i
7 X 3 XG0 RE UL S ) 2R Be AR K T A
REMAL B 0 A bR 5 2 (X, VAE RS . A% IR
BRe R Z ] iy At oM AR SCHR Hh — i T o 4 R el
Y K-medoids 7775 . BT ELR 6 % B ae ik &
FIE BB OC 2R B SR, X 7 A [ S 70 1) AR (i
TTInAL . 7ER Re ks B i B v, 75 AR AR
HE P — Pl AR SR R REIAR, 34> sl
BERE ) A ORI 22 S e/ o AN SOE LT — A2
S RBIOK 256 TR HE AR 22 8] 1 2% %% B2 IR 25 1) 52
M, B
k, x D(LJ) + k, X R(LJ)

T(LJ) = [ (7)
R(LJ)=|V,- V)| (8)
Q:iﬂﬂﬂ (9)

Kk, + ky = 1 R B RE R EEAE L, T(1, )
FIORZEFREL,D(1, ) Fon AR Re IR Z Al 2
AR SCR FH TG BE 25 B2 1 R AR Z M 1 BE 2 L R(1, )
FORB BB Z SRR . VRV, SRR A
REAR Z R SR B0, R(1, J ) WU ARRE iR 2
) R SR o w R 43 ) e T S A o 4 R ) IH — AR TR
Fo PRI kR RIZ 0 T R AR A
SUBCEE ¢ FOR BRI R B, 6, FR o 2 B AL
AR R 25 5 SR

AR SR 72 U 25 5 R B S vt SRR AR
M. LB H IR IR Z MBS HE R B CR ik
5 | SR BRI X R AR A T A0 . BB S 1Y

K-medoids 575 i AL BRI

N RBBK (I SR BRI B ) LT
BRI AARE BES Z(X,Y) .

i 5 < 9 2 T A LT ROR AR R BEMR A 2L DL

YRR D) BA/NHALSE 1451 8 GBI
LRI 2) BN REIA R T Hoh — A/ 5 3)
TERE—fe R AP LR G < 6,0

WILGAL : A Z B K A fVE Ryt i

Repeat

For each I do

D ISR TR 4 SR & TPl R 22 5 eR R
T (1, J), 45 o3 e 45 22 5 R e /N B9 ol 50, T L
T .

2) FIWiZ oy
HrwIta e .

3)i AR TR RN N EHT L

4) R N B AR AR L RO R R G,
(B, PR AR IR/ N A VR BT Pl i

End fore

4 E A PSR I, B RRAAR S 2H e 1l

IR AL LIRS AN T U

T AE K I T 5 O B AR s
AR SR — S 8 RUZ TR B Q 0 245 244 114 [ 42 1
K752, WA Re AR — SR A M B RS A2 L 45 Bk
HEAY K-medoids 7320 HE Mg BB 0 228 RRAR G- 4, B4
PR BEXT R i — 5 | B ek, O 51 A N Re IR
B L
3.1 XWigE

JE 00 37 5 2 A B A B ORI A I Sk BR BT
ARS8 {1 FH Unity 3D #4 8 — A>3 F BUSC 2R 04 45
I8 0 i 009 s, LA i X UR A KR B HE
SN GO N o s AL B R = 3 W LTl U
Windows 10 # 1 & 45, AMD R7-4800H &b # %% ,
NVIDIA GeForce RTX 2060 it ,DDR4 16 GB N1,

R T e R B R 4 v i 40 b ) LS I
PR WS T 2R A R A G AE S, fF H 3ds
MAX Bl — > 3D A, Bl 6 45 T 3D il
() 2 S T P 0 DXk 3 1 i, 36 10 M
Mo R IR AT IO, — A R
A TR AT X, PR X R 118 B 15

2175



2176

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 7,Jul. 2023

HCEITPTRA A, T4k (O X R R FIREY , B @3
Ak o HH L XA TR IO E BER 52 e
[, el s S e f SRR A . AEIRXAR 95

R TR 3RS B DX, 2140 DX 7R 1Y RS IR
FEl L2 T OE AT A o AR, AR LT IR A9 32 13l A
AT DI, 8 RE AT B B i v 280 IR R
Bl 22 52 24075

K6 Al He #0147 5t i) — 4 &l

Fig. 6 2D plane map of campus virtual scene
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different groups
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