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Small Target Detection Based on Improved YOLOVS
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Abstract: In this study, an improved model based on you only look once version 5 (YOLOVS) is proposed to solve the
problem of difficult detection of small targets in images. In the backbone network, a convolutional block attention module
(CBAM) is added to enhance the network feature extraction ability. As for the neck network, the bi-directional feature
pyramid network (BiFPN) structure is used to replace the path aggregation network (PANet) s?ruéture and thereby
strengthen the utilization of low-level features. Regarding the detection head, a high-resolution detection head is added to
improve the ability of small target detection. A number of comparative experif‘nents are conducted, respectively, on a
facial blemish dataset and an unmanned aerial vehicle (UAV) dataset VisDrone2019. The results show that the proposed
algorithm can effectively detect small targets. e

Key words: small target detection; Attention mechanism; feature fusion; YOLOVS5; bi-directional feature pyramid
network (BiFPN) -

s

B AGs I0 AE TH S AL BE 1Y) 5 2R 77 18, 2 Ax
2 ARG 55 BG40 2 BT Tolley ARk A
AU, IR 2 SRR 1 HH LA H ARSI RS T
BRI IR, (B2 BUA 1 T AR SR AR R f Aer Il /)
S 74 NS E 7Y AN IR NN 15 N Z R [ SR P iz SN
A — e, LR TN B AR Rk BE 73 2802
— A A PR 57 1)

2012 4, AlexNet 7F ImageNet FI{& iR 5 bk 28 h <
gk LA, A 22 0 4% 13 R D). ST AR LR K B E R IA
BE T3 RN RE 7, 1 28 0 2 1 BRI P R e IR 45
Bz N, B AR B AR B T e R . H AT,
B FURPE S )0 B ARSI 3 0 RS 1) Y B
2% A0 FE T X RCNNM K HAs kB 2) — i Bt
a2, SSD® A1 YOLO Z41™7 J7 J AR, sy

© R4 H K E SRR (2020YFB1708900); M 117 I A 5 & 1% (CE20210045); V17545 T 48 & 1141 (BE2020762)
WA ] 2022-03-23; A& BT [H]: 2022-04-21; SR FH I [A]: 2022-05-11; csa 7E4E H AR [H]: 2022-08-12

242 AR H 1 Software TechniquesAlgorithm

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn/1003-3254/8835.html
http://www.c-s-a.org.cn/1003-3254/8835.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.008835
http://www.c-s-a.org.cn

20224F #5314 121

http://www.c-s-a.org.cn

i H AR SN A

BRI 2% 15 50 7 B AR T RE L E AR IO IR AE, AR )5
AT FH X 3873 288 25 T, — B BBy W 5% B 0 ) AR A ) 1
FALE L E ST o 20, A R R
S PE. ££ YOLO #%1H, YOLOV3 e A4 i, HAE
YOLOV2 b3 hn—ANRRE & 73, 5 HE B~ 2
ST (1) 55 F 1G58 1 %561/ B AR (R g

YOLOVS &4k YOLOV3 2 Jat) iz ia H T ki
DR B3, e 0% TE ORFRR A0 AR ) 236 110 [) IR 355 A2 52 ) 4
BRI H AT DURRE AN [ (1 A R 53 FOAS AT 554 %
R FIAE I 5. Song 25 A" 4% YOLOvVS 18
45 B RS2 R M. Sruthi 258 A1 4 YOLOVS 54
SR, T4 ROd #2 i ARE . Dong
2 N YOLOVS 45 & L, 32 7 — R T
I Jii 425 5 11 77 3. Y OLOVS 1) FH VR Ji2 5% 22 fA 2% 412 B
FARHFAE, I I PANet 2514 56 1 1 2 REEFill, 12
& YOLOVS $2 BURFAE 3R 5 e K RFAE B I SR AT T
3R RFE, HERFHES BERTS 2, TN B FR
KR HAR. DI, 4SO YOLOVS MEATEAHE, 3211
7 BCF-YOLOVS tu A, /N BAsta . 3201
BRUTT s 1) £ /N B ARRT RAE T — BB (R i A2 2.
2) TR ML, i o X 4 1 s AR AR X T
HARKFAE M FRET. 3) 5 X0 ) 38 X% B Fm AL i & 1)
AR, 5l NBANRFIE S 3, SRAG K ERRAE R A . 4) 5t
H AR RS8N IR R a5, TE AR I Sk 358 20 38 0 8 40 SR A
M5y 32, AR T4 B bR 1R e

1 BCF-YOLOVS5 &7
YOLOvS5 Hi Ultralytics T 2020 4 5 A #2H", &

PEREARH LTS 1 — i BUGL I &%, i DL £ e AR 3RAT

ALY . YOLOVS H YOLOvVSs. YOLOvSm.
YOLOV51 + YOLOvSx PYAMEZY. Jl ik depth_multiple
A width_multiple P28 P LR B 52 4% 1 3 o
YOLOvSs B 7L f5z /N, A6 0 338 B35 fge B, 2 A WS 3 A
1iK; YOLOVSx A5 8L 55 K, R illAS F8F A v, HL 2 Ao 0 i 5
2. — ki, YOLOVS KA CSPDarknet53 HE4L
—A~ SPP JZ1ENE T, 5L PANet FiEF1 YOLO #&:il
k. KA YOLOVSx HEAY [ 1H 5 s i 1 oA 3 MSEA,
R 3RS S i AR PR R, AR OISR #E YOLOvSx
VE R R &%t/ H bR RSN RRAEAS B S5 1)
M, BATUESCT 51 YOLOVS, $#H T BCF-YOLOVS
AR, A JFC T I T H B e, FE ) 245 45 44
Kl 1.

BCF-YOLOVS MBI 7E 464 143 g 4 45 BN
FT PG B RS Sk 345 N 38 4 1 25
53T Mosaic. Mixup EE IR 58, 24 J5 %f B it
1T L [ 45 3 A % 3 A . 3 T I 4 0, 4
Focus. CBAM (convolutional block attention module)'®.
CSP Al SPP 45 #4, Focus j i:f [ 5 5 #1158 5 HEAT- U1 1+
AR, PRI HERL. CBAM 3 72 /7K Byt i 6 T %%
b/ AR S A3 RS 7. CSP 5% 2 45 MO0 A b B £
KA i, WD HEFL L 1 SPP ARy B LM 4 HIR
FHELER 5. 9. 13 [ kb, BRISHEAT concat fil
By, Y v RS B AU D00 £65 35K i BiFPN 45 40, LAXX
A X T S AT i 2, 85— R B4 R AT
T g I AR 2T A T 0 R T S B 4. Kl Sk
HAK SR K CloU 1E A Bounding box Fi4i 2% B %1,
AL 4 BRI R BE (2020, 40x40. 80%x80. 160x
160). 557385 NMS 6t AR IIAEEAT 3E 4%k (40
AR TRIHE.
1.1 BRI sk

JR 46 YOLOvS A = F W 2% — L gk 47 5 IR R
FE, 155 5 EAHERIS (P1. P2, P3. P4 Al P5), Hirh
Pi BRI ERIE P 1727, 18 B ) 4% o
Wi T RE RSB SILT £ R
AR 2, (ELF: A B W 0 PRI B, 5 A Sk 23
T P3. P4 R P5 3% 3 i REIGI ke Tk
HEAT F AR BRI, O AE R EE) 59 80% 80 40x40.
20%20. 75, WA Pi E R 5] R Sk,
DA AR 9P RISk, 76/ BRRKG AT 55 o, 424
TEPETE 3 /N O A B B 275 S0 82 1 N B S5
o LA R 2 (O N AOIR B . /N ELRR S NI,
REREENT 6x6 1§ 2. £ VisDrone2019" AFF A
BB S, BB S N 3x3 R0 H Az, X Pt
() FARTE 20 2 0k F SRR 25, HKH A RS B T
2o Tk, I BT B A MR I P3 R RSk kAR
e LA T 5

97 SEP IR I F AR I RE AT I B R
R, BATE YOLOvVS #8Y Fafik P2 EHEGI T
BRI Sk SERIIE 2 FE . P2 SRRk A R
160x160 42, #HY TAEFET ML Jit4T 7 2 IR
PERRAE, S FARTE R 3 IR 2R 18 B3 4
s LR R T R BB P2 R 5 ET
o 4% P {1 [5 R RE AR IEE5E concat B R AT 45 T AL 4,

Software TechniquesAlgorithm FXPFHE AR 5% 243

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

WENR SN http://www.c-s-a.org.cn 20224F 5314 121

i Y BOREAE D 3 NN REAE B R 4 R, XA R, IR R 2 HEAR IR B A A, 1%
P2 JEAS ISk RO /I B AR, B9 BROEA SR A I Sk /0y b SE IR T AR IR A e i Sk 1
P2 Z RSN E R AR 3 ANl Sk, WA Rz iR Iy R T SR A AR TT A, (X T R H AR
JE£ 775 72 Bt SR B 7 T R I 8 A U S o 0 R Rl RE /147 B A/ MBI

A ARt a 1 I

Focus CSPl CBAM CSP1 2| CSPI 3 SPP CSP2_1| Upsample CSP2 1 CBL Concat CSP2 1

Input

R

CSP2 1 Conv

CSPI_X |CBL XxResunit =
| Leaky

I Concat BNReLUBH CBL Conv BN Leaky

Conv ReLU ;
{ il f
= | g CBL
I v add Focus Concat Concat
csp2 x |CBL 2XA*CBL - = ﬁ—
- Leaky
BN .
Concat R(-:LUCBL Resunit |CBL CBL Slice Max pooling

Conv

CBL

N

o =
1 BSF-xog(ﬁs ORI g

. \."\I b Pl P2 P3 P4 P5
Frdfa 1o

Mosaic

20%x20x44

Training datd  eom— Mi
" ixup

RGESZ
MR

40x40%44

R e

80x80x44

Testing data —_—

160x160x44

B2 N HEb Rk

244 AR F% Software TechniquesAlgorithm

© THEBEERIREEFTT  hip//www.c-s-a.org.en


http://www.c-s-a.org.cn

20224F #5314 H 121

http://www.c-s-a.org.cn

i H AR SN A

1.2 CBAM FENIER

CBAM & — i & (1) E R i, HLf s &L, ar
DAE AR R CNN 2246 v, 3 H T DL 3 s (10 % e i
TN, TEL5 B FFIEMLF (1B LT, CBAM 2K KIS
E T R A% [R] AN BT 4 B HE S B L, AR R R
WS S N R IEWUR AR, AT DS M ARFEA k. CBAM
BEH I A W] 3 Frow, 7E3CHR [16] o1, CBAM i3k
ol 4 1B AN [R) B8 B RUAS [R] 43 2R AT 55 1 AN R RS AL
BERIPERE I 8] T BRI T, U T CBAM BB A
Rtk

Tnput CA HIE:

feature BABHR
=

&

Refined
feature

3 CBAM‘iji%ﬁﬁﬁ%
ANBARRRNG B FLR W &, 76 % 0%
HOIN CBAM V1 = 8, BT LAY 5 ) 26 6 1 H AR
AIE () EURE 77, [R] A T2 50 000 1Y) 8% 0 4 B AR A i
. FERG AT S5, CBAM {7 e o] LA B A
RRA B R R X3k, R v e M 1 R
1.3 BiFPN W%
BiFPNU™! 5 24 2 4 B UL A2 3% 32 AL R 2

P5

—— - —
r—

A—

T EREE
Image I TREE
»

v ¥ @PANe

Ay P3
> 1/—’ '§|:>P2

— PR 2 RS 5% B FPNUY 2 i bl
K, FPN #)32 B A+ 2 R RFIERR & . 10 584K,
PANet!"?1, M2det”®” Al NAS-FPNP' 25 5 % [ % R J%
P il 19X 48 425 1 Wt F 7 2 A48 ke, (R FE Rl
AN [ J2 UR R NARFAE IS, K38 43 AR R A2 AN n X 43 1)
SEEEAT. SR, X AN [ (R 4 N AR 6 AN () 23 7 26,
Xof b PR R E B EAS R DT, Sk, SCHR [17]
P T — T S E S 2 0O ) SRR A 4 B D 4%
(BiFPN), ‘& 51 1 A% ] AL [k R AEAS [ 4 A
REAE 1) 3 BT Iﬂﬂa"}iﬁ&@ T )R A R
E@%RE‘Z%E%&@. -

75 0 PP B AR S 1, A S 0 24

AT T B, ¥ S PANet 4845 BiFPN (4%, LLIE

R IR B, HgE Ry 4 Fios. R YOLOVS i)
PANet i B T[] A1 E R AR A Se I T
TP 2 RO RME AL & 45 0, B R RK, HAE M -
REAE R B B 00 4 N R R A 25 T 0 45 2 B
46 % HRFAE. BiFPN SR 5% 42 2% R PANet HOXTRHIE
R DT R B /N T R A R — ROBE % N0 s R
HH T R R B 0 — N BRI Bz, 7R AR N 2 AR 1 1R
I, B T 2 IRHE. TR R R AE R E L, e A
LI B AR AR —ANEE M 2% 2, FE 2 O B R R —
JZ, VASEIHE e 2 R R A

P5

P4

P1

Image

(b) BiFPN

K4 Codt s i g

2 ki EyE

ASCHEEE N CBAM E 75 77 1 B 189 55 94 2% %6f T
HARKFAE S ELRE 11, $5 1T BIFPN 45 #4043 M R A
ISk 58 A X 28 56T /0N B A RS I RE 7. A58 R 1 44, 485
WE 5 fros, 2 Predd 2@ it P2 JZHHIEE H 9 21
fe o R A S, AT LA AR W B R RS H B,
T IA B B R I R 1 H ).

2.1 fIEFHERLE

GG A 28 SOE R AUE AR AR IR b & . B
AR 3 SCER it — /MR R 7, i X 48 1 2% 2] 19 3
ERUE. X FHRERINL, PUE bR L& Ot 5 7
A= (1):

-1 M

Software TechniquesAlgorithm #1F4i AR 5% 245

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F 55313 5 123

Forpr, 383 ReLU BRELDRERE Ml L w; > 0, £ = 0.0001
J& M/ IME DL S BB AR E
AT VA Pred3 1) v SRR 9, DA A SCBE 1)
TR RN (2):
H‘z’m’ = Upsample(H5")
Wi - Conv1X1(1§’“t) +wy - N + w3 - Hg“" ]

H{™ = Conv
wltwrt+wi+e

Pred3 = Conv(Hgm)
@)
Horp, ConvO) NEFEEAE, Upsample() N1 2 5 FoR
FEARAE, outFRiZ M4 2 i th. Comv™1() A1 x 15,
RS IQUGHE TE B L S NI HS A R, DAE T AR AT
HHERL .
2.2 Concat IRt & |-
G400 1 3 BB Concat FEAER £, I T
b £ B A, KXjﬁgz&ﬁ‘i&zf}iz?ﬁ, WZE T LA
FOJELAR, DA S DA U 1R AR 1 B8 S M R
S8 AT RVRE DA Pred3 v 5L A0, A0 T

-5

H{" = Conv(Concat(I3" + N3™' + HS“")) 3)

H(z’m’ = Upsample(H5")
Pred3 = Conv(H3")

Hort, Concar(-)BAF IRt 4= i N AL B 3EAT 3 3E 4L
TN, AL 5 2% N RS ARG AL

Ochannel = ), Linanner )
o, IRIRHNFFE, OFR % RFE, channel R 7~iE
A
A SCHE YOLOVS thiff it A 200 S0t T Wiy
GEh & 77 58, 3 bl fE b mT DL 7E (7] 25 % 5 F 3K
I 4y ) R SES EL0 KO U e, 204
480 T DL T B PO | BT DA R R R O A
SR, ST LA A % T R {ELR AR SR
BCF-YOLOVS {713 #eid % (3 %0>2), 57 Tl
o R TR 4 T W VU, 26 920 4 BEOR T AR T
concat FFEALE /520, R concat FFLAEE 7 20K 5
4 % 1 G0, B SO R AR ORI f, 1K
SRFFH concat JFAFER& 7 2.

Prediction

L _ Predl

— W e
- W

&l 5. BCF-YOLOVS fifk4:

' ¥

3 sEIG T B Y
RS S0 15 PR B M TR i 4 5 A TF T AL
54 Visdrone2019 PFAL ALY 14 e, I 737 I Ei 5 5
. MBS PN RPR. D23 g R ot i
VHRLSEES 5 AT TH R TF A 4H.
3.1 BEENAR
3.1 Nfsoc o 4
N BTG KA 4R VL IR R AR S BRI A A 32
ik, A e H Bk % VISIAT BT ER RN #d 4E
BE B PR N E 2436 5K, briE BSR4
H 62K, 77514 acne (JEIE). acne scars (JZE). nevus

246 B AFHAR % Software TechniquesAlgorithm

(PBJE). pustule (HIERETE). freckle ((ABT). others (FLAh).
NG IR B R R B i labelimg F AR 7E K,
HUREbR 2 IEAT 33218 A, JE b W 8% 5 U Bdis vl LAR B,
R 45% [MEIEAR 2RI TE 16316 (R Z LA . BE nT
A HTinE 6 s,
3.1.2 VisDrone2019 A AL EHE4E
VisDrone2019 #E4E i K3 K22l A% 2% > AR
25550 % AISKYEYE RIS, B iR aE s
288 ML BE. 261908 Mifl 10209 M@k EA.
PAERIEAF P50, AR B R SRDE IR AF T H
FRTEANLFE G (RIS F LS 18 AL WEER), F T

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 55 121

http://www.c-s-a.org.cn

i H AR SN A

PR T I 260 J3 AN 100 FURE B RO R Y H AR R
AT NS NS B I8 ARE. RE. B
. BATE. EHZE=RFEN =S 10 DO
0T 5. K& RFR B EINER 1 s

12000 f
10000 |
§ 8000
£ 6000 |
172]
S 4000 |
2000 |
0 0 0.2040.60.81.0
(] w 172} (5} (5] v . B B . .
o T EE°
=
g
(a) bRZESN 341 (b) PR B o A
0.125
0100
5 0.075 D
]
5 | | = |

0.050
0.025

0 01 02 03
Width

(©) bR KN
6 b

3.2 WMERESII%

AT DN B AR 42 9 1, TE4HN 44 YOLOVS
5 BCF-YOLOVS IR 2. LU A s s e
24 GB [f) NVIDIA GeForce RTX 3090 &, ¥R 2% >
FEZE N PyTorch 1.7.1, Python Jift4< /4y 3.8.5, CUDA JiR
AN 11.0, #:4/F 2% 4 Ubuntu 18.04.

(d) PREEHE RS0 A1

321 HURRERE

BCF-YOLOVS5 H#i2k ki #5 YOLOVS J& — i,
PIAEEAS R (Lossonj) FRIEHESI S (Losspox) A
SRR (Losses).

Loss =a-Lossopj+b - LoSspox + ¢+ LoSScs &)

HH, a by c3IFRIRAR R K B B SR R 1
P (5 B, ARSCSEEG I EUE 1, Ron = FBCE —FE. Hp
43 R ELA FE 525 2448 il BCEWithLogitsLoss BA %,
HOPAERRA CIOU Loss. 4
322 MG -

TEYIZRH, Mé&iﬁ%%lﬁﬂlﬁf:?ﬂ” 8:1:1 By LLA
SRS AT AR A, 7 I B, T
IR LG YOLOVS B8, HAEH 15 77 Pl i Y, iX
FEAT DL P48 I 2. 78 IR 503 4 b am R SRR 3
epoch A 250, Tl 3 1> epoch i T-#4 &%k, 3K SDG
LAl SRmE HEAT 25 ) SRR, ffH 3B-2 1B R %R Kk
W& I G6 % 213K, e 5 — A epoch 3] 3 [% 4 3E-3, Rl
WG SR 0.1, kit FE b batch_size W B N 8.
YOLOvS I ZR5e i LG, 46125 BCF-YOLOVS
FEAY X BB P T YOLOVS 78 A K B0 % s 48
K82 I 258 E, K BCF-YOLOVS 5 YOLOvS L%
BT WS 1 o, A R X e, FRATT AT UK 22 AL
#H M YOLOVS #8 BFA B s A L, w] LT 2 K30
S3 W ZRINETa]. R 1), Ulléﬁﬂﬁjﬁ\{/\% epoch fK#R &
250, batch_size u%jj 3, t’%ﬁléﬁﬂﬁ% .

BCF-YOLOY5 H%Ulléﬁﬁﬁﬁiﬂ%ﬂ&ﬂlﬁﬂ%ﬁul 7
B, %4 4951 5R R AN 7 447, T DL R Ak
H W S e B

& 1 VisDrone2019 #4f 5£ %- HKhr 4=

Fhk pedestrian people bicycle | caf van trunk tricycle awning-tricycle bus motor
HoE 79055 26962 N 103g9 144620 24899 12875 4812 3245 5917 29618
®
2 i
0.0250 ’ 06 £/ 0.06 =47 MISIIE LK E, BCF-YOLOVS M 2% 1)
: 0.14 :
0.022'5 05 Y Zah LERAE,
0.020 0 0.12 04 ” /’13"‘ n%[ﬁlﬁi}( l
0.0175 0.10 0.3 3.3 N IERR
0.0150 0.08 0.2 R N . o ..
00125 0.06 0.1 NG B, A SCIE RS % (Precision, P).
0.0100 0.04 0 B o
0 100 200 0 100 200 0 100 200 H[B1 % (Recall, R)+ “FHIKEE (average precision, AP).
(a) Lossyy (b) L0s$y, (¢) Lossy, SFH4KS FEIE (mean average precision, mAP) KPEAf AR

K7 WS (BEARRR 7R epoch, HARBRE R H1K R D)

FH WS S T L, 2% K 29 7E 240 % epoch I, B
73000 RIKIER G /- SE0E T A, S KT %

TR A 11 E

1) A& Hf 2R A B 2R
TP .
P=1perp 1% ©

Software TechniquesAlgorithm #1F4 AR 5% 247

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224 #5314 55 121

TP
R= -t
TP+FN
A, TP (true positives) F7n 4 IEARFTIN H K (1) H bRl
i, FP (false positives) Z st il Jy H bR )75 S8R,
FN (false negatives) /R T 5 1) H bR &
2) ~FSAIHRG AP 35K B Y AH :

-100% (7)

1
AP = f P(R)dR (3
0
DL )
mAP = = ©)

Hort, NeAFNER, PSR 10T 2R BE. A S8
I T 2 R A PR ZR, 1 26 T R T AR B D 4P,

UEHI T BCF-YOLOVS AU T/ H br B A 5 3 (14
WIEE 77, YOLOVS F1 BCF-YOLOV57E A i 5 $ 4 4
) mAP HZR P 8 s, K 9 AR SRR T 4t
N U P A W &5 SR T e, AT DU A S B VR
NG FEIBE TT LA A RS 5 2R

x2  NERBEEIRE TR (%)

B AP mAP

acne acne_scars nevus pustule freckle others

YOLOv3  30.7 335 422 623 (231 215 3555

RetinaNet  34.8 413 49.9 65. \1.3 45.7 44.07

CornerNet  38.1 45.8 482 67.1¢ 256 483 4552

YOLOv5  56.0 576 ) 724 7793 419 559 6052
BCF- ‘ 3 -

YOLOVS §8.3 606 779 903 526 67.0 67.78

R BRI R RV A BURKE T3 S0 A b e, 0

T, KT R AP AT R 5 T mAP
mAP HOIEAE 0-1 2 6], mAP (BT F 1R B
Pegal, ROMAE AR
34 SRHERESHH
3.4.1 NI HRBE A A 5256 43 Hr
RIUE A SRR B v, 2T NI e 5 4,
#%# YOLOV3. RetinaNet™, CornerNet™ Il YOLOv5
YEXT L 2 B A S 25 Bk 2 B, Hik 2 AT,
BCF-YOLOVS f£¥.35 AP _FAI mAP Wi~ 645 b, #liz
& T YOLOv3. RetinaNet £l CornerNet. 5545 YOLOVS
XL, %28 AP 6 —® 3RS, 15 mAP E3EE 7.26%,

0.6 0.6
0.4 0.4
0.2 0.2
0 0
0 100 200 0 100 200
(a) YOLOVS (b) BCF-YOLOV5

8 mAP HiZk (*ﬁ%ﬁﬁ%ﬂ—“\epoch,
PAFFR IR rrglP@ 5) =

i N

9 BCF-YOLOVS 7 A\ Rt I e b (1) — ek &

3.4.2 VisDrone2019 J& AMLEFE S 525670 H7

DR PRAIE S5 P 7 1 4 5 TR e, AR SRS 2
SCHR [24] ISR E, #F VisDrone2019 |43 5 56AIE T
YOLOv3. YOLOv5 il BCE-YOLOVS5, [A]f BUSCHR [24]
H BetterFPN 1 RRNet %) S50 25 AT XT b, % b 45

248 B AFHiAR % Software TechniquesAlgorithm

Rk 3 fiow.

Hi# 3 AT &1, BCF-YOLOV5 £ mAP $6%5 Eit i
F YOLOv3. BetterFPN 1 RRNet, # YOLOvS5 5
1.63%, SEUG4E B R W T BCF-YOLOVS #RZE/NH bk
Hn e EA B DL EAS [R5 5 A B R

© MEREEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 5123

http://www.c-s-a.org.cn

i EN RSN

ZALHE J7. BCF-YOLOVS5 fE VisDrone2019 442 Fi|
SEHTRIERE N 10 B, B 11 2R T VisDrone2019

R 1 — LA I T AL G R
23 VisDrone2019 J& A1 ¥ ds 4 526 45 1
Y mAP (%)
YOLOV3 20.41
RRNet*! 29.13
BetterFPN** 28.55
YOLOV5 39.73
BCF-YOLOVS5 (4 ) 41.36

3.5 JHRLSCIE

A% BT N IO B 4R, 8 I Y Al st IR AU
AN T3 B AR O TR AR A AR T RUR. DR 46
YOLOVS Sy, & Yc i N s AS He itk 47 51256, %% 4 ﬁJtH
TSI SE R

(22 4 T, B P2 F*"Jﬁ'%ﬂ?ﬁiﬁﬁﬁ%@
K, map §2F 1.71%, ﬁ%?blﬁ%ﬁ#ﬁ“@ﬂ;&Tuﬁ
RO KT AR awmmn A8 7. RIS AT LA IR, B0
W hn CBAM Al BiFPN AHU T H AL 2 B — K,
mAP 53 BT 0.98% Fl 1.66%, [5] I 14 0 P A B i),

N\
Ay
%4  BCF-YOLOVS Jifszih st 4
Y mAP (%)
YOLOv5x 60.52
YOLOV5x+P2 62.23
YOLOv5x+P2+CBAM 63.21
YOLOvV5x+P2+BiFPN 63.89
YOLOvV5x+P2+CBAM+BiFPN 67.78

25 R
B35t /N B s X DAAST I ) I B0, AR SCHE M T — ek
) YOLOVS FAR T 7E = T P45 Fhifs il CBAM JE

-

mAP 3Tt 5.55%, Vi B 3 T 90 2% AR5 AL S A1) Jo 00 590
FS 0 46 RS AR R 7 A T BRI, CBAM VE R I
By e Tt TR R SR HURE ), 45 & BiFPN 2%
HIRFIERL &, A R T 7R A I 1 e

Pedestrian 0.09 0.03 0.01 0.010.01 002025 J°3
People 0.04 (04001 0.01 0.050.02  0.060.13 07

Bicyle 0.18 0.03 0.04
0.6

Car 0.14 0.05 0.14 0.08 .
g Van 0.03 0.11 0.010.040.08 006 05
2 Truck 0.02 .001 002016 002 [ (4

3 .

A Tricyle 0.02 0.16 0.11 0.02
-0.3

Awning-tric}ﬂe 0.06 0.08 0.02
v \ _ Bus 0.03 001 02

*
- Motor 0.01 0.02 0.14

£ 2 2 g ¥ 2 o z
o= o
Z & 7 U > £ & =
2 2 A& = OE 2 2
g ~ A £ E E
B ] 5
~ o0 =
£ i°y
=}
2 2
True < m

10 VisDrone2019 3 Il iR B F K

N\ "
3

V1L BCF-YOLOVS 75 VisDrone2019 $Hi il b 1) — Ll
§

BB, B2 4 R IE PRI AR 775 75 30 I 45 35 43
¥ PANet 4% 25 1) 5 36 % BiFPN, 5842 RAAE R H
B3¢ J FEASE D Sk 3508 43 34 00— w8 2 e 2 00 Sk A6
JSFIE /NG H b, B 83 & T X BRDS T/ H bR 1A
WUORG 0 B . AR SCHE N S B 5004 52 A1 VisDrone2019
BB AE A T 2 400 L S286, 78 mAP 39753 T
—EFETE, U T ARSI k. AN, TR A
N T AR A RISk, RIS concat AR R4, 1
I T BB KN, JE 82 AR S EC ) T B TR RS B 1)
EIER N NI

Software TechniquesAlgorithm # 45 R« 5132 249

© TIEREBA LR

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

20224F 55313 5123

10

11

12

13

SE 3

Wu XW, Sahoo D, Hoi SCH. Recent advances in deep
learning for object detection. Neurocomputing, 2020, 396:
39-64. [doi: 10.1016/j.neucom.2020.01.085]

Singh B, Najibi M, Davis LS. SNIPER: Efficient multi-scale
training. Proceedings of the 32nd International Conference
on Neural Information Processing Systems. Montréal: Curran
Associates Inc., 2018. 9333-9343.

Krizhevsky A, Hinton GE.
classification with deep convolutional neural networks.

Sutskever I, ImageNet
Proceedings of the 25th International Conference on Neural
Information Processing Systems. Lake Tahoe: Curran
Associates Inc., 2012. 1097-1105.

Girshick R, Donahue J, Darrell T, et al. Rich feature
hierarchies for accurate object detection and semantic
segmentation. 2014 IEEE Conference on Computer Vision
and Pattern Recognition. Columbus: IEEE, 2014, 580—587.
Girshick R. Fast R-CNN. 2015 “IEEE International
Conference on Computer, Vision (ICCV). Santiago: IEEE,
2015. 1440-1448. L

Ren SQ, He KM, Girshick R, et al. Faster R-CNN: Towards
real-time object detection with region proposal networks.
Proceedings of the 28th International Conference on Neural
Information Processing Systems. Montreal: MIT Press, 2015.
91-99.

Lin TY, Dollar P, Girshick R, et al. Feature pyramid
networks for object detection. 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR).
Honolulu: IEEE, 2017. 936-944.

Liu W, Anguelov D, Erhan D, et al. SSD: Single shot
MultiBox detector. Proceedings of the 14th European
Conference on Computer Vision. Amsterdam: Springer,
2016. 21-37.

Redmon J, Divvala S, Girshick R, et al. You only look once: |

Unified, real-time object detection. 2016 IEEE Conference
on Computer Vision and Pattern Recognition. as Vegas:
IEEE, 2016. 779-788. y

Redmon J, Farhadi ‘A. YOL©9000: Better, faster, stronger.
2017 IEEE Confefence on Computer Vision and Pattern
Recognition. Honolulu: IEEE, 2017. 6517-6525.
Redmon J, Farhadi A. YOLOv3: An
improvement. arXiv:1804.02767, 2018.

Song XY, Gu W. Multi-objective real-time vehicle detection

incremental

method based on YOLOVS. 2021 International Symposium
on Artificial Intelligence and its Application on Media
(ISATAM). Xi’an: IEEE, 2021. 142-145. [doi: 10.1109/ISAT
AMS53259.2021.00037]

Sruthi MS, Poovathingal MJ, Nandana VN, et al. YOLOVS
based Open-Source UAV for Human Detection during
Search and Rescue (SAR). 10th International Conference on

250 B AHARH 1 Software TechniquesAlgorithm

20

21

22

23

24

Advances in Computing and Communications. Kochi: IEEE.
2021. 1-6.

Dong X, Xu NN, Zhang LY, et al. An improved YOLOVS5
network for lung nodule detection. 2021 International
Conference on Electronic Information Engineering and
Computer Science (EIECS). Changchun: IEEE, 2021.
733-736. [doi: 10.1109/EIECS53707.2021.9588065]

Zhu XK, Lyu SC, Wang X, ef al. TPH-YOLOVS: Improved
YOLOVS5 based on Transformer prediction head for object
detection on drone-captured scenarios. Proceedings of the
IEEE International Conference on Cdmphter Vision. Online:
IEEE. 2021. 2778-2788: g

Woo S, Park J,'Lee JY, et al. CBAM: Convolutional block
of the
Cépference on Computer Vision. Munich: Springer, 2018.
3-19. [doi: 10.1007/978-3-030-01234-2 1]

Bai HY, Wen S, Chan SHG. Crowd counting on images with
2019 IEEE/CVF
International Conference on Computer Vision Workshop
(ICCVW). Seoul: IEEE, 2019. 18-27. [doi: 10.1109/ICCVW.
2019.00009]

Tan MX, Pang RM, Le QV. EfficientDet: Scalable and
efficient object detection. 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Seattle:
IEEE, 2020. 10778—10787. [doi: 10.1109/CVPR42600.2020.
01079]

Liu S, Qi L, Qin HF, et al. Path aggregation network for
instance segmentation. 2018 IEEE/CVF Conference on

attention |, module. Proceedings 15th European

scale variation and isolated clusters.

Computer Vision and Pattern Recognitibn. Salt Lake City:
IEEE, 2018. 8759-8768. [doi: 10l 1097CVPR.2018.00913]
Zhao QJ, Shené‘vT, Wang YT, et al. M2Det: A single-shot
object detector based on multi-level feature pyramid network.
Prbceedings of the 33rd AAAI Conference on Artificial
Intelligence. Honolulu: AAAI 2019. 9259-9266.

Ghiasi G, Lin TY, Le QV. NAS-FPN: Learning scalable
feature pyramid architecture for object detection. 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach: IEEE, 2019. 7029-7038.

Lin TY, Goyal P, Girshick R, et al. Focal loss for dense
object detection. 2017 IEEE International Conference on
Computer Vision. Venice: IEEE, 2017. 2999-3007.

Law H, Deng J. CornerNet: Detecting objects as paired
keypoints. Proceedings of the 15th European Conference on
Computer Vision. Munich: Springer, 2018. 765-781.

Zhu PF, Wen LY, Du DW, et al. Detection and tracking meet
drones challenge. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2021: 1-1. [doi: 10.1109/TPAMI.2021.
3119563]

(BT e 7 At

© TEREBIK R

http://www.c-s-a.org.cn


http://dx.doi.org/10.1016/j.neucom.2020.01.085
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1109/EIECS53707.2021.9588065
http://dx.doi.org/10.1007/978-3-030-01234-2_1
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR.2018.00913
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://dx.doi.org/10.1016/j.neucom.2020.01.085
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1109/EIECS53707.2021.9588065
http://dx.doi.org/10.1007/978-3-030-01234-2_1
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR.2018.00913
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://dx.doi.org/10.1016/j.neucom.2020.01.085
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1109/EIECS53707.2021.9588065
http://dx.doi.org/10.1007/978-3-030-01234-2_1
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR.2018.00913
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://dx.doi.org/10.1016/j.neucom.2020.01.085
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1016/j.neucom.2020.01.085
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1109/ISAIAM53259.2021.00037
http://dx.doi.org/10.1109/EIECS53707.2021.9588065
http://dx.doi.org/10.1007/978-3-030-01234-2_1
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR.2018.00913
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://dx.doi.org/10.1109/EIECS53707.2021.9588065
http://dx.doi.org/10.1007/978-3-030-01234-2_1
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/ICCVW.2019.00009
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR.2018.00913
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://dx.doi.org/10.1109/TPAMI.2021.3119563
http://www.c-s-a.org.cn

	1 BCF-YOLOv5模型
	1.1 小目标检测头
	1.2 CBAM注意力模块
	1.3 BiFPN网络

	2 检测算法
	2.1 加权特征融合
	2.2 Concat特征融合

	3 实验
	3.1 数据集介绍
	3.1.1 人脸瑕疵数据集
	3.1.2 VisDrone2019公开无人机数据集

	3.2 网络设置与训练
	3.2.1 损失函数设置
	3.2.2 网络训练

	3.3 评价指标
	3.4 实验结果与分析
	3.4.1 人脸瑕疵数据集实验分析
	3.4.2 VisDrone2019无人机数据集实验分析

	3.5 消融实验

	4 结论与展望
	参考文献

