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Abstract: Objective In complex inland river environments, most floating garbage consists of small targets that are easily
affected by reflections from the water surface and riverbanks. This results in blurred and obstructed target shapes, which
poses significant challenges for target detection. To address this issue, this paper proposed an improved YOLOv7-based
algorithm for detecting floating garbage in rivers. Methods Firstly, to address the morphological variations of floating
garbage in river environments caused by environmental factors, the feature extraction capabilities for small targets were
enhanced through the refinement of the SPPCSPC module. Secondly, the centralized feature pyramid was added, which
was weighted and fused with the feature pyramid through ROI (region of interest) to facilitate the detection of targets at
different scales. Finally, given that traditional Intersection over Union (IoU) is highly sensitive to positional deviations of

small targets, which reduces detection performance, loU was replaced with Wasserstein Distance as the evaluation metric.
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A loss function based on Normalized Wasserstein Distance (NWD) was implemented to improve detection accuracy.

Results The experimental results showed that the accuracy of the improved YOLOv7 algorithm model increased by 3. 1%,

reaching 89. 7%. At loU=0.5, the average mean precision increased by 6%, reaching 87. 8%, and for loU ranging from

0.5 to 0.95, the average mean precision increased by 4. 6%, reaching 43.4%. The detection results of this improved

model outperform those of other classical detection models.

Conclusion The experimental results indicate that the

improved model significantly enhances detection accuracy, providing valuable insights for practical applications.

Keywords: YOLOv7; small object detection; EVC block; SPPCSPC; NWD

1 351 5

TR TR B3 s B I DR AR T R AT
Wiy, BRBL, — b JC N 0 0] 3 T2 A R i e 6
A AT R BN TR, HJ2, BT E K OE K FH
B R A Kok B R i AR T, R K ) T A R 4
ARG HERE

AR WA N TR REBOR T & e, B bk i+
N RRPAA T 77 R e N & B ol S R a2 2
15, AR FHARRAE 2D LA S 7 A SR A0 S5 ) AL, B Ry 24 i
FA PSRBTy 10, K R Bk H bR R 2 )8 T
/NEARIR, JE /N BRI i — >R 7 1]

BER R 24 2] P F AR B R W7 & R, Ik T IR 2
U B ERKIIAR SC L G R R PERE KR B AR T
H AT TR ) (R Sk o R 2, — R L
R-CNN'®" SPP-Net'”’ Fast—-RCNN'®' Faster—RCNN'*"
AR o B A R AT 55l A S AT R X
Az B, PO 5 X E AT H AR 43 28 R0 E AL (8] )H P A 2D R
SER, MR R T ARSI RS B BB B E AR A
BLFEELLYOLO £411" SSDMP! DSSD 4 hft i,
B BURHE#E AT HAR By 328 5@ AL 1l 5, KR &
TR N e R IORS BE AR T W BRI A T
IR, XS A B AR A I AT A B T T B
RN BUEa DO AN ER 7 oa Ul SR WD ES R 2%
DL e Sy W8 4 46 ] AT, A 3k L6 B0k 1 L Ay A4S T g
XPPER el i, AR A T ASCR A T AR, SRR
201404 DenseNet 5] A Faster R—-CNN 7 I selb 407
W7 1= O AN E R 7y alllk - Pi i (EP B 8 = 2N ok A LV N
RYE bR, X TSR RCEE B A A Pk RE 48 25 . B8 3k
AT 3 e YOLOVZ H MP Conv - IF5 A ACMix
FEEIILE, 3Tt T/ B Ark il GE, 51 A WioU ( Wise
TIoU) 48 CloU 451 2% BRI FR L8, (R R B AL 1 i85
I A R, ELET B CBAM LI5S [ R S

AORINZE 42T CPM-YOLOv3 A Ji /b 7 #5555
SR BJEXT T /N BAREEIE SR BUSCR WA TR T, =
FO T KT /N B AR RIS B8 R HAR

IRWFFEER XS /N H AR I AT # R X, H R R
FRAEAER — LA B L5 T /N BAR ki, 2
Z0WE T SEBRAE O AR AE AN [A) RUBE 9 4 A g e 5 58 43
IR R T AR (R BI, (E R e S50 B AN R A
BT R R T AR AL SR Ak, R RS A A
Rt —2B 4T, A T MR I B R, AR SO T —
FT U YOLOVT #Y /I H AR R I AR, B 5%F /s H bRk
I/ 5 % 1) 0] 8L, 3 3o i i SPPCSPC ARk, 5] AT
B IHURL, 46 /Nt AL A% 2 BURRAE P Ak, 32 T 7 4G IR
B X T/NE bR By 7 A SR A mlOpk G0 P 4 ] 8, AR SC
FIA T FOMEERE 43 (EVC Block ) il | X T[]
FUBE R B 0 R A7 7 R0 A ARG I, 3B e 1 U ARG 1R 15 10
e Je 308 b R ARG DN BB AR e B, AR K pRER, Rl
TR /N H AR A A I e 22, PR T AR TR g A 5K
SRR | B 1A A o R A R
2 B Sec

YOLOv7 /& YOLO( You Only Look Once) F %11 —
Fh LA 25 B | LA A F Z AT A9 YOLO B9, #E itk —
APRTE TR R B (FPS) (4 [R)E A E A A e v e DR
J& ., TE5~120 FPS BYTEEIN, YOLOVT 11938 52 R P
ABEELL T A B AR K 2%, 75 30 FPS T A E
DISEZ I A RS N B TP YOLOVT B o B 1 5% 5, AP
(Average Precision) 5% 56. 8%, 4% 45 K an &1 1
Fis

B X YR TV I 5 A DU AT 55 v A7 A B REAE RO
1R/ B Z A BURRAE LA TR By 3 R A Bl P 55
[AJ, AR SCXE SPPCSPC A B #E 47 2eadE, i A T EVC
Block BEHIFHIA T T NWD #Hi 2% s 218 cIou,
e S Y LS 5 R AN 2 BT

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



74 ERIMAFFMOEARER)

%40 %

Backbone

MP2
K

—R—- (]

e )

- )

Prediction

[sppesec | GBS CBs

BB

— BN | siLU MaxPool || CBS
MP1 CCa)
[ UpSample | e===> [ Resiseacarest) ] CBS |—»{ CBS

B 1 YOLOv7 M4
Fig.1 The network structure of YOLOV7

Backbone

— e T—TGaT——

Prediction

MaxPool 3

MaxPool 5

MaxPool 9

SimAM

==

2 i YOLOvV7 M4 454
Fig.2 The improved network structure of YOLOvV7

2.1 SPPCSPCS fith Ix1 R, DL BE B8 2 10/ H PR R FRE 15 8.
FHEE T A& 48 SPPCSPC A H % F B br I 4 1Y (2) A SimAM 73 B I HLHIELER, X TR R BN

FRAESEETT 5, /N BARKI A n R IR D 2 5 e SRR ERT R AT O , IRl A RO B HAT R

A TEAE NG A AR SRR o] T B R A 3 ) 22 R B oY VB M R /N B BRAS I ] R R AE D B

Pk LA R BEVEME L, X SPPCSPCS HREBUAt T LR BICAE AL, AR SCHIA T —FESBE AL (SimAM 17
(1) X F 20 EBUSLH (CBS) BEAT R, R L) it AL BEAE AN 18 I ik 0 45 2 X

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



St

% 4

JA Tk B BT B HE YOLOVT W IE 3 B 4% B AR A

75

FEOUR , R AE T = 42 AR, A T i
SEEEE T, R M S on i M f%ﬁﬂ%
Bl (5 BFE 5 A M 4ol R 5 Bl
AR R AR K i L S i £ EL#%W%IJF]I%I
PhZETT, B ZS S il %?l_lbb%ﬁh ARk R, RS
M IeE X T AT gt bR
e(w,,b,,y,x,)=(y, —t) +
D YNNI S LR
R/ME FRARESEM TSR —EENHE T 1 5
HAbMZ T AL T o0, Sl Bk WL, AR SCRF —
(ARSI INE NI, Fe 2 BE R PR ECE LA .

1 M-1
et(wnbuy’xi): mz i=l(_ 1- (wzxi +b1>>2 +

(=1 = (wx, +b,))° +Awy, (2)
K(1) K (2) W, i=w,+b, &, =w,x,+b, , LA HIFE T HI A
FHIE X (9 B AR e b 4250, X e RO, M=
HXW F5 165488 A #2050, w, A1 b, 5351
FRFEA ML ICAR W AL T 22 , e, MG PR,

y AR S BIARSEAE, y, A1y, R EBRMGE S AT
MR i w, FIPREAE, i s R B ES]

(3) XFF =A R Rt AL 2 0t b A 2R A7 45 /) TR
58 5%5.9%9 DL K& 13x13 By iz 4 /INh 3x3 .5%5 LU
K ox9 Wi Ak A%, A 46 /Tt AL A%, BE 18 B 4y il
J7 70N ELBR B REAE i B, DT 388 im0 %) B 1
2.2 EVC Block Fith

YOLOv7 3 i FRIE 4 35 (FPN) Bt A B R 40
22 RUBE B FRRAE ], 75 38 35 4 ARG 25 A RUBE B9 R i 1]
B W e (1 QD0 N 5 1= L B2 v A NI E R o Rl |
Prre AR RAE G, T BB 43/ B ARG £, FRAE 4 7
BT RO B E AR 15 B, 5 30K IORS B R B Y ]
B, AR IE 4 5 (EVC Block) , INE 3 i, &
FUEARIE HER RN TR DA B 8 55 B AR H
FRATEE ROL, A T4/ H AR B4 K 1) ROL, X 55
K HARSBCE /N RO, 4 ROL 5 R¢AiF 4 45 i
TTINAL LA, FERRAE 4 57 38 B9 FRAE 43 Bd 2K [5) B br
o DA AR /0N B A A 4 4[] AT, BT 7y (o %) ARG AN
R H AR,

dnoisy

UOT]RZI[RULION]
UOTIN[OAUOY)
astmiiday

egdoxg

Long-range
Dependencies

yregdoxq

3 Factors
Learnable Visual — — — — — — — — — — — — — 1

Center

Cues
— e ol —— ——— L - ———— = e e
e o e e S T e e e e e il e o |
| ] ey Lodebou idluge : |

(]

: % X C1€210"" "€ | :

S i * -
e l&ﬂﬁw”m?“”km“ﬁs | e
: E | === - | S | | : regions
| I X, |Scaling e e e, || BN-ReLU-Mean |

|
| |
|
|
|

|
|
|
3 2 B |
it . : |
. |
|
|
Stem : :
| —_— —_—
i _ Block I | B | o |
— | &2 . .- 2% e !
| = <—1 Cueslost: : S : &E |
|
! l___ ] L] |
|
|
|
|
|
|
|
|

B3 EVCERMELEN
Fig.3 The network structure of EVC

2.3 J:T- NWD e i

AR X B R A AR AE B0 PIRYATIE /N B A A I (7]
B, YOLOVT FIFdi FH B CloU JE325 1 X5 /0N H b G 0 i 47
S BRI BR A 8] B8, BT LA T CloU #4720tk , NG 2 7+
YOLOv7 myfsillPERE

ZEHEE (ToU ) J& FH 2R B 8 H A Kz 00 v 35 300 A1 D B
SEAE R A AR B SR A R BT RL AT ) — A AR AR
MFE/N B AR AR A, BTN B AR AR R AR
AN HHTR AR BE AR R RS , A4 T R B AR, /N B AR 6l

I B IR 22 2 T80 ToU 1Y R B TR, X
WA ToU B %) B i B 0w 22 1 B An R 2
S AR RS 20/ E ARG R TR

L, ToU JF AN 2 /N H A A 0 AR B 1 — A~ 2 1 4
b, BT LAARSCH T —Fiog i B 5 48 4%, H Normalized
Wasserstein Distance (NWD) K56 BBOX A8 AH LM
LS U,

TS, R T B A s i oA EA T T AR, X T
IKFHFHE R= (¢, e, ,w,h) ,c,,c,,w Flh 53 5IFRHO

HRE
ALET,

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



76 ERIMAFFMOEARER)

%40 %

AR SERERIRBE . H P By i T LA R D

(x—p,) +(y-fz,,> . (3)
o, o
T A AR B R A T A

exp( =y (vp0) 3 (xpe) |

S

flxlp, %)= T (4)
2w 2
K(3) A (4)H,x ., p ALY FoRE T AR (%, y) |
e A 220, PRI S (e ) '3 (xm)= 1
A, K FHE R TR — 4k &l N (e, Y) , H

2
w

— 0
c, 4
“F',M{ },2= e
C
¥y O .
4

TEHATEHIH—4k Wasserstein #55, fff L5
P Wasserstein BRI MRS . XA
AR Ay =N(m, X)) Mp, =N(m, , 2,) u, Flp,
Z BB Bt Wasserstein I ESE R

W%(Mla/“?) = [lm; —m, | ; +

THE, 43, - 2B 5 ) (5)
LA EER

W%(#l My )= [ m,=m, [ §+ | 21%_22% [ ; (6)
o) H, || - |, FTnip Ul e SHEEL,

A X F I FHE A= (ex,, ey, ,w,,h,) Fl B=
Ccxy v, 0y, by ) SERERG BT AN N, AL N, T W2 =
(N,,N,) &g B i, ANfe B HAE AR U B 5, IR Ik
Xf AR Bk 470 —1k , 1k 18 n] 5 Normalized Wasserstein
Distance (NWD) .

C

Lywoon, ) = exp(_'Wi(N‘“Nb)) (7)
() e EEL

HHF Wasserstein Distance X§ T/ HARE A 7= 1)
B 038 WM DA SOGAS [ RUEE B AR AN SRRl a5 | A
NWD e CloU AFE A 7S SC I FE £ 5 %, N A5 Xl
/N EARATARRLE , ATTB A (R TR SR R

3 PR SE R AP
3.1 SRR

FLOW a8 2 BREE — A~ LTS A ML ) AT ]
TE KR 37 by I ke D 45 i 42 . Horp FLOW -IMG 7%
2 000 FKEMEFN 5 271 MRic Hbr, /N BA5 (size<32x32)
TERRAE T & 1 B R At —2F , T LA SRAE /s
HERKI A BIRSE . AR SRR 6 ¢ 2 2 2 iU ELHEF FLOW
~IMG EHla A8l 7 N 28 Bk 5 LU R A4 (&1 4)

B4 FLOW-IMG #iiE&
Fig.4 The FLOW-IMG dataset
3.2 MBS SERE
ARG P85 A Windows11 #RAE RS T # 8
Pytorch 1. 13. 1 IREE“# 2JHESE Python 3. 7. 16, VIl 5 J5] 1]
epoch & 300, AHOCHCL B BRI AN 1 Fs

®1 IRBMESSYH

Table 1 Experimental configuration and parameters

% & fi. # K # B HAR
GPU RTX 3060 R R 720%720
CPU Core i5—12400F L ES 0.01

CUDA 11.7 Ak %5 Adam

Pytorch 1.13.1 M= 4

3.3 TEREVFOMERS

AN SC 3 35f 7 2 ( Precision, P) . 43 [8] 3 ( Recall,
R) K5 2 MEH % ( mean Average Precision, mAP ) /f
D EBEFRAR R VP LAY PR R A X TN B AR XS 4
TRASFRAGIE B, HrpvERR A RIRA E LR .

NTP
P= x100% (8)
TP+ FP
NTP
= x100% (9)
NTP+NFN

RKi(8) . (9) 1, Ny, FRIER AU IEREA N, 2
IRIEAH REA (H BT R AT T IEREA Ny 3R
IRIRACH IEREA (BRI R T AR

mAP (mean of Average Precision) : X A 2850 (Y
AP (Average Precision) {H>RFEII(H, AP 1] LU L&~
S T A HEA R mAP R X BT A 250 AP SR
B, HF R s AR ERf 5, kxR anF .

ZZ'JLP(R)dR

n

LAP

m

A (10) H,n RRklZEG], mAP@O. 5, XFIEAFRR
75 ToU R{E M 0.5 BT, mAP BI{E A £ /0, mAP
@[0.5:0.95]/2MHZ " IoU B{H T A9 mAP, 27 X [i]
[0.5,0.95]14,L40.05 A4 B 10 4> ToU HIME, 4351
X 10 4> ToU BIE T 9 mAP, FBCEHE, B4R

(10)

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



%4 4

JE F R, % 3T B YOLOVT o2 3% 5 3% B AT A A1l 77

mAP B 5 BRI RR BT
3.4 FGER ST
3.4.1 SPPCSPCS Bibifimhszis
AT IEAT SPPCSPC FEH s 1 LR etk 1 5%
MER T PSR E FAEUIMA T SimAM 3 & J1HLH,
HR 46/ T AR B (5,9, 13) B ib %46/l (3,5,
9) MR ALAZ . MRS i 0L 4 A e, mAP R 0.5 43
KR T RRSEm TRIEDRS B (3 2) T Rl 5
AT LA H A A 8 o o 45 A5 780 4% 1 M e 3 A0 35 1A%
BT XFT SPPCSPC #1434k
32 SPPCSPCS /HRhIIZE R
Table 2 Results of ablation experiment of SPPCSPCS /%

(TS P R Luveos Lupeosoos
SPPCSPC 86.6 74.8 81.8 38.8
SPPCSPC+SimAM 87.1 78.4 83.4 41.0
SPPCSPC+SimAM+(3,5,9) 87.0 79.3 84.4 42.2

3.4.2  $HAJeREON HESEES

ARG T HET NWD B3 25 s %L, H Wasserstein
Distance( NWD ) 2K £ 55 BBOX 1Y A B M K B AL £ 4t
loU, M52 A TAESE ToU AT ER A A 7l 1
REHT R AR TE , 38 1 %o o 28 L33 2K R B, WP AR H A G
MPEREVEAT XS FE AT, SCER 25 SR AN 3 Bz, 16 ToU B
B4 0.5 BFEPRG BE R L4 ToU 451 2k pR 2 SIoU &%
REAF BT YOLOVT J5iA: CloU HEREE N T 2. 7%,
MZEF NWD (46t 26 pR B TR BE i 42 FHas 3] 1
4% AT X /N B br P 0 0 B0 BE EL B 4 ik )
29% , HL AR R pRECER B2 37 . 0 B AR SO A6 D 46 b
B&BME, 5l AZEF NWD 42k sRECR Rt 17X F
/N BB ARG A

R3 HBRBHIENWER

Table 3 Comparison experiment results of loss function /%

LmAP@ 0.5:0.95

PEF P R Loweos Lusweos.os
(small)
CloU 86.6 74.8 81.8 38.8 27.8
GloU 85.4 69.1 76. 1 34.8 23
SloU 87.9 78.8 84.5 42.2 29
NWD 89.1 80.0 85.8 42.0 29.5

3.4.3  BORINRSEE

ABIRINSF YOLOVT A5 T 45 30t sl 4 it X /s H
PR MR 2] 1 R AP A $E AR | 8 T ST, F
TR S AT mT

(1) Bk SPPCSPC 4544, fdi 2 B bt i /N H
BRI S, DI S8 ARG A R . 3 IR T
4.5% ~FYIRE R MEFR I T 2. 6% 3. 4%

(2) Btk 2 B4hn T EVC Block B 341 1 % /)8
AR RS AR SR BU PERE , VERR R A BRI T T
2.5% 5.2%.

(3) B leatt 4 FEBLRL P RN T 3 F NWD [ 45 2%
PR BT, 51 AHT 48 FR R AR ToU, LA T &
FRR, A T bR A AR KIS, mAP@O. 5,
mAP@0. 5:0. 95 43342 T+ T 4% 3. 2%,

(4) W = b b 2 7 7 55 T, AR ) 1 S A LS
Bl A AR LT, DB B RCR A 5

(5) B = ot 5 ABERY e 455 RN o i Rk 3]
89.7%, EF+T 3.1%; R I%5K 5] 81. 6%, LT+ T 6.8%
P46 BE HERf R mAP@ 0. 5 A1 mAP@ 0. 5:0. 95 43 5]
iKF 87. 8% .43. 4% , W ME L E] 6% 4. 6%, UL T Mk
Ja B YOLOv7 BERUT/)N B Awa il i) i 25 42

R4 HBMXKER

Table 4 Results of ablation experiment /%

i % & it SPPCSPC EVC Block NDW P R Lpaos Lorp@o.s: 0.5
YOLOv7 86. 6 74. 8 81.8 38.8

P2 &sil | v 87.0 79.3 84.4 42.2

it 2 v 89.1 80 85.8 42.0

Bt 3 v v 89.8 80. 4 86.9 42.2

Bt 4 v 89.1 80.0 85.8 42.0

Bt 5 v v 89. 8 80. 4 86.9 42.2

&t 6 v v 89.0 82.2 87.1 42.9

AL v v 89.7 81.6 87.8 43.4

3.4.4 ARDE S ARSI TERER LE
N T R AINEAR SO AR BT H A 3 A — B
BeAn 5y BE 20 H AR 33032 %5 T/ 0n H A AGz I i) 1 g

e, T T SR A [A) B 52 56 3R 5% DL S 5 &, 6 A
FLOW-IMG %{##4E 5 A Faster—RCNN %43 SSD B |
YOLOvS5 VA K YOLOv7 Bl vpJe Sifa i - 43 Ar A

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



78 ERTHAZER(EARFR) S5

RIS EEARRS T A SRR R . thak 5 Mg 2Rl 0121 .

- N y N N N — BT YOLOV?
AR A 32 G I 512, A SCAR Y A S itk B3 v A A o0 — H I YOLOVT
IR E - BAT W AL '

x5 BEHEMRERER , 008
Table 5  Results of performance indicators 3 0.06
for each algorithm /% ’
ﬁ’i ’7‘? LmAP @0.5 LmAP @0.5:0.95 0.04
Faster—RCNN 51.6 21.8
0.02
SSD 83.1 40. 4 . . . . . L |
YOLOVS 81.5 40.2 0 50 100 150 200 250 300
oLO Epoch
Y L‘v7 81.8 38.8 B 6 Loss fiZ&t bt
AL 87.8 43.4 Fig. 6 The comparison of loss curves
YOLOv8 85.6 42.3

3.5 SOOI LE

YOLOv7 dCt i Je AU F FLOW -IMG %4k 45
TR By IR ARG D A5 5 SR i A A PR i X
FLIEL S vl X BRos B I3 Y B Rs Em 5, ihZk 5
A Al BT 1 TR 8 7 A 1) S o % FLik
HEJE I YOLOVT #5281 P-R 2k 58 20 T ek mifss
IR L, U B T oot 5 R A R v R A TR, LA

T it 5t ke HERT S 1 Loss FIZRXT I, W01 6 T o Al 0 7 YOLOV7 BEKNRIR

FHES TRl , OISR Loss [T W& i B 0 , 7l Fig. 7 Detection effect of YOLOvV7 model
i S NG . SC T AT JA YOLOVT B0 Xt Rl ‘

ot BARAIN A RCR XS He o A, AR 7 181 8 AT LU
H SR J A T A T TG I B ) A A
BT, A9 TR X R R TR AG I e A
(9 E b, i AR BT T DL TE A A DX 23 DR A S ok
VL BIGH SR 19 YOLOvT AEALXE T /0N H ARG (100 i P2

. - £5 7 s b [ . = +;,?:—"’=H ‘
PONIE T - o ﬁ —
1.0 - 5 s

8 i YOLOvV7 =B M R
0.8 Fig. 8 Detection effect of improved YOLOvV7 model
< 0.6
£
0.4
0.2]
— MR YOLOVT
——— MR YOLOVT
0.0
0.0 0.2 0.4 0.6 0.8 1.0 '
frecall 9 YOLOV7 BUift#i( L) 52 ()

5 HUHBETEM&EE P-R HZ&xfLL

Fig. 5 The comparison of P-R curves of network models

NBEFRE TR L

Fig. 9 Comparison of small target detection effect

before and after improvement before (up) and after (down) the improvement of YOLOvV7

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



JEE 44 T B YOLOVT 093839 5 3% B A7 4 ) 79

4 4 ©

/N BVBR R I — B2 H bR A 45 3k A A5 ) R
— AR SCTR B T N A A T PN TR S T T A B B
PEAE B A K/ HARAEAS B2 th Tk B R 3 MoK
FOE /N H AR DL RS B D &Pk, 48 H
B X B S E 0 . AR SCHE YOLOVT (R 3Eas I, 22t
SRRk 2 n i, 4R TR XN B bR 0 i gt
YOLOv7 #i%1 | #F SPPCSPC Bl il A SimAM 717
ML 46 /M A A , Wit /N HARERAE HEA T8 B
HIKIA EVC Block X}F 22 KU EUGFFIEF ROT #E47Hm
G A A R RS B . &5, B TESE ToU X
TN B bR U B 22 s, R3S S BT,
ARSI T —Fh 3T NWD A5 2 sR, [l A5 Uk S0
JE TR [ B R T TR RS

AR SCRRHE J B 0 — 25 AR RS R Y [ Bt
T TR AR AG (A7 10, 1E 2 B 1 4% 0 3 53 i 2
TRREY, N — G A B 2% 45 4 | 1% 5 A 1 I 2% 33k
PR X BR SE B R AT s AP fb . e AR e A
W IS JRE 104 2 T 190 R0 B, B0 7 255 P9 K Y] 8 8V
WA TAI

SR (References):

[1]  HEGEYE, BIBE.L, BoTRR, 5. /D HER IO 54538 )],
[ 4 ETE2F 4R, 2023, 28(9): 2587-2615.

PAN Xiao-ying, JIA Ning-xin, MU Yuan-zhen, et al. Survey
of small target detection [J]. Journal of Image and Graphics,
2023,28(9): 2587-2615.

[2] FELZENSZWALB P F, GIRSHICK R B, MCALLESTER D,
et al. Object detection with discriminatively trained part-based
models[J]. IEEE Transactions on Software Engineering,
2010, 32(9): 1627-1645.

[3]  XUHLYL, A%, XIpnde, 45, BT IR B2 S i/ B b A I 25
RI]. BV TR SR, 2021, 43(8): 1429-1442.

LIU Hong-jiang, WANG Mao, LIU Li-hua, et al. A survey of
small target detection based on deep learning [J]. Computer
Engineering and Science, 2021, 43(8):429-1442.

[4] GANAIE M A, HU M, MALIK A K, et al. Ensemble deep
learning: A review[J]. Engineering Applications of Artificial
Intelligence, 2022, 115: 105151.

[5] Jadfe Mlasse>d [M]. dbat WK AL, 2016: 18-32.
ZHOU Zhi-hua. Machine learning [ M]. Beijing: Tsinghua
University Press, 2016: 18-32.

[6] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature

[10]

[11]

[12]

[13]

[14]

[15]

[16]

hierarchies for accurate object detection and semantic
segmentation| C|//Proc of the IEEE Conference on Computer
Vision and Pattern Recognition, 2014: 580-587.

HE KM, ZHANG X Y, REN S Q, et al. Spatial pyramid
pooling in deep convolutional networks for visual recognition|[]].
IEEE Transactions on Pattern Analysis and Machine Intelligence,
2015(4): 1904-1916.

GIRSHICK R. Fast r-cnn|[ C]//Proc of the IEEE International
Conference on Computer Vision, 2015: 1440—-1448.

REN S, HE K, GIRSHICK R, et al. Faster R-CNN: towards
real-time object detection with region proposal networks|[]J].
IEEE Transactions on Pattern Analysis & Machine Intelligence,
2017, 39(6): 1137-1149.

REDMON J, DIVVALA S, GIRSHICK R, et al. You only
detection| C]//2016
IEEE Conference on Computer Vision and Pattern Recognition
(CVPR) Las Vegas NV, 2016: 779-788.

REDMON J, FARHADI A. Yolo9000: Better, faster, stronger
[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, Honolulu, 2017: 6517-6525.
REDMON J, FARHADI A. Yolov3: an incremental improvement
[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2018: 89-95.

LIU W, ANGUELOV D, ERHAN D, et al. SSD: Single shot
multibox detector [ C |//Computer Vision-ECCV 2016: 14th

European Conference, Amsterdam, The Netherlands, October

look once: unified, real-time object

11-14, 2016, Proceedings, Part I 14. Springer International
Publishing, 2016: 21-37.

Thifitt, #54%, skIWIIk, 45, FE T X0k Faster RONN /WU
A ERRPUH BGERL[T]. LTS, 2021, 54(3): 38-44.

MA Jing-yi, CUI Hao-yang, ZHANG Ming-da, et al. Small scale
intrusion target recognition and location based on improved Faster
RCNN [J]. Electric Power, 2021, 54(3): 38-44.

IS HE, o AL BTG YOLOVT 19/ HARKAMI[T]. 343
LT 2, 2023, 49(1): 41-48.

QI Ling-long, GAO Jian-ling. Small object detection based on
improved YOLOv7[]J]. Computer Engineering, 2023, 49 (1):
41-43.

ABEE, F i, £ VDL BT Bk Mobilenet-YOLOV3 [t 2%
KR AP R B3 [ J]. WL R 2% 2 e T 2= B, 2022, 56
(8):1622-1632.

HAO Kun, WANG Kuo, WANG Bei-bei. Lightweight underwater
biological detection algorithm based on improved Mobilenet-
YOLOV3[J]. Journal of Zhejiang University: Engineering Edition,
2022, 56(8): 1622—-1632.

veiEgdR  fUMEL

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



