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Abstract: Aiming at the problem of insufficient detection accuracy of complex beach small object
tourists, a beach small object tourist detection method based on multi-layer feature map information fu-
sion was proposed, and the context and feature map information was used to improve the detection
rate of small object tourists. Firstly, GCSAM structure was proposed by combining the more compre-

hensive and effective GAM attention mechanism idea with CSP structure. The GCSAM structure was
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used to enhance the cross-latitude receptive field of YOLOvS backbone. The backbone network was

focused on small object feature learning. Secondly, the PANet structure was replaced by BIFPN struc-

ture in YOLOvV5 network to complete transmission of feature information across layers at the neck net-

work, more context was included in the feature map. Finally, the power transform was used to im-

prove CIOU _Loss to Alpha-CIOU _Loss in YOLOV5 network, and the regression accuracy of predic-

tion frame was effectively improved. Experimental results showed that in comparison with original

YOLOVS5 network, the precision was improved by 2.00%, the recall was improved by 5.33%, and

the mean average precision was improved by 4.36% with real-time requirements. Moreover, this

method had better robustness in the case of dense tourists, occlusion, and smaller objects.

Key words:deep learning; small object detection; attention mechanism; feature map

i 7

VS VA TG U Ml 2 DI VE 28 U kR Y R M
Pl 2021 4 V5 U Ui all 7 2 B 7l 3 A AR
(9 44.9 91 M i 2 0 N B 22 4 n) i H T
,2001~2019 4F 3t AR Mg Wi 25 2 i 619 2,
W 1141 AT, Fl R AR B AR LT R
XoF ] i 30 98 I A A T, 25 TR T b DX R
I 3 i o 2 4 R e U, B B IR A R G,
FEARGE N TSP AT B F Mk . WA
AN TEReH AR Rk R, B e et 12 8 e
2B R G0 W W 5 H T b A 85 R A G vk 48
T TE T W B 30, A 7 M4 e BRI SR i
H bR o A Y H AR N o R BE R I
RAEMEK T 5 T /N B AR KT B2 &2, Rtk 42
HH — X I /DN A O R T DL AR TR iR R
M B % 4 BAG i B0 S PR S

TEWEE % H bR N BE R AW RRAE D R
WA AR 0 R T e A7 AE DV e B /N B B
Rl J 0 R e 2 LR b et s R B U
FERY ) B, 40, Hu Al Ramanan™$& Hy — Fl 4149058
TR AT I 7 3 BT A RO UE B AR AE B B
SCAE BN B bR R B AR L E R TR Ok
1o 1 T SR 8 A5 T 1 50 S AR 1 /DN A A
1M 2R X6 S B 1 SR 4K 1 3 R b . Kisantal 48 A
$& L —Fh “ Copy-Pasting strategies” [ % M > 38 Jirt /)N
H b5 75 G H s 30 00 450 25 7 00 2% T - i Al 92 /)N B
B A S8 DT B 5 /0N B B 9 G 1 56, 2% 1 1 08 O Vi %
B R R A8, 1 R Y BN B AT AR T 3 4% 1)1 2k
OBt B A B4 . Alsubaei % A" 1
DLSODC-GWM & M J5 2 JH T /s H s ki 3 1 46 I
5 2rh T MR 1T S 500 Ak Oy B R T S 80

DI DT 2R A5 AR - 08 A6 0 S8R (B 3 3 7 1Y 2 0
N MR M PR A 22 U ME PR AR T AT 2 a2 F
B

g5 L RTIR O TG AU R v /DN H AR i 2R
Yy 555 oK MU/ B bR UE 2R I RS 1k S
PR, SCE AT R SOfF B DL AR A R AE B AE Sl
B M AR — BT YOLO 1Y 2 )2 FR 1 F
{5 Bl & (Feature Map Information Fusion YOLO,
FMIF-YOLO) /)N H AR 7 32 , 76 P 3k 52 i1 iy
T 1 SRR /DN B AR I 2 A

1 2ERFMEERER&EWNER/DE
e Ak

1.1 MEEBEKLEN

YOLOVS AE S 25 i Az I 457 4 G 00 18 R 538 | T
FEAR & B E 1Y H bR R A A 2 — | O 25 5 ) B
FH 438 70 2H B A o L T X4 g | 39S Rl G v DA
Qe T0I A g o H 2 I 2 G5 A A xR /N B B Ui
R AT SR AFAE — e 2 - 35 T 0 246 3 Joir >R HH 1) B85
i Bz J5y B (Cross Stage Partial, CSP) 25 #) 5 % 132
B HE S AT 32 2% v X /I B bR I % 0 R AE 4 HL
AE 1 KA. SRR G I R FH PANet(Path Aggrega-
tion Networks) Z5 ) , i T H 454 Jy 12 5 ) {5 B A%
i 77 20, PRI 2 3 0 — E B U R AR AR R R,
T 36 AR ARG TG B2 o) ey s 3 >R FH 56 4 28 O L i
K (Complete Intersection Over Union Loss, CI-
OU _Loss) 1 Jy 45 2K oR 845 5 AF 8 AR 410 ] Ak 21 A
HE P 50 ARG 00 9 5 25T R L H G 2 2 B W
A5 TR 2R 52 W) 3 8 AV D 22 PR AERAG: 230, 0 ek 34 D Vi
T s 42 15 48 T R AR 1 LR e 7



144 ot H

%

£id 7N 543 %

BEOXF B3R ), SCrf AE 32T I 4% g 5 30 Rl
i MR P 4 1 2= 1 WL (Global Attention Mechanism ,
GAM) ARy — Fh 42 )5 5 B B U 2 7 BL
(Global Cross Stage Attention Mechanism, GC-
SAM) 4544, 15 Bh 3= W9 45 550 40 B0 42 B0 B AR
We %R AE A4S B FEE YOLOVS W 4% 2 346 fill 4 3
PANet 45 ¥4 1 5 S XA F# A 4 7 35 [ 45 (Bidirec

] r

= !
i &
:: Loxd i e

tional Feature Pyramid Network, BIFPN) 24 1) fi &5
Z RO HRFAE B bR SOfF B d A 28 K I i 14 7 H
bl % R AEAR B9 B e R AL RO DR B, B )5 R
Alpha-CIOU _Loss . fb YOLOVS /4 £ 15 il iy Hi S
H i) CIOU _Loss o 46 0 A 5 7 171 V5 55 o o ), ik e
i I M 4 SR A TR AR b 0 18 P Jr Al R 19 7 LR 4
I ), ) 246 R R S5 A8 T L 1 TS

E BB
RN —~Ta |- R
]

—————

ERR

PR - - -

i'"""" T 'if __________________ — ""‘:i_"—"""""ﬂ:

|
i-l | | (e e~ &
| s | |
i e b
| [ s T
H | 5 |
| i L -
I i - "
: S — = P I — i
| i £y i
I 1
| I .
L e e | s

El1 FMIF-YOLO ¥ 4% % {4 45 #4) €]
Fig.1 The structure of FMIF-YOLO network
1.2 EFT MK

2 18 B W H AR 5 B D IR R
R IR SN IOE & S s = o K Bl BU s 3
A EHE Z 1] S I PE |, 220 W TC O AR B 9 [R] I 9 DG
BEARAEAE BRI, B, 51 A E R ) BL
YOLOVS T M 45 (1) CSP 5 45 F138 B 45 44 $2 BU/)N
H bR i & R AR AR B RE AN 2 ) 8, SCE R GC-
SAM Z5 R a1 2 7R, 35 Y OLOvS 32 W 45 i 5
25 BE 0 %2 I, B X/ B AR AR B E AT T 40 B d

L—>_I

BB
ZiR1_X

2

£ FR He i 2 185 B (Convolutional Block Atten-
tion Module, CBAM)"7E = 43 1 25 i) = J& | 25 [f)
B B 22 ) g O A O ) HE AT T A i, 2
W = A~ 7 1) (] A BLPE T, NI & R B 4EAE .

B, R FAE S A] el /15 BR BRI B0 R 42 )R
Y i 28 HORRAE AT AR T A ER AN E
o AL I 5 77 AL ) B G DA S 23S i) BE B R 2 )
1o BE A B R T B T ELRRAE 1 50 B A B 1
FRLIERFME IR EERRE R NROR ., X T
2 E W FRAE 1 FLERSMY 3 gkl T R S B B R
75 ) 1 B A e 4y 1 A R B R AIE B F,=ML(F,) @)
F, . F,=M.,(F,)®F,, M, 5 M 4 5| 3 3l i 1 5 1
VE Rz 8] 78 78 3

GCSAM K2 g [&]
Fig.2 Structural schematic of GCSAM module

GCSAM 7r il 18 VE & 7 8 4F I B 4Rk 3 4E4F 5
(Permutation) (4 J5 200 B = A5 1) B A RRAEAS B,
0 22 2 AL K s 4 S T A TR) R R
A e F $7 JE -3 & (Squeeze-and-Excitation layer, SE-



52

HE N4 22 R AR S S i /DN AR A 145

layer) "4 2 A5 B ok b £ $AF  lE EER R
5 R 2R T BOMOCR R 1Y ), GCSAM 78 %5
(] VR 0 AR b3 ) B 5 A R A R AR B A
V) 5 e ke et R A5 T &2 1) s R0 A ., T e P S B
JEHEAT S A BRl G B T AR R R B

R, UK GAM B8 5 £ W 4 0m A 45 A
i LK 3L 5 2000 A i A 45 A (A& 1 9 GCSAM2
PR TR @A R AR B 20t CSP2_ XS |, Fi kA
GAM B, e J5 3 o 45 FURE B i 17 4 i ), —
T A5 AR I PR 0 G T B R I A /N E A
oy — 7 T AT LAAT R0 2 6 R AR A SRR AR B R OR T
B QT Y DX, A TS S 0 )2 AT
H AR S CHA B B

1.3 ZFERRL & im it

J5 I YOLOVS 76 250 3B fill 75 iy K F PANet "4
¥, 5k FPN B T[] F A% 35 58 i SCRHAE , 38 1o
PAN A i [ [ A% 3858 22 LR A, 38 B R) 3 )20
ARl I 2 #E AT S ECR A H . B IS5 R o
JZ B A AR T REAE LR 4 ) b R v
FEAEAR BV R R B2 A% 388 10 J X SR 25 B R 38 43
5 2 1 SRR 5 5 AL RFAE o XTI SC R 5] A BIF-
PN Z5 4™ HE A YOLOVS Y 550350 fil 45 3 ( HL A 45+
UL 1 #ER kA v ) R #E PANet 54 . PANet 45
14 5 BIFPN Z5 4 Xt Le an & 3 il -

(a) PANetZ5 18
Kl 3 PANet%5#95 BIFPN 549X kb
Fig.3 Structural comparison between PANet and BIFPN

(b) BIFPN%; # &

PL P J2 fin th 5 AR Bl 49, PANet 19 31 5 2
AN
Py = Conv(Pgi“ + Resize( P;") + Resize( P;™") )

(1)
1M BIFPN B 15 A R
W1°P6in+w2'ReSize(P7in)
P.Y=(C 2
6 onv w1+w2+€ ( )

P out
o=
w e P+ w,'s Py 4+ w, ' Resize( P;")
w '+ w, + w, e

Conv

(3)
Horp PR 3RR 5 X2 B ARRAE I, P 3ROR 55 X2
4 P BRI P, P R X B i AR AR 1A o, R
71 X Bl 9 45 A ROBE R AIE TR — A AU B
AT A RO BTHKEE , € T T By 1 B i 1 . PA-
Net 4544 Py J2 AUACKE AN 8] ]ST fé) R ik 1] 38 28 O A
[7) B9 /N I SR 552 s v A T] 3 9 23R 6 i A o I S
B o i A AR R A A AF B9 o T BIFPN 45 44 5% 85
JORE 12 0 J7 3, e 16 A T S 1 5 ik P X A
[7i) i AR I 5 AT R Y B A A S AR S O
) P AU o BIFPN e g A [R] )2 22 18] A9 5 A fil
A, A i i 6 e TOUIN i o S B4 R E 6L T2 Y
R SCfE B R LA S s BN A I A 1 T S
FE L AE B

1.4 & E R it

3 FEHE A 5 67 TR 0E G T B O 24 BE S BE RS 0 45
HYHE BRI 45 SR . YOLOVS 1 4 o 3 % CT-
OU _Loss ¥ 8 & m L A0 55 8 DL B9\ b1 R
29 BRI A5 R R, B 4 CIOU Loss 78 &
Bl HRR A N

p(b’bg)Jrﬂv (4)

C2

CIOU Loss=1—10U +

w

ACT__\___1

|
|
)

|
b l h
|
|

S

]

_____ Y

K4 CIOU Loss/niEAE
Fig.4 Schematic of CIOU _Loss

v b 6% 327 TN AE 55 B SEAE B v 0 i AR AR
PCF R R AE Z 8] vt A R IRER RS . e %R
K T AE 5 B SEHE 5¢ 42 B P B /)N SN FE B B R 4%
SRR o o T AR U AE 5 S HE AR 2 A — 2K
P, N RCE R H v 5 pIERIA R -



146 biA ) T E5a ¥N 438

o wt w o, NN L NS & 2 S e el e AR VA =S O |
v=— (arctan arctan — ) (5) B
T h# h By a=>1 51 A — Be g 3t 45t 46 &, 7 LLAR 4 b i 1k
. — (6)  PUAKIIZE R G H AR, T o X IOU 2l
(1—10U)+wv 1 3 HE 11 246 el 725 Ak, T LA e 0 4% o 5K 6 1%
Horprw M w b R FLSSHE 5 TR A9 4 98 HERY £ 3] . 1A I S 238 13 Alpha-CIOU _Loss 52 Bt

S CIOU Loss 1T LU IRVF 2 10U JCIEBLBE i 41t il g 3 51 % 9 /N I b 2 700 AR [ 6 3 2 50
R, {5 CTOU _Loss 76— S8/NECR L R AE B0 gy e g 1ol 01 05 e B2 7
T 5% B K4 e R ki R o2 e B9 E
O SR HE T W LR JAE TR AR o srgh 5 5 g7
L4 s 2 MR P A Ol 0 1 L O 26
CIOU _Loss 5 I 1E i 74 25 51 75000 4 55 5 152 1 26 2.1 SRHIBEERTHRIFE
) AR 2 B A W S Y R 7 A W T A
B A MR P DR PR AR e 2 T R B R W R T 2 A A BT AR T A SR B B, AT A
I I 0 ) 6 G ) A 5 S (AR A 2 e ATPEURAE RN, ORI A B R A e
76 CIOU Loss 9 3 @i b 31 A % 728 # 4 2 F/DNEAREEE LR LR Rk 094 2 [ml i 12

Alpha-CIOU _Loss™, i ik W Visdrone 22 JT A4 5 5l Bh 30 Uk o His 4R a2k R 4R W
Alpha-CIOU _Loss =1 — IOU“ + 2 W00 1 TR A L B BE R O 1920 <1 080, i3
0™ (b, b*) (7) 25 fps, 3it 12275k & . b R 8500 8 A

o Hse) a0 SR 1596 PR AE Ay T 3 50308 4 R T ) 45 A8 51
Hof o WA B AR, TR R AL CT- MERESE AR RS . T 4 RO 1092 AL e Sy, X
OU _Loss X5 P 5 1 B RS (/5 M 2y e i DA 48 HEAT YOL OV B A S B4 i o 452 1 36—
10U — 7 # A7 B A5 4k, 8 o 9 Kk /INTT AR BhAE B9 56/ HAR B8R o 3 ik I 80b% 7 T B Labellmg
T V4 125 TOU BB B3 e E R MRS B B0 SO 4 B9 xml SCEE < xml” SC 2 32 540 i
B (0 2 S0 SR 4 s L RAR I Bl . SRI0 3 ARIEAE B0 ARARME B LA H BRI A (S B L WA bR
] 0<< <"1 Wi FRAERAMRE. WA IOUH R i s 12 3 5 A 5 s

Skyline*

(b) A FRiC LI E — (c) it EH=
K5 A3 brid i B A i e W 3

Fig.5 Some labeling processes and beach monitoring scenes

© a— g

(a) A PRI IE —

SCEE SIS I CE PR B AR - Ubantul8.04 #24F & 25 Ui K (Precision) ¥ 4= % (Recall) Y4 B (4
45 .CPU A Intel Core i19-8950 .GPU 4 NVIDIA Ge- (mean Average Precision, mAP) P K %5 F0 4% iy i 5t
For;eﬁ(j;j}( 1080 SSB E?;)ff\] T?‘?;ZGB ° %}$§Py (Frames Per Second, FPS) %5 /A I 9F ) 35 b5 XF 52 56
A SIR 3 G iR _ s
oUDA 101Xt U HBMBTREEL,

TP
B F 88—y 640, B3 AR R EL 200, 9 4R 2 2 Rk Precision= 05 X 10076 (8)
% 0.0100. F B HL BB E T OB B 1L U7 R o

Alpha-CIOU _Loss it a 45 55 50 I 1R 3 ik - Recall = X 10076 (9)
22 ATFHIER S| P(RIaR

mAP = X 100% (10)

Bt xR 5T /N B AR TR R A9 R AE 55, R



%2

HE N4 22 R AR S S i /DN AR A 147

Horp TP 32 7n WU I B9 IE AR A, FP 3278 A REAS T3
A IEREA , FN R IEREA BN O SAREAS | N 3RR
e BRI B i A S B, SCEE R N=1,10U [ fE %
RSP AL Y 0.5 — e, 4G 0 AN/ T
S B W A A2 i T 2R (25 fps ) B AT DA hy 12 B 12 A5 8 Vi
RSP EOR

2.3 HEhIDIR

S 8 IE SCEE BT A Y 2 i o T e /D F R Ui A G
I BE 9 A ROME L BTt — dH I Rl S g, 0 A A T

(1) J& YOLOvS #& A ; (2) 78 Jit £ 8 | AX il
Alpha-CIOU _Loss $it & R ¥k ; (3) 75 J A Y | A fiff
JH BIFPN 3% 2 25 #4 5 (4) 78 JFUAE A |- A fif i GC-
SAM & He 5 (5) 78 J& £ A& I [ omb ff A
Alpha-CIOU _Loss it %% & %4 15 BIFPN % #2 45 44 ;
(6) 7€ JEAE Y | [] i fifi F Alpha-CIOU _Loss 5 2% b
5 GCSAM Bk ; (7) 78 I 455 AU 1 [R] B GC-
SAM 8 5 BIFPN i #4514 ; (8) 7E J5i A58 AU [ [m] B
fili F Alpha-CIOU _Loss it 2k s . BIFPN i 4 45 14
5 GCSAM#i, BARPERENR 1w .

£1 AEBUEEMREAAEAMNSEDTRNRER

Tab.1 Experimental results of network model with different improvement strategies and their combinations
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Tab.3 The results of different methods on the Visdrone

dataset
(AP R TR B /(%)
SSD 15.24
Jith YOLOVS 31.17
YOLOv5+ SElayer 30.70
YOLOv5+CBAM 33.12
SCEDT 34.34
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e 2 A D A 8O TR T 2 R R M A Oy 5 e i
T I S 5 A 7 5T /N B AR i 2 I R S HL S 2
YA 45 VR A ME RS . SC i i RIS G O A A i
H b5, A R G B X i & N B %4 it
W GCSAM 45 44 5 Ak 3 T 9 2% vy 42 O/ H A5 R
fERRE T, A 20 B R A B0 2R EE T/ B o
JA 19 PANet 45 14 18 2% o4 BIFPN 45 #4 2F 17 #5 )2 1]
YRR AR A5 B 2SO, 45 05 i 3% A T i o o 1) R
(SRR IE A Sl N U S W o= i = B Ll ]
o 2 A R A 1 R M AR AN [m] AS 0 )22
HE , (S i S B R I OAE [59 BEOk eR K
Alpha-CIOU _Loss, A &4 2l 3% — 2245 2 1% A0 a1 15
U ARG T R A ] B S e S B ) R 2R
BE HEAT o0 A DU R0 4 0 A RPE SE S . A LG TR R
YOLOvVS RS, 3¢ 5 ¥ 75 55 I il J2 25K 1Y 1 42
TAWERIET 2.00% , & 4R TF 5,330, K
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F AP

& £ X W

(1] oK %0 U0 0 v s K] 55 26 9% W) L 2021 4 b [J i P 22 TF 452
HHAMRIR]. 2022.

[2] B Jw, sk sthmF o, 25 3 IR A 4E 4 S5 ORI I
FWREE T[] T & 5 AL, 2021, 38(6): 3-11.

[3] & W, xR, kZ0M, & Skt 2 ROE 5 8 Rl 1Y 210
HhEG 55/ U BR R [T]. 628 % TR, 2020, 28(6):1375-
1386.

(4] & W, Fardl, $ifE%E, % . 5l AEROHLHN R EgNE
FRETI 25 [T ], Sk s T, 2022, 30(8): 998-1010.

[5] Huang S Q, Liu Q. Addressing scale imbalance for small object
detection with dense detector [J]. Neurocomputing, 2022,
473: 68-78.

[6] Zhan W, Sun C F, Wang M C, et al. An improved Yolov5 re-
al-time detection method for small objects captured by UAV
[J]. Soft Computing, 2022, 26(1):361-373.

(7] Z=EJH ol 5 HERUT 2%, 55 . BT A IR W 4 BT 0096 18 /NS5 B
FREGI[T]. e 2% TR, 2018, 26(1):193-199.

[8] LianJ, Yin Y H, Wang Z H, et al. Small object detection in
traffic scenes based on attention feature fusion [J]. Sensors,
2021, 21(9): 3031.

(9] WBRER, it X) ™ g5, 45 . SR JT 45 1) T 3 0 ML 1 20 61 55 /0N
FUBRAG 46 [ 7], D20 2 T, 2021, 29(4) : 843-853.

[10] Hu P Y, Ramanan D. Finding tiny faces [C]. Proceedings of
the IEEE conference on Computer Vision and Pattern Recogni-
tion, Honolulu, USA, 2017: 1522-1530.

[11] Kisantal M, Wojna Z, Murawski J, et al. Augmentation for
small object detection[ CJ. 9th International Conference on Ad-
vances in Computing and Information Technology, Sydney,
Australia, 2019: 119-133.

[12] Alsubaei F, Al-wesabi F, Hilal A. Deep learning-based small
object detection and classification model for garbage waste man-
agement in smart cities and IOT environment[J]. Applied Sci-
ences, 2022, 12(5): 2281.

[13] Lim J, Astrid M, Yoon H, et al. Small object detection using
context and attention[ C]. 2021 International Conference on Ar-
tificial Intelligence in Information and Communication, Jeju Is-
land, Korea, 2021: 181-186.

[14] Leng J X, Ren Y H, Jiang W, et al. Realize your surround-
ings: Exploiting context information for small object detection
[J]. Neurocomputing, 2021, 433(8): 287-299.

[15] ChenJ Y, Liu S P, Zhao L, et al. Small object detection com-
bining attention mechanism and a novel FPN[J]. Journal of In-
telligent & Fuzzy Systems, 2022, 42(4): 3691-3703.

[16] Liu Y C, Shao Z G, Hoffmann N. Global attention mecha-
nism: Retain information to enhance channel-spatial interactions
[R/OL]. http:// arXiv.org/pdf/2112.05561.pdf: (2021-12-10)
[2022-10-28]

[17] Woo S, Park J, Lee J, et al. CBAM: Convolutional block at-
tention module[ C]. Proceedings of the European Conference on
Computer Vision, Munich, Germany, 2018: 3-19.

[18] Hu J, Shen L, Sun G. Squeeze-and-excitation networks [C].
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, Salt Lake City, USA, 2018: 7132-7141.

[19] Liu S, Qi L, Qin H F, et al. Path aggregation network for in-
stance segmentation [ C]. Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, Salt Lake City,
USA, 2018: 8759-8768.

[20] Tan M X, Pang R M, Le Q. Efficient Det: Scalable and effi-
cient object detection[ C]. Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, Seattle,
USA, 2020: 10781-10790.

[21] HeJ B, Erfani S, Ma X J, et al. Alpha-IOU: A family of pow-
er intersection over union losses for bounding box regression
[J]. Advances in Neural Information Processing Systems,
2021,34:20230-20242.

[22] Zhu P, Wen L, Du D, et al. Detection and tracking meet
drones challenge [J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2021, 44(11): 7380-7399.



