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Abstract

Object detection methods based on machine learning and deep learning model are widely used in
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people counting. However, when there are too many objects in the same area, people will be oc-
cluded, or people in the video are not easy to find in the dark, people counting is still a big chal-
lenge. Therefore, an improved YOLO V3 model is proposed to better adapt to the number of indoor
crowd statistics in classrooms. Firstly, the data set was self-built and enriched to increase the di-
versity of training data, and the anchor boxes were re-clustered by K-means algorithm. Secondly,
the YOLO V3 feature extraction network and multi-dimension detection algorithm were improved,
and the F-YOLO V3 model was proposed. In this model, the output of 104 x 104 feature map was
added and the output of 13 x 13 feature map was canceled. The sampled feature images of each
layer of the original network are continued to be sampled, and the obtained feature images are
spliced with the corresponding size feature images of the original network. The 5 convolutions in
front of the output layer are changed into 1 convolution and 2 residual units to extract more fea-
ture information and enhance the detection ability of fuzzy or small targets. Add an ADIOU Loss
branch to measure the positioning accuracy of the detection box; Finally, the real-time number of
people in the output screen is counted. The experimental results show that the improved YOLO V3
algorithm has higher recall rate and average precision, and the performance of personnel statis-
tics in indoor scenes is significantly improved.
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1. 518

H A I A2 H A ST 5 A0 2 AR A B A5 ) — S B BT 5T 7 ), AE H AR il 1) S bR s 3 5
H, BRARG B USREE — DN EAPRRYER . G2E . . ST R EEST, #R
AT NBGert, XA NS, B, B E A RN A R, BT DU ) AR
BN [E) S AR AE A ELERS o), DR i feT A R AT R AR SR I, B N AN T I HER ANV B A
Higm X, WAAEENSCHNE.

H A3 TR 2 [1] [2] [3] [4]1E R A A5 [5] [6]bh) V2 it B ARSI 7] [8] [O15iE 1T LAAr Wi K.
1) PilrBLHFRAENS%:: 3T Region Proposal ] R-CNN (Region-Convolutional Neural Network) [10] %41
S, TS HARMEIEAE, B e 2R S RH . B WL SR A Fast R-CNN [11].
SPP-Net [12]. Corner-Net [13]. Faster R-CNN [14]. Mask R-CNN [15]4%. 2) —FrE HArk il sEik: A5
B AEARIRHE, AU R B AR 2 I 2 ELREK H PRHE S AL 1) UL A D [ 1) 3, Tt AS 5] B AR 285 5 07
B LS YOLO (You Only Look Once) & 41[16] [17] [18].SSD (Single Shot MultiBox Detector) [19]
. BETWOEAERPI BOTVE, SRR E RS, R ER SRRSO E E SR, BT
IEHEFAS I PN B, 2 e — B BORERCRAR, T2 N NG T 75 20 2 Sem v, PR — B By B A
For VL B3 A R B#EAT NS it .

ARk, HEAREIEAT N B G o FL IS 7 g IR A, RIBE[20155 A&t B Frisr il o i i s
R, $EH T — R AU NG ik, B R AR RO R B DL R S AL ER Y B e,
PR HERf 26 LA R A IR — i, HACEE BRI iR R [21)5 AR T Gitt 4l I ¥ 20 58 T A3
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SIN T B R SIS, SO T Tiny-YOLOV3 53k, IR ARSH I B AR IUAR Y, S06 i) 7 2506 kS
JE Rk 80%. M F5[22]5 NFT SSD #EAY, $EH T —Fhs: T A A pl s s ]y N geit vk,
AT DS N RN SIEATAS I, HERA S s, SERHPELR, H i SSD AL FARARAERS /N H b, RRAE
AL TS .

FF YOLO V3 #ill 5k, ASCHH T —Fhiit i) YOLO V3 =N AN B G it AY, JE8 A T2 = A5
WG . 76 B 8w AR INEOE S Pl sy, 45 SR NGEE S 1) YOLO V3 SV REFE 4 (142
WORAE, W0 A B2 AP R i A SRR T . ARSI R ZE DTk

1) @R AR SN AS AT AN A B R B, BRI PG LB 365 | o0 P 30 5 S5 7 v A a
P T IZREE 1) 2 e

2) K-means 51k 58T RIS AL ;

3) 2T F-YOLO V3 #7, gt 7 YOLO V3 RRAEFEER M4 LA f2 2 RS ik o eleidk it
Fi: R A2 FRAE AL S 5 2 RE R4 4R A5, 390 104 x 104 RSFARFAE B, 33047 28 1 2007 55 0 AE
T s SR 2t /N H AR Bl AR I 2, B T 13 x 13 RTHRRIE B . ERFENRRAE
K5 5 KR E 2 1) 7 il & AN [FDREFE R 1, BT A/ s B b P 75 2810 58 4R FE R REAIE DL A7 B A 1B
W ERTH) 5 MBRUVERL T L ASEUA 2 Mk ZE T, DU NSk BARTEE - se ko2, 4
- SO N SR AR i OE ol R

4) fhn—/> ADIOU (Area Distance) loss 4337, 4 5 k& I AE <& 7 HERF FE o

2. HXEHA
2.1. YOLO V3 {&8Y

YOLO V3 Hi£LL YOLO V1 #l YOLO V2 Bk Rdksl. YOLO V2 5% 7 R-CNN [, 51N T4
HE(anchor), Fdid SR HATIRA, BN T AR BERHE, Bk ERHE RIS RIR ERHEE, M EUCh 4
HRUNLS, YOLO V3 #E— BN T 4R 4 35 M 4 1 BRI 2 RBERFAEEAT 6 AT, 7E Ol
RAMIRIHR T, ST, JUHR a7 %/ B AR Ee

FEFEA () R R AESEEUT 1T, YOLO V3 SR 7 #) 2 N Darknet-53 [ 45Ky, A& 53 ZHZ,
Darknet-53 Hi 5 MR ZERHRAE K, FFAMIR B 2R 22 LT [23] 4. RN R ZE ST IS CBL
JERI— MRS BE AL R, Horh CBL H s & %5842 . Batch Normalization /Z 11 Leaky Relu (Rectified Linear
Unit) [24]5805 R 5L, SXAEE R T MR ULIRJZ IR 28 FIRR P A . YOLO V3 MIZg 25/l 1 pr .

2.2. YOLO V3 s R ¥

YOLO V3 ({45 5% s B e DU I A, 73 ol 2 A 1 o s ARAR AR 2K« TRNAE F) 98 it Ok LA P A%,
RAGGR, HA K s ot A A (D) -

Loss=L +L,+L,+L, (1)
Forpe L R FRIHE R0 AARRRBUR, SLRIA IR (2):
L= S (=R (-9 @
i=0 j=0

X~ Yy R TRINES | AN RIRS RS §NAE R Tho s ARER, B ISR &) v 9 e Agerg JITL
ERE, 1Y FORN BRI AN | AHE AR E bR R A — i 1Y =0, A

obj _
I =1.
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Figure 1. YOLO V3 network structure
1. YOLO V3 Mg 4544

L, A& TRIHER) 58 it 2, A 2 K (3):

L= s E 308 (o T (- | ®

i=0 j=0
W DS BLETN | AR | RER SR, 2RISR L
LoNE SRk, A AT EARPI AR, SN St (a):
L=-T3 i [¢10g(c/)+(1-¢/)log(1-c/ )]

i=0 j=0

~ Anoob 822: ZB: 1 [6ij log (Cij ) + (1_ ¢ ) log (1— c/ )]

i=0 j=0

L, AR, HEd A ans(5):

(4)

L“:_i"?m > [ Bllog(p!)+(1-p})log(1-p/)] 5)

ceclasses

3. EF F-YOLO V3 #HRIpM AL 5%

AT E e AEIFEEEIRE, RENAEIER 2R, B K-means ByAE B R ISHIE; AR5t
17 YOLO V3 FREHEHU N 2 DA K 22 R RS I By iy eiadk, $2H8 17 F-YOLO V3 B ALy 1 il s A IIAE 2 A
HERFEE, BEhn—> ADIOU Loss 73 3% .
3.1 BEREAAHKNBIESE

BT 2 HH DR AL B ARECN, Iy PR RS B B, AR o1 1 H A I SR
FE BRI S A I RCR AN EAR, 7R B 1B RHZ AN SAFE B 2, 5 I ZRA R A
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5o B, ASCE NS EBIE RN SBUE RN L S BN AT IR, IF B Xt R
S SCREMRAETNARAT T AR SR, EE VRS, e T UIZRER 2 R

AR R AN Python WA TEIRBORAEL N . 1 L THIICHUE A 7 NRERT B, 3820 1B R
2 IR o SIS EE SRR T AU AU FUR S A [F = AN R 18] 1 BP0, MUK /N 206G, #3208 MKV,
ARSI EL 8 Ab— Wit frybm i Aan th AR N A BB 91, 823 DR n ] 3 B

NFEEARE, W ES RSB A E G P3RS I R B AT e g o, okt PLBENg o . S P4 o
5, PR N LIRS BT & ZOR B0 1B R 4 i 2 » e S 5 1000 5K MR, A 1 425 person,
SR A R AITTUR ) Labelimage % RAE 21 1000 5K G H AN SKEATARE, 753 1000 /M RLF xml 32
P, AR ARSI 1) 5 AR 25

Figure 2. Several images on the static dataset
2. BSEEENBTER

Figure 3. Several images on the dynamic dataset

B 3. shSHEERBSE A

3.2. BRAIRIEHIE

HHE A I ZREE FLSEAE(ground truth) iR SE T BERS-AT 21 (1 LA [FRSE BORE » 38 S A A2 I 2RI R
HYE, A TR PGS, WA MR k 4> anchor, WHHLREAIIENZRES, R oTERE—AN Mgk
AR X k AR anchor X TN GG AT LA, IFIAN T RSP EIZe R, AT seil 2 RE
TH.

YOLO V3 MZAEH i H Fn ittt COCO il JUHER AT 1 9 AMIL 3 JAHE, Tl At i HE ARG
(AR RS ZEBRAROK, 0 T3 B SR A B I S o B0 T 2y F AR Bl 4R 8 RN R #R
PRI BR SRR L, AREAE XA TSRS AR T HARHE AU, ™ B maAs I 1k e .

ASEEG A K-means S50 N EAS DN B8 £ I3 FEA L SEAE(ground truth) 1 S8 i df AT 562K, 15
BRI/, TR, SR 3 NRSF IR, BT AT 9 MEAE, i RaA R BLE
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Frt 7 104 x 104 RAT IR R, 24 k X 12 B, 75 B AR 20 4R SRS B 12 AN SR aAE ) R
IrHlE: (11 % 20), (19 x 32), (25 x 52), (37 x 89), (43 x 56), (58 x 106), (68 x 106), (89 x 125), (108 x
187), (110 x 295), (166 x 230), (213 x 339). )5 Ay 1 Hi& i WX 28 %of /1N H A (14 3 [ e RS ) PR o e 8, B0
T 13 x 13 JUSPRHEE I, RUERATHE 13 x 13 JSFRHE BT R 3 AN IR HE e, He2em 9 4Nk
IGHE R ]2 L. (11 % 20), (19 x 32), (25 x 52), (37 x 89), (43 x 56), (58 x 106), (68 x 106), (89 x 125),
(108 x 187).

3.3. BUAFHERBIM%E S 2 REFMA F-YOLO V3 &8

N T AL 28 BERE SRIDUCE 2R3, 3 Sl A5 el S5/ AR N BE 77, A SCeiidt 17 YOLO V3 5
RIS B 45 5 22 ROZAS DN R 45, 3L 78 7327 2T R AL, 2t ) F-YOLO V3 28 45 # <] 4 o

CBL Resl Res2 Re Res8 Resd Convolution

J Sect

P

i -
Convolution
416*416*3 1 Conv CBL Set <«—Concat
y «— Upsample CBL «
26%26%255 l
1
) Upsample
> +«———Conv CBL ¢———— Con‘:::lllon‘_concm_ Upsample CBL
Y 1
52*%52%255 J
— Upsample
: CBL Upsample
oy Convolution onca?— Upsample LS
3 Set
y
104*104%255 A~
n
Le luti
CBL = Conv BN o Res unit :A[ CBL CBL —» add— Resn = Z%° | CBL Resunit Comvolution. _ "y i

Relu padding Set

Figure 4. F-YOLO V3 network structure
4. F-YOLO V3 Mgt

T SR AR Z AR 65 B 2 RRAE A 1T B L, % 5 X 28 5t 11 8 A5 B R 52 x 52 RIRHAE BT |
KFE, PSR4 RS Darknet-53 H1E8 2 Mk 2= P 1K) 4 5 BERARRRAE B AT HEEE, 4321 104 x 104
FOPRHEE S, 7T LARBCE 2 BRFIEE S, PR B B0 BARIR RS B . RIS Sy 1 4 9 2%
XN B bR ) Bl SR AR TR 2, B 1 13 x 13 RO HRFAE B S, 284t 26 x 26, 52 x 52, 104 x 104
=RRST BRFE R

SRIGH TN 28 FoRAFE JE 1 26 x 26 FUSHRFE B F AT 2 fif FoRAEAN 4 % FRAE, 4381 52 x 52 F1 104 x
104 IFFEE S J5 N 25 1) 52 x 52 F1 104 x 104 FIRFAE EBE TP, [RIFER IR 26 ERAEfE 1) 52 x 52 )
FRAE B FFEAT 2 5 FoRAE, 1331 104 x 104 FHRFIE KI5 5 251 104 x 104 FIRFAEEI B THERE, X FERTLA
MN E FR A5 2 5E AR I RFIE DA AT BAE IS, A3 0 B bR R 5 A7 B I HER 2R

B JE N T HSREFE I 7 BRI, A EATE 5 MERVER T 1 /NG 2 MR ZER T, LD
NK/NEFRER 2 IR, B P20/ B AR IR I 26
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3.4. ADIOU Loss

7E£ YOLO V3 1, smooth L1 Loss XA IAHE AL B MBIV, 2448 XS Loss SRR % B, =&
ST 4 A s R A ARARAE R 7 2, M7 SR H 4 AN A Loss, SR8 5 3EAT H NS £ 5 £ (1) Bounding Box Loss,
IXFRIE IR 4 A RURAH L), S2hrefd — @A), SEhRpP AR I (48 bR 10U,
X E RGN, A IIHE ] G845 #115 K/ smooth L1 Loss, {H IOU g IR K, N T fRRIX
ARSI N T 10U Loss.

{H 10U H AR AL, 4P MEARTELEAS SR, 10U 0, X I /R 2% 0724 W A HE 22 1) B B 5zt
I H TR EU AR P G2 WA ) B 2R, RIEAR SO i 7 —A~ ADIOU Loss 43 3% T IR Fl 3, 5K
RO E Xy y we h BT S, ADIOU BN 1 — ANk T R SRHER H S AR 70 AR B AR 31 000 JF HAEXT 10U
AH R FTAEAR 2S5O0 2 FER I, B0 T — ST A0 s BE B 004G ST T, 38 I A/ M AN H e 1 R S
KA TAE 52 157 5 0 A o

PIAE 2 (B () B & 5 10U 52 SUA:

IOU(&G)éEBELKXK&G)ewJ] (6)
10U Loss j& X A:
IOU Loss =1— 10U @)

1M ADIOU K& X N:
B-BNG| A*(bb*)

S - 8
ADIOU(B,G)= IoU ] 1 (8)
L, i ADIOU Loss, Hi#42aan(9):
. 2 b,bgt
|_5=1—|ou+IB 8na|, A (b0") 9)

c| T df+1

Horp B R IAER A BAE S, G RnESHEMM BEEE, CRREE B MG MEm/NHEAE, b il
HE B [, bY NFLSHE G ML, p NEKIREEES, d ATIINHE 5 32 SHE 3 B 5 0 0 2R KR .
K, F-YOLO V3 BRI 45 2 bR N -
Loss=L +L,+L,+L,+ L (10)

4. SKEGST

ARATE AT = H S IR U SO I ROR, )W ATHE Y F-YOLO V3 # M 54£ 45 YOLO V3 #57 | #[25]
B YOLO V3 B L K YOLO V5 HERI7E F 2 N BRI 45 Bt A7 xS LU st 2)yH mlisss:, EIa:
ANECER A R AT 3T, ) TR F-YOLO V3 8 54448 YOLO V3 B | il T 58 [21]45 A xt
Tiny-YOLO V3 B 5 B IR AI/E SCUT-HEAD ¥ 45 (a4 L BEAT K % BE A9 L
4.1. TN IERR

AT FER A B AR R K Fe AR A 2R Precision.  H AR R Recall F1°F3#F5 R AP,
it % Precision — B ARSI HH SR 1 B AR 2 XKLLl 2 OB R Hbswik, & L= fis.

TP
P+FP

Precision =

(11)
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A A% Recall 18 BT A B L H b A 2 KGR RATBIES I ok T, & X (12)Frw.
TP
TP+FN

ASCCAZE A NBER G, TP A IERAAIN H R A NEL, FP AR A tHIANE, PN i A Bl s il
HR I AHL

L Recall AL R, Precision NP ALER, 241 P-R 2k, AP 5t &% PR #h£k I Precision &K1,
XFF PR HIZT IR 73K AP (IME, 72 Xns(13)Fr7r, AP@0.5 #5H 10U BI{E 9 0.5; mAP 52 AP [
P, ¢ FOREAEL, 2 (18R, mAP AR SR AFIR, (BB B R A R L, A SC
A —A25] person, A AP %5 AT mAP.

Recall =

(12)

AP=[P(R)d(R) (13)
"P(R)d

mAP =w (14)

iz %% =1 Precision (15)

TR =1-Recall (16)

4.2. RS

ACAEF T A2 A N TR B 42 DL SCUT-HEAD i1 Brainwash /N ATF O8R4, T iEIRA]
NEGHE RO/ INFI R R RS 77 T 2 I 23X 3 AN B 4R

5 S P N T ARG W A5 S SR T AT BRI 9 28 T 3 7y, B AR 46 2 1000 7k 5, 28 )5 R
FAFFUET Labelimage 4% KA 1) 1000 7k MG A BN S AThRiE, 33]7 VOC k&M xml ST, {F
NENANBG I EIE LR, L 91 B LLBPR EE SRR 4 N AR A RN RE A

SCUT-HEAD & — N R 1) SR I s £, 58 42 el 9 4r 4Rk Part A 135 2000 /MR, %
FEH RFEHE RN, 67321 NMFER. Part B 55 2405 ik A H B IR F1 43930 /> 3k iRiE
o BATTH xmin, ymin, xmax F ymax AAFRbric AN 0] WIS, FEMORERE s B LE0, dEwE
FEMIER Sy, (HEABINOLE . BATE Part A $%I8 9:1 K ELE1 4 AN ZRATIR P85> . SCUT-HEAD %
PEHE I 1E Pascal VOC Frif.

Brainwash £#fi 2 & — N2 S NSRS I EHE 48, R4 K2 A5 — AN mErE B B B, AL =N
2294 6500 Tk ML, WAL 900 7k K4 .

4.3. SSRGS

SEUG SR BT S22 3L T Pytorch A1 Python SEEL, PR JE % STHESL N Darknet 53, AL Intel Core i7
LEFREE, NAEN 32GB, GPU A NVIDIA Quadro M1200, 4G 4%, 16G W1

WHESHEE R: 1) LA UE epoch B Jy 100; 2) HE7GEARIZ B E H batch_size % &
N 2: 3) ¥ batch_size #H47 4> 4H 516 NI 2% 1) subdivision ¥ B A 1; 4) M4 AR 416 x 416; 5) 2%
1% 0.001; 6) FFHKSH0E ratio 4 0.25.
5. K54 R
5.1. F-YOLO V3 =& 4 5Bk &% ¥t EE S2i8

16 8 NI BESE |, f84EF 48 NVIDIA Quadro M1200, #42H i F-YOLO V3 1% 54£4;
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YOLO V3 f57, YOLO V5 F DL K& 2 L [25]55 A3 HH 153k i) YOLO V3 R gE 47 %} Lh St Sid 2
RUTFE 1 FiR.

Table 1. Performance comparison of different algorithms
= 1 FEIEEMEEXTEL

CR7S P R AP@0.5 AP@0.5:0.95
YOLO V3 46.53% 69.95% 40.30% 13.12%
YOLO V5 67.20% 72.30% 54.60% 17.30%
Improved-YOLO V3 [25] 44.35% 82.22% 59.42% 21.17%
F-YOLO V3 36.89% 86.19% 63.00% 22.56%

i3 1 TR RETE B 8 AR AR 48 ARSNGB T LA F-YOLO V3 BEARUAHA: 16 4¢
YOLO V3 #TE AP $ehr_L3Em T4 22.7%, EAR P EAFTE, (H2 REARKMIET, HibjEZx
BEAS T VF20 o U TR A DU AR 1) 5 rhogh e R HH RS 2 2 k2D s AHEC T YOLO VB BRI /1 124 13.3%,
FHEL T FRA T IR #2514 AR B BGH ) YOLO V3 KRR & T 3.58%, Jy 1 #F—34AH F-YOLO V3
BTERS B B RI3RTE, ehilk A EmE 5.

70.00%
65.00%
60.00%
55.00%
50.00%
45.00%
40.00%
12 35.00%

30.00%

25.00%

20.00% //-
15.00% ——AP@0.5
10.00%

5.00%

0.00%
YOLO V3 YOLO V5 Improved-YOLO V3 F-YOLO V3

CRES

JiE

=0=AP@0.5: 0.95

Figure 5. Accuracy trend chart
Bl 5. BEEEE

MARFMAR SR K 6 ] LA H, YOLO V3 ATUAN YOLO V5 MR F A AFAE — SR AR S v 7,
EC A AL A I N B O, FRATT B[ 25125 A\ 42 gk i) YOLO V3 AR A7 AE /™ 5 (IR G 1) A, T
F-YOLO V3 A ] DRI H Hopth = SRyde A A ok i H bk, IF BLRER) e L uErf i #2m TIR %, X T
TRAS IR RS I ol A 3 B
5.2. F-YOLO V3 &R iR E R 47

A SEI I T 4> 8 AL By C =A%y, Part A 9 in—/> ADIOU (Area Distance) loss 73 37 ;
Part B Jy:44 Ji [ 28 i 1 1) 8 i R A 52 x 52 HIRFIE IR S 0E4T LoRAE, S5 FHEARER) 104 x 104 RTHRHIE
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EIPFE, 360 104 x 104 R IRHE B, [RIRTHGH 13 x 13 RSTRHE B, F B 5H Z w0 5
MNGRARRR T 1 ANBRUR 2 MR ZEBIG; Part C KRN 4 - oRFE S 1) 26 x 26 RSP REEEIFFEAT 2 %5 1
SKEEAN 4 £ LoRAE, 433 52 x 52 F1 104 x 104 [HRFE 5 J5 45 1) 52 x 52 1 104 x 104 [FIRFE E3E T HE
B, IR IR 2% FRFE S 52 x 52 RSP RHMEEI B34 2 £ FoRFE, 133 104 x 104 [RHIE K 5 J5 0 2%
1) 104 x 104 FIRHIE EIEATHf4

X = EB o5 F A TR 4R 1 2R g AT ISR, FEEMNRSE R AT PEAS, XS EL R
YOLO V3 R, Rk B codk i B — 3 70 0 TR R TR, S s SR an sl 6 A 2 Bk

n.-‘_,{"jé--; |- S ;

(c) [25]43&1"] YOLO V3

Figure 6. Recognition test results
6. IRAIMIHHRE

Table 2. Detection performance under different thresholds
= 2. TEIFET RN 8

Bk P R AP@0.5 AP@0.55 AP@0.6  AP@0.65
YOLO V3 46.53% 69.95% 40.30% 31.86% 25.30% 17.55%
YOLO V3 +A 41.10% 78.07% 46.86% 38.34% 28.11% 19.33%
YOLOV3+A+B 46.27% 82.71% 62.57% 52.82% 44.15% 31.37%

YOLOV3+A+B+C(F-YOLOV3) 36.89% 86.19% 63.00% 54.70% 44.72% 31.99%

K 7 SR T DA R LE DI 2555 50 ANAITES 100 4 epoch B I 2R AU ZE AR 45 3R A1 1) mAP {f, Hr
MAASE L 10U BIE®H 0.5, ATLA SR B KNSR A T — 2 st & 2 2%
100 ™ epochs J5 ANl A T HIMARLE R, P E EARAT FTREAC, (H2 R (] UG R E RS KM, E
BAVEERARE R H AR T, K8 &5 2 BIRSH R 7 H#RFE, R&N AP Er I\ EE
HH SO ) — 0 A R BB — S AR T AR
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50.00% YOLO V3+A
N YOLO V3+A YOLO V3
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<30.00%
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50 1

00
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Figure 7. When the four models train the 50th and 100th epoch, they train the map
value returned by the model on the test set

7. DAFRBYFENILREE 50 DFISE 100 4> epoch BYIIZARBIFEMIK SR LiR EHY

map &
[ YOLO V3+A+B+C (F-YOLO V3)
AP@0.65 YOLO V3+A+B
@ ’ WYOLO V3+A
WYOLO V3
Z AP@0.6
=
o
=
=
b
AP@0.55
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Figure 8. Detection performance under different thresholds

8. REERFHETHEE

5.3. EAFHIEE L F-YOLO V3 1B R M EEIT(L

¥ F-YOLO V3 A 5464 YOLO V3 A, MEZR[21]5% AN Tiny-YOLOV3 eiidh1S 2 [ AL /e
SCUT-HEAD A FF NG EHE S 1Mt 4E Lk it b, 45509134 3 .

MFE 3 ATHI, F-YOLO V3 A L& 4t YOLO V3 BRSPS FE4R T 1 19.8%, AHELT B ZR[21]55 A
XF Tiny-YOLOV3 it 15 3 s RBP4k FE 32T T 1.27%.

7t Brainwash ¥4 I, 1i44:“F & Jy NVIDIA GeForce RTX 2080Ti, ¥ F-YOLO V3 # %! 54£4; YOLO
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f] i 2

V3 B, BATE B EH[25]55 A3 H s ¥ YOLO V3 5 AU7E Brainwash 4 & (AR EEAT XS LE,
GERFI T 4

Table 3. Experimental results on SCUT-HEAD public face dataset
% 3. SCUT-HEAD AFF AR BB EHIKIEER

ik AP
YOLO V3 61.47%
Improved-Tiny-YOLOvV3 [21] 80.00%
F-YOLO V3 81.27%

Table 4. Experimental results on Brainwash dataset
5% 4. Brainwash #(#E& FHISIIRLER

R AP@0.6

YOLO V3 50.28%
Improved-YOLO V3 [25] 55.83%
F-YOLO V3 58.15%

MF 4 ATH1, F-YOLO V3 BRI AL 4 YOLO V3 B FIgHE 4T T 7.87%, MR THRATZIMH
[25]4 N4 H I SadE ) YOLO V3 BRI RE FE T T 2.32%.

MEL EREA IS ZE R T DA tH F-YOLO V3 HERITE A LR AR (R il B R 2 N =, it — 2D Uil
F-YOLO V3 R A 251

6. &

ARCHF UG YOLO V3 HEsRi T NGt &G, MRS S SHdE LML &8 &
B, IR BT TR g, @id K-means FEE BT R BHINE: SA5ET T YOLO V3 %f
TESRE 25 L Je 22 RSHR IR i) ek, $8HHT F-YOLO V3 AL, DAFRHUEE ZAHFMEAE B, 38506 B al
FRUNAINEE ST Ry T AT EAS AL 2 ALAERR I, Hn—A> ADIOU Loss 7332, /e fiR4f R
REGNBEATGEvt, Ha i o 0 SEIE K. SRIRIER, B0t E Y YOLO V3 BkfEii T = N ARG i,
I AR RAG R ALK IR, A HER AT W] S5 T

H2, dulka MBI ZRRRE . MRS I R 2% BT A — OB, T — R i sk
{1t 20/

E&WE

bRt S AR 7T 3L 42 (K'Y J2017017, Y19-19, Y18-11); 3 55 A3, £ g s iRl R R R AL st gt
SRR 2 AC BRI T B R AR B3 R0 T JBGHR (No. UDC2019033324, UDC201703332); AL i i #0H %%
2 RLERE IR H % BI(KM202110016001, KM202210016002).
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