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Abstract

With the rapid growth of population around the world, the control of population in specific scenar-
ios such as shopping malls has become an important research topic. In recent years, accidents
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affecting social stability in public places due to the dense flow of people and mass crowding are not
uncommon. The traditional manual control method is time-consuming and laborious. In recent
years, with the continuous improvement of artificial intelligence and high-definition camera tech-
nology, the use of computers to monitor shopping malls has become the mainstream trend. How-
ever, the current probe technology can only realize the role of observation and monitoring, and can
not calculate the number of people in a surveillance video. The purpose of this paper is to realize
the digital and visual monitoring of the flow of shopping mall personnel, at the same time, as far as
possible to analyze the different types of personnel in the specific period of the shopping mall, so as
not only to maintain the order of the shopping mall and the control of the flow of people, but also to
provide ideas for the shopping mall management personnel, through the adjustment of the business
strategy of different periods of time, to better manage and operate the shopping mall. YOLO algo-
rithm is a classic target detection algorithm. In this paper, the relatively new YOLOV3 algorithm will
be used to detect, model and analyze the personnel types and traffic of shopping malls. The perfor-
mance index graphs of model parameters with multiple dimensions are given to show the feasibility
of the proposed algorithm.
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1. 5|

BREMIY. W HBORRES), A RPN BRI . A Rol it A s sh b S sh S kA,
T NLHEE R EROR O Z B T 25 . Bk ORI &g Br. AR E R
BT —ANEENA, fENAI T E SR A E BB . SRR N AR, B
T VF 2 Bkl o, AT NZIB BESS . 4T AAT A HUIE AR AL A 42 A1 A0 7 2 Ao 2 i A
WIRSEE[L]. AL, FEAT ATTEBONE SR KRR oG, B0 SCE AR RENS B e ORI, Al A0
XA Rl 238 28 7 3 BN G AT AR S 70 A, 8 R HE i I R e g sems . Rk, FARA 9
AR—H LIORAR 32 WA FEN G RIE . BRI ST AR EoR, TR 52 5 (0 H Ak I S5 A
RS REANEFE LA R REIR T FEBTRT, ASCUrh 17— Ak TR IO R Hr A S i
ARG, RN AU T AOAT AT R AR A B, JF HAE BN ST I, B W] DA e gt it
B e B A B

TR 8 T AN TR Revult, B AR RNY THE UL SR EE A AL R i R 2 — o N2
e B, AT ARSI AR B AR AT, PR BAE Arter I E ARy SR R AT AASIUAE TH ST 5 S5
YR EER A O[], ERAEIE. FRe R EEIE . FERREAEGOIEERZNH. —
SE3H M NEF T 2 nH T A B AT N S 2 B A I Google #75 B P AT NEAL . KRS HL &8 N 46,
s R ET N FL BN SCERRE RS F AR ARSI, XTI 2 B O
AR Z AR NARGL B AT Fahhric, MU R A s EM e B has th NERIA B . A
UEs AT AR SR FOZHR 2] 7R S EL . HAT, AT ARSI RN 7 5 E 2 B, R
BEN LA AU By M UK AE (3] -

H #3450 (Object Detection) & X 141 {5 i A IR H ARIEATIRAATE LLAUHIAR, il ik 7 B& sh AR L 0
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(7185

EAGRA AR R RR[4]. A BIRRE, TSR H AR I 0% SEBLN S R Sl AT B 303 A 5 B A 2
fitte PAIE, PG H BRI T S 5 U R AT 55, AR RELF IR ELR A 5 221 H AR ERER . Bh1E
WO CL AT BRSSP R AR S IR RS, BETTooE T AN ATo8HE . S st AR 2T
TR B G A 2R 5 SR 2 AL NI PERE(S] [6]. R IX LN &SI NATAE K 5 7T, H Astel
BORAE — B REFE LI 7 AT, MO Eoke 7 AT AR S e F ARG R R AR AT 55 1 7 22
A P AR ) F ARS8, [R5 A P AT 12 SRR B 5 B AR T AE (KA B S KV, IF 4 AR
BEEE . VENTH SN SR — DA, H AR IRV 2 AL AR S5 - B B HARiE
B PRIA 1A

2. RERR

AN SCIERE S ST KSR e AT NSRRI BB AT AT, SO R AWK S 7
BRI GEHFTAR . BT 5 TP L R 7 ST A, 5 70 T ST 4 A K7
GEAT KRR, BTSRRI AT 2 YOI, LIS, SOUE, RIS BRI 3 ST, B
& ETPRIE . AR, T AVRSE R T AR SN, 5 BT AR, [
SR F R RIS ST R, T RIS BB ).

2.1. YOLOV3 &%

YOLO (You Only Look Once) 532 /& —F S Y (1) 5LF Bt (One-Stage) H Anarill v . H 3R B E GEEA
FLIE Z U B B0 22 v I A PR 8 X3, T W (e ORI H bR 73 KW 84 — 8 —, YOLO BEME
B FAE TR B HEAT DA W 525 A8 03 A R L8 0 ROIE e e AN AL B 7] [8]. X Horh, YOLO HiE&id
T 2R, ERIEECNT K YOLOVS.

YOLOV3 ¥t N EUEAE y 416 x 416 K/ E i N2l Darknet-53 3= T RFAESEEL M 2% 71, d it Darknet
EAFE) = FOARFER R TN EE R, A R B N AN @IS, 685 75 Z W rME . Xt YoLovl fil
YOLOV2, YOLOV3 &4 B 2 Iillgs K. RN S54SR MERME M EEAEL, BUE 7= MR G
R, RPN 2 MBI R, RERBDIFEENFER, ERE T EIEE 2 MAH(E E[9] [10].
Wt NS 23 S x S (IS, B2 HAREI H G s TE NIRRT TR A R SR B0 AE, IX
XA PR AR R 1, HARRIRE 9 0 [11]0 AN A% AT AT = AN SE 50 HE, MAMERE T 5+ N AME,
XH RS TR AL E (X, y), SEIRHE TE R (w, h), DAKSEIRHE ) BASE Co TR I N AL
R THARENZONE[12] [13]. &k —RF T RAE BREEAE, 1R B AN F E R A EFE SUE
Bo M ZERA 3 EFAT T, 5528 FH AR AR H0 I i 45 2R [14]

22, MEBAEFE—K-means++Ek

SEBRRLH 2, RTRES I E PR IR IO S, B TR 4 S SRR g SRR ZE ORI L. T4 SR
FEE MR HR A T AR Ux i . T SR 2 A0 2 1 A SR AR AR b ml T U 4 2 R 43 o A A4
ZHFAE, DR HFRIFFIE[15]. YOLOV2 CL&TF iR KA K-34{E SR I 5% (K-means clustering algorithm)
R RN RIAE I R

means HVF SRR RS, HEEEEN: A BiEEAX, 857 n MR
X ={Xp Xy Xy, X} HAEADXREEA m ANEEREIE. K-means FIER HARZH n A3 R
PR RIB AR AT SR BFR I k AL, A RIS T HAUS T— AN B35 b0 B B /MR A%
W X R HRGRUIE R KR, HrE AT
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M E

dis(X,.C,) = i(xit—cjt)2 1)

Hrr, X, RREIANR(L<i<n), CRBHKMREPOLA<j<Kk), X, FRE i DRRHE M8
P, C R j M5 %*um%tAEﬁﬂ<Vmﬂﬂﬂ

IR BB — R BB — NIRRT OIEE R, K0 R 700 20 PR B Bl i SRS h o g KR b, 153
k MK (S,,S,, S, S} o K-means SVE 0 g T RAERYJFAY,  FRB O B2 KRN T A X RAE
FAYEE RN .

FEAS I AL 2 vh 7 A S 0 A T AR BOSR IR HE, — BB SRR SRR £ 7 9 HYEE RAA
FISEIRHE, EA13 0

(10, 13), (16, 30), (33, 23), (30, 61), (62, 45), (59, 119), (116, 90), (156, 198), (373, 326).

{HIXLEH]F COCO M VOC Hi#ifk 1 anchor Bk TASCH I RS, SULFER, K-means K%
FEAS AR b 22 AR O R FRBUN BENL T BUSCR AN S L. R, AR SO 7 3R 58 Y K-
means++ 505 Hake % 17 JLAHAE (1) anchor [17]. EAT143 52

(66, 13), (136, 22), (162, 30), (218, 30), (217, 38), (220, 47), (212, 64), (347, 40), (444, 62).

T4 77 N T Fe ootz ST DU HE R 25 450 I S5O BLRE B84 R GE I ZRad R v i)
BT RIS . SRR bR dEan T -

d (bbox, center) =1— 10U (bbox, center) )

Hd d (bbox, center) J&iZ Ft G AT O & Z AT FIEE RS, 10U (bbox, center ) #& P AN & T 2 AR 28 a5 bk A £
X BRIV PT LAP= AR ORI 2 4R L A5/ A B 3 10 SAE 2 TR T B S
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Figure 1. Tensor information in different dimensions
1. FEHE THTUNMER

Wl 1, RS PR RRAE B b AN AR TN T =AM SE3amil. BERE T@ + 1+ N)4EA &,
IR R FHERT O ARRR (X, y),  BEBERITR (W, h) RIS B C, N FRORBs 4 h 30 (K&
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b =o(t,)+e, ©)

b, =o(t,)+c, (4)

b, = p,e" ®)

b, = p,e" (6)

P, (object)*10U (b, object)=o(t,) (7
oot - )

b, Ab, AESHERAG ISR, t At & H ARG A @SR w0 s by . FEM S PG mEUs, 5
ﬁ%ﬁﬁﬁ¢®%ﬁﬁ&%ﬁ%%o@ﬁmmﬁ,mﬁm%%%ﬁ%ﬁ%ﬁ%%%ﬂ%ﬁomﬁmﬁ
59y 5 P e PEE L AR, e R e i SAE B FEE AN R FE LR . o (t,) v HAR TN VE 4 1 s i, #R
Hir 2 10U AHIRfF 2. [ b AFIAERAR, AR g NSEHiIfd, =8 ARz o 10U [18].
Wik 2 Fios.

Ground truth

S

Intersection area

Ship bounding box

Figure 2. Target prediction principle
E 2. BfrmnRE

2.3. MgLEMtEi

TR AR, RO A G 2R — DN EE AP . RN & B
UL RO B AR RO AE . AR, R ZEM AN E] YOLOVS M2, I 2 Uil F Tk Z2 Ik 4% .
B2 2% AT DA DU A 3 B RE HhoB R XE DL B A e L, I PRSI iR 22 R R/ N £
448 x 448. WK 2 B RIUE LS op RO R EAT T REE, 235009 32, 16, 8 fiF. e — /=% 2
HERUGER . R BIE 3 x 31 x 1 BT EE], KA 3 x 3BT LU T 7, 1XHe
LA 238 AT, il G, MR R ARz AL RE I[19]. wa, fSBI =R ERRHER], %
FAEAS SR P R R T

ﬂ:f(Zﬁ”*@+N@ 9)
t

e £ 50 b AL RIS @ A2 I IR R, £ 9B BUR b IS BRAL  SP O b 1 AR
St EBRIWUE, PO ASS 255 a MR 2 FIRE S, ZHWD R a M EHIEZE S b J2 5
0126 00 R o A I 0 2 Mg ] 3
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Figure 3. Structure of network
[E 3. WLELEH

2.4. 1T ABRER

NLGETH ) H 2 BT — BEUUI P AT NG DL, ORI B (AT AR 0 R 2R
AT, BEFIHEIIRE, R E R EAT NIRER RS AT NI RAEAT I 147 N 25 75 BERE Ay 1 45 R
AN EHARERER AT, AT AL S Oy BRI EE DX AT N, 7 B PR R SR i P S AR 48
FIAT N e B, FE55 i = p A e TR EeAT NAE L — Wi L, WREE AR HT LAY . X AT AR
Eri EEAH . SRR A ID S, R MBUEAT A, s RN 1D,
REAHVIAEZ 1D, F5 E—WIAT AEZWEE PR T, A B ICONIRER R, L 1D S AR
A7 NERER I RCR MR AR _EVE T AT NS IRCR I 2538

AWHACRA SORT HEAT HARROERES, IARIEERER HAREH 2 /070 0 5 A AR ERERA 2 H AR ER . T
SORT J& T2 HArERERSHE . SORT HUAREEEARH P, HES SCHLSCI RERAORCR . BAR A 1 R/R 2
PEBAN 0 5 ML ER ER AL A BOR A &, ERRIMITIRIE S TR . 2 H AR ER i AU
T AR ORI R, R AR U R B 0 H AR EEAT ORI, DR FRAR H S AR BLEE kAN [l i L
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(7}

HIPIAS H AR SR F > HAx, e H ARt oy 1 SEBLL i 8] (RS PR A I . SORT A5 7Y 78 B iR H
PRI 2GS A ZEL A PO P €0 3 A SO PR A AN UURFALE RS P A A R (G MRS AT F AR B ER . 56T HARER
5 (4 B B Dy b ot R G B AR 5 R — it R R AR LS, SRR RS B AR IR A«

X ::[u,v,s,r,u,v,é} (10)

Fodp u f v ARFRIE B b O/KE AR B ALER, s REE BRI, 1 RE B RS FER KT, X4
EBRBAEE A, =H N FEONER BARTEACE 7 B 7 1A E AR KN . kAT B bR,
I R/R S IED %, FFEHEURAE A bbb B bR 006 B A5 B — Wi XA HAr i E . 2 b
TS R E] R — Wi AN B AR, IBAXEXAS B AR A IE A — BN R R S B As, FEORBRSER T
25, RIRS I AT EE L R Wi % HARKI A, B R B . SORT Sk AN M A L —1ni g M A
HAr 5 N —Wi4armifg N 2% HARB 55 Hbr 2 18] 10U (Intersection over Union), #5428 T-i#R 5 A S2
PR 2 [ UCEL, WAy H bR &

3. &ALk

SRR AL B TAE LG, faxt Bs b AT R4y, L5 AIIZREE (Train), i SE(Val) Al ik 4L (Test).
IZREEIIAE FH 2 35 B F B DI A, i I 2 2 i B R i e AU I & 248 A 400 & it 2 3= 22
0% T2 RNGIEE R, DLk e MR BRI AL . 5 SOR A 4R F R e i R M BRI IR 1 32 2 0
6 UF4E 1T F R AR 2Y 1% $ (Model Selection), BSOS R [ e 2841040 K BRE,  FHRESBIS L pg . IR
T2 F R 2GRl (RS R RS B R, CEVI R R I i, S50 A AR IR IR VI R4 B B i3k 4T
BIE. &, A I IA G, RIS SEOOSIIZR 5 B B R & 8t m, R Bil—
BB T A AR TN S R, WER R AT RE SR 25 . MRS IR A2 A 7 I3 A 2K P ARG I A 7R et 3 R A
fR) 0l i

EARERRE, W SRR 7 HHs G 0 I fige K 0 4R 1 B 800 40 ROBE/DS U o 24 DAl PR i 2 H 30
TRERFR FEE AR ) e 8L, R A A ) 2 B0 A PR N e 75 B AT AT o A2 4 T KBRS AX, T 2o i s 42,
i LI e B %2 T LAIA 3 99.5:0.3:0.2, LA LG — MR 98:1:1, [H@TEARXIIE M, HIEEE T/
FBEIESE, BORPAUNAE T, — B e IR R Ll 7:3 B 8:2, AT HE— D%
(A7 5 M 5% [P 5 AR S SR (R e, SR LR RIS BB R ISR, Bk, MK Lelh 6:2:2, A
R 1% FHIX AN LU K b BRAT B s B4z LR o U, BRI aR 1 5.

WA FHER LRI IA 2 8. BN ARG, TRIEFERE (Confusion Matrix) A5 PR 1% 22 56
B, JeRNKE BEVFN B —Mbn iR =, ) noxon IFERE R LR, e — Rl iz T B 20 A i el diAk
TH. R TR SEE RSB IARE, w] DS 2845 SRS B2 SR — /MR B FE R BL[20]

TN KRR, BB N IES (Positive), 7125(Negative), L RRHESIA A, A o 2as it
FH VYR 45 % TP (True Positive): IESfRIIER], —ANSL62 B2 H A8 2 e iE2E; FN (False Neg-
ative); RG], AAEIFELE B, WS 2HeRAE 7RIS FP (False Positive): 4
WRIIES], A RSEH E NIEZE, Wl RS I TN (True Negative): 1ERIK S, —A>sL41
R B E B . WL 5 21 24 TR R 4 S 400 51X DY 2 45 A 5 [21] .

1) AERIE. PrA TN E G (ESR ) B S Bt s, THREA T
(TP +TN )

Accuracy =
y UP+TN+FP+FN)

(11
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2) FERR. WRNEHESR, B IERA T IR A A IR R Ee ], s A gt S R T I A
Eesl, THEARIT:
TP

Precision = ———— (12)
TP+ FP

AT MR T 5 A T AT SRR TR L 2 ST R (KOS TR P, B VR 0K 2 AR AR 8 3 O
REAR RN T, RORER R e KW S IR R, HRAEFEAARIIEL T, XIAZ IR
WoRA B AR MRS, UOATEREARASTHI KIS B0 T BIrfS 20w A R BT AR T 2 5L A 5 U S8 e AR T
PRI AERR A, IZIRPS AR XS IEAEAR G R RPN AE AL, VS T e It — S8R A R 1,
ERENS B KR B CRUEBLA BTN ORFFRE T, XRABI S h A EARINEE R, FIRRHER P 28N
— AN EEIFEIR . RS AAET 2 B AR RAE 0~1 Z A4k, BREIE 1 WARSRIE AR AT .

3) A= F—AEBIRER, Rox IEFTUNA IR &40 SLhroh Er .

Recall =

TP+FN (13)

P 4 A S FZR N 7 WA R, R S8E RREN T HRIEG MR OS], &
RATRER A B MR, ([EAEREY fh, SSB B8, NARAIWRERE. Sk,
HI A S TR, A Bl 22BN ER, o cd Bl Pt SRR, A S
B, PSEGHE, A BIRRMREGE T 1 RN M RE AT .

4) mAP (mean Average Precision): S{E-FIIRERE, 55— AT R H AR I IR G IR W Rl 48 s .l id it
HAAH AR R ANEHE P, IREFH MBUELZ G PR LR, 204 2 RSIAHEE B # FAHE, L)
HoRAEER S P &, R B BN THARRR Ny AP BISFEIRSBE, SRR AR RE TS — A~ AP B, X PTT AP
BR300 AT 43 ZURRL ) mAP {H, i (H BE 05 SERS B R IR (M ME R A 3R, BB R /BT 1 BT
IR AT T — AN R ROLIITR AR, F RO 2545 HH AL A PR R LR

5) #ikF(Loss): A LB ARF I 5 S br Bt (0 2 BEAR L . — B H AR AT 5% 24 b i 4 2k
BAEPIANER Sy, —E 0 9K, 5 H AR bR R 23 1) 5 TR A7 B 2 I BE . 58 o ar B UK,
fTE R — KB P RN IEAREA S KRB IEM, XMWE T —EREHS & UG —RIE A RARHL
BRHL. AR SCHIRTFUE IR 2 oy 2 LU AL S VR SRR ka3, FF DA ek W T ) 0 AR

Lreg = : (z postivessmOOth L1 (ypfloc ' ytﬁloc )) (14)

npostives

S BLE U R AR, A5 R RE R RO, FIATZAR R AT . (R PC I BRI SEs
DLy SEBUNGIRRI . AEIX—E0 70 2 P R 2 7 o 2 AR, An e s SR EOCILT L R e e A I
SRSEHUGI . B, AT NI T R e, LN R ARG TR .

4. NWEER
R BRI A AR T A R RE 4R 4R, PR B R MIRE IR A LA 4, 1 5.
4.1. P-R g%

TR BRI, 1%l 2 oA X PR A B B it R AR N R P T BRI 2 it 2 (A s A
FLEARBR(R, P), JEIEAIH mAP BITHETTE, R0 N RORSRE, RV i 2 24 o AURE € 42
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ASCEL IR B SR SE, B T AR R, AR 1

Table 1. Model parameters

=1 BRSH
BRFS  JIZEE(Epoch)  YIZHIF(Batch-Size)  Y{E FIIHKE EE (mAP) 122 (Loss) I b 1]
e 10 4 0.721 0.05 [ffir 41 23 5
TR 2 20 4 0.813 0.04 i 6 i} 37 4>
il 3 50 10 0.922 B/ 0.04 LI 7120 4y
il 4 100 10 0.942 0.03 [fHix 8 I} 47 4%
5. &t

ALV Z JE ¥ YOLOV3 S iz L5k, it 1 —ERe X i A\ 2R A K it s it AT Al
MRS 56, FIXHESR) YOLO Sk AFAE R Rl AL, ASCHE K-means JERELEMIEEAIZ 1, K
M T I ZIaH K-means++ (IR, LSl 7 r2RMThae. HR, LRI ML 7R 1T )
I 27 A2 2 TR, AR SORF A S5 AT T 2t fedm, ASSCERRLIZRIE RE T, QU T RZ T
RESHL, FTULH RS R IF 3R, fmiliad bee, A5 7 — MEREBON RIUF, DUBMIRRL, Jff
ZLSZL TN SRR AR S AT R A B DI RE . AT F A AL R E G RI T, A N SRR
DHTBNAEM, FIN SRR REE R R E AT A, A € FE RS T .

B oW

H SR B TR e BB TR HUE B S T LR S B A N s, At AT SRRk
B T XL

S E 3wk
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