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Abstract

In response to the problems of low accuracy, slow operation speed, and poor robustness of exist-
ing water surface garbage detection models, a water surface garbage detection and classification
algorithm based on improved YOLOVS5 is proposed. The improved network framework introduces
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a small target detection head to improve target detection accuracy, incorporates the DeepSORT
algorithm to enhance detection speed, adds SENet attention mechanism and changes the loss func-
tion to SloU to improve the model's robustness. Through comparative analysis of the garbage de-
tection results before and after improvement in the Dongting Lake area, the experimental results
show that the improved YOLOvS5 achieves an mAP@0.5 of 92.1%, an increase of 5.37% compared
to before improvement, and the average frame rate is increased to 47.8 FPS, an increase of 19.20%
compared to before improvement, laying a solid foundation for subsequent exploration of the fea-
sibility of adaptive processing of water surface garbage.
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BEE I 2 IR HIBIE OO0 MR e, ek 22 o I 55 = K B R B 30kE, 1 e 1 K T 7B
TR R X RN 2, U RAERE R, (F7E5 KA ZB/NK B RASX, HE
AAEFREG SR, WEHK OS5, WRKENR, SEARBIHREXAKR T, B R8T
A=A RS G, X PP G AT R K AR 7S ARG R T AR KB TR A 71 5 ) XS DX R M 2]
MR T A R 5 3 [3], ITEERJZ VR, Xt [ RV A& R T witi o B SRS 5
CERIHERIPANGTE R R FHIES — AHEAHRN[E], @AW HEBh AR OURIRIB I K ', MY
LA R NI H 83 K M6 ARSI TR 2L, 1 T DS SEL e i . R R A, AT
R, EONRARIRRE, ER—FATRE. EIEER. ASRESCHRRER” o “CAERHENE
RAERAEME R, FrR KR EE - B8, AR, HAT, SIRBUR A IEKRHES) K
VEIRARY, Y2 /KBRS BOR AR &, flhn &7 [6], {HSZRR LK 35 i W I A 2 7 =X
FEGLRACEE N LI A B KT ARG M [7], X867 AR, B2 N GBR &I, A Aef o 30/ a
FEIZKIK[8], EARTITH B /R 2 FF & % /K TS EEAL A A [9], BHEHE 7 2R A D 35z I i 4 51 Al
BEIMEERE, KZWIEEBLEN. K/NEZRAEEEE, SEEIRF A SCRE, IR RKEEE.
PR, KIS B (7] A RS B B OR AP AN 28 5[] B (19— A A A e 1D 1) A

A AT BN CATIR B2 38 m W K Sk A 2 i, R T AR RR T, RILT DL R IR A . iR AR R
AWIHERR, B AEIEEKT, JERGER KT, SR THEE 7 N B BUE 7y, 9 Hig
RAKT, BrLAILTE BRI 2 456 YOLOVS Kl &R Gt Bl 3 3%, #8481 YOLOVS FEA 5] A/ B bx
sk A4 XL S8 YOLOVS Ha i Sy ik AT e idt

A 435 (1) 7K THT S SR ASE I B 0T A [ 0 3 S5 AR A ARSI R At 2R AR AR, AN B A A ) 7K Tz 3 A 8
BR . T SR B IS B EL A YU [10]4548 F] GhostBottleneck b # YOLOV5s #5 A £k Fyrh i) C3 Al
#i4r CBS #id, JEIA ECA RN, (RS G HEZR )y 90.3%, F H H BT/K TS AT I /N H b5
AR TR ARG FE AR, AN BRI & X i K K T 3 S (P A I 225K« = —FL[11]5 %) YOLOV3 ) K-means HiZ:
HEAT T ok, A M_IoU #2155 T 12.8%, M_loU /& HFRHER) AR 10U {H. A5 FHAAH SCHF 78 [12] R T
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g 7 AR AR, BRZHCR— K.

AL CAB)ZASAAI A LK TR ORI 5, XH&Sei YOLOVS Sk T ok, B 7 XHER JIML
AN R bR [ 13] 7 THT PRt 5, R 3 T X/ H ARSI [ 1410 0G0, ASCHE S /5 1) YOLOVS #R2A
YOLOvV5s-self. it B et 5E, tHEHALEEIR[15], SEElboE ., AR € A0 S5 R bk 33,
P TR KT AR IR B . FRATTKF YOLOVS filis T DeepSORT 5373, AT LUK 2l 45 WA Hh 1) 7K T 437 3%
BEATHEAFIEER, FIRFRATARI T SENet vERE LM, SKAe A MMz LAE J1[16], 18R
KR GloU B SloU, #wr 1 FAE RIS 2, i/ B AR ISk, REf% B 4F 4 BN H AR RFIE(S
S T B 0t /0N H A RS PR R 2

2. Bt YOLOVS Ei%k
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Figure 1. Improved technical route of YOLOV5
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Figure 2. Improved network framework of YOLOv5s-self model
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IS YOLOVS fili & DeepSORT ByE[17], ] LAMS I HARAIEER,  wT LA 20 1 ksl ik 2 F
FEHE . B0/ H AR ISR [18], 1hiRAIbR2E BE R ER IR AP, $E5R%E A GRS ELRE )1, JaN T
B PR EAE R, FRATSCRE ML S5 R [19], KRR O SloU [20]5F#5 I SENet 3 & A pLi[21],
B8 5 56 T X G AR ) A A LR ARSI B, S S G T 5 43 R v R P A B AR, A
SO R WA 2.

2.1. 31 DeepSORT ¥

BT Bl A A b 7 SRS AN 7 S8 R RE H LA RS T 1S MR P 22 1R, 45 DeepSORT SLi ]
LA RSN IR 2K ) . DeepSORT J& — M2 i 2 HARBRER 5%, E— — DA Bi ik, mTBIsesl
SKI ERER R . DeepSORT 4T Sort HAREREZZEAT Bt , SIN TR IR, RS H AR R R
FEHH AR B SNAFAE HEAT e QBT VLI . FAA K5, DeepSORT 15 2l I 45 A 22 P 45 (CNN)H U B4~ H
PREGOPRAFAE, RGP 0 28 R SE320R 2 Bt A4 M RLIAE 5 b — it b i BRER H AR EAT IR RS, 1530
Be . %A, MR ZIEDES 0 RER H AR AL E AT L BEAT U, AR UL C 73 B T 45 5 R
5 HARBEAT SRR A% [22] 0 3K AT LKy B FRREAT SEINAERR A ERER[23], B 1 AR S5k w5 B
KR Aer A8, JF AT AR I IR) N el E PR RS, 3R 1 BRERRIALZE . DeepSORT Wil 4 3.
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Figure 3. DeepSORT algorithm framework
[#] 3. DeepSORT B AHELR

2.2. IRk FH# SloU

JRUEH] YOLOVS {2 GloU (Generalized 10U){E A H ARKE AT 45 f 5155 bR . SloU 7E 5452k
% H AR HER B SRR T . EARTE GloU Bk R BBl BT SR 200 . SIS H0T LR
P BR BN B S AR B N URR T, AT SR B S5 AN [ 2 2 1 B 2 1 v B SR A R B 1. SToU 32K R 3
FET HAsHEM MG R, 7T CUE i HvP Al B ARAE VS ECAREE . SloU 2k s 801 v B A xR R

SloU = loU —In (1+a \éj 1)
Her, 10U, V, S, a 72 BEAHER loU fH, HASEREIR, BHIMERRIR, — N85, EHE 0

1, HFFEARRAR AR AR . SloU 25 8 R [l 2 (8] [ s A f L, B8 e UG R,
A DAASE SRR SRS B S5 A, B U 5 ZE R — AN AR (X B Y), XA Rt T B B R R
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2.3. 350 SENet FE=HHLEI
AT BRI T A AL PR A N I OOMR S, FRATTAE backbone 2348 T SENet vE = S,
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Figure 4. SENet structure
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For H» W, U4 /@IMibit, MAEEEm e, MNBIME, BAEsE.

Feo Wi, Wo, o 73l g AiEds, )RR 0AEHRE, sigmoid Mo R4

£ YOLOV5 1, il A H i@ E 202 3 (RGB BRI =ANidiE), {H2%45] N\ SENet i, FERFMEEL
ZJEIIN—A> SE ¥, K& — AR P E PR SRR . 1% 52 ok o) il 2 (6] (1A
FFRAFIBIE AL EAS B o TIE 0 He AR #2180 B, AT i v P9 % £ 12
fE[24]. BAkkii, SENet 5] N 7 —FiFR A “Squeeze-and-Excitation block” AR E, 1% He 38 /g > 25 1% .

(1) Squeeze: IS A AR ER AN B TE FRHE R R 488 — N UE, 53— AN B E R A R & .

1 H W L 2
Zc:qu(uc): H xW iz::ljz::luc(l'J) )

(2) Excitation: IS/ A e L AT 5 AEIRA BT, AT 1156 VS AR T T4
o= (W)= (a2 o (W (W) ®

SENet FJ LA H & N > RN IEIE (B, S s R (R I, I AT LI 2 5] R I Y
BRI DB IS5, T B M R A28, R o] AR T 2 M SR AR 55, e 28 il
oy BN AR 4
2.4. s Bt

BN B AR BRI B3 K /6 AR ER B T BRI AR T R, SRATEIN /IS B ARAS D Sk R et
BG /N RIRHESEIRE 77 IEIEAE R Z P SI A A RUERIRAE R, IFHEAT RS R, PTRUSR AL 4
T ZAACHIRERIERE ST, L& RN HARE 2 FEE R A [25] i T/ BAri g R B s e, N7
AP AR AR AN B AR, SN AR R 0 R B R BRI G AR OR OR B SE 419 15 B TR G 20
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PR RFAE A BRAE[26] o RIS SIN BT SOREE, DL SR ARG /N ARG 77, XA B TRTH N B mid 5t
KI5 I FEE AV AEBA B2, A DR R G5 Ky 4 R ] 5.

RelLU

Conv x Channels
3x3
Conv
Concate
1x1
Contect
Module x Channels

Figure 5. SSH detection module
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Figure 6. SSH context module
[ 6. SSH E T xxiEtr
BRSO GE R NS BT SUE R, YR T A BRANLE . SRS ME Mg L5 E
TREER, BTN OB EER AT — 2 RRHEE S, AR ES, R )R
ECRA&[26].
2.5. EBEEITMBRR
H AR R ARSI %, I IR0 B AR B B ) S B R bR 2 — & Map (JESCAFR mean average
precision). Precision (f§#3%). 8% (Recall), 15 /J(GFLOPS) [27]. 41 N A5 A R

Precision = x100% 4)
Recall =— 1" x100% ©)
TP+FN
" AP
mAP = ==L (6)
m
GFLOPS = (1 15 SLVCKT) /(AR J B IS A7 1) /(10°) 7)

Hrp TP, FP, FN 73 BUONBRLR AR AR DR A I A IEREA N4, BRIER U IEREAR N4, IEREA
PR IRBIN PRI AN EL. Recall v Bl BIRERY IERAAGHIN I IEREA AN K0T A EE =R, m 9350
Mt AP RS A B R 2R
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3. PEBEVHE
3.1. SUBAFREE

fififF & CPU: AMD Ryzen 7 5800H with Radeon Graphics 3.20 GHZ; W f%: 16.0 GB; {743 ).

512 GB.

ARG JF R PyCharm 2020.1.1 (Professional Edition, ##f%i% = Python 3.9).

3.2. ERSHT

PATxE 3 AR HEAT 72 I, IR AT L% 5E 0 10:1, YIZR T AT Eda S, Hrp

R A B AR 2 1o

Table 1. Distribution and quantity of data sets

FLBEEITSYHE

PR IR HE TR A H it
TS 5521 613 6134
INEEIR 3085 343 3428
PTAN=ES 973 108 1081
Mt 9579 1064 10,643

AT YOLOVS Bk, FRATMAXM &5 R A 7RI, SuknlFRsE - BE R H
0.764 #2742 0.859, #2F+ 1 0.095, H[EIZ WA LEREA, v LS H S & 7S oK b % 7 R E 5, K
HERP KNI N T 338, Al MEESs, N RABE T 2K,

Uk T mAP@O0.5 4 0.874, citfEHRETEE 0.921, #2277 0.047, HARILIE 7.
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Figure 7. Comparison of detection values before and after
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I Mr EiRSEEGEE R, AT LLA HH YOLOVS-self 5 YOLOvVSs Mk, BRI SHEM N T 9.40%, {HE&{T5H
J13EINT 69.62%, HIINT CPU FIFZE, Mtk Tig Tl B, Wb TIs4Tita, FEKTH4E, #2747 FPS,
FEEESR S T 12.43%, XAZFNIEIN T /N Hbskarillsk, 4@ 7irE 1, /N R EUE 74y, W]
DARERE R0 /N B bR, BRI IR 2.

W——Weight file size ({{F {1 K /]\), Par——Parameters (%), GFLOPS (i# /1), mAP@0.5,
P——Precision (fiifE#%), FPS (fFFbMiZ%).

Table 2. Comparison of models before and after improvement

+® 2. BUARTRRIRBIRILL

Network model P (%) MAP@0.5 (%) FPS (fls) W (kb) Par GFLOPS (/f)
YOLOvV5s-self 85.9 921 478 15,920 7,678,208 26.8
YOLOVS5s 76.4 87.4 40.1 15,820 7,018,216 15.8
B AR 12.43%1 5.37%1 19.20%1 0.63%7  9.40%? 69.62%1

3.3. jHRAsCIE

B N T AR B AR A R, AT 2SR, R A RIS A i, Sl R ] AR R
SRIGTTE, SRIGEE R BN R 4 3 PR

Table 3. Model improvement

7 3. EEIpH
Num /NEARKEISL  DeepSORT  SENet SloU P R mAP GFLOPS
0 76.4 99 87.4 15.8
1 Y 81.6 99 90.1 14.1
2 S \ 81.6 99 90.1 28.7
3 V 82.9 100 91.0 27.1
4 \ \ 85.9 100 92.1 26.8

fi¢ 3 %, e8I/ HFRE Sk, DeepSORT %y, SENet I HH SloU ##e loU #ii 2k %, itk
Ja, FHERP, HEERR, FHHENE mAP@O0.5 51K YOLOVS HAFLL, #15 FIAS F R 427,
FEUERIE R T 12.43%, mAP@O0.5 $#27+ 17 5.37%, 1R 11T 69.62%.

(@) 7 iIYOLOVS K I  (b)HGE I YOLOVS K I
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Figure 8. Comparison between detection chart and atomization treatment results
8. HMESEHALIBLERITEE

AT L B S WHEAT W 25 AL B R P AT A I, R B 85 SR AN, B AR SO T
YOLOVS5 fest iy ARG $ & e AiZ AL e s, BRI 8.

4. BE

AHIFUAE B A (R B A I 5 4y S b 51N T ) YOLOVS 5k, 454 DeepSORT 4.
PTG, DR R 2N PRAR . R G UGS I T VE IR P AR FRIEIR | A R A 3 o S U 1
DA FEHE AN R A AR UM SS I 8, AR BER A T 2 Mol i, a A s L. 5INNE
FRAG Sk AE 7 AT ML 45, FE TR IR T 12.43%, mAP@O.5 $5 1 5.37%, HAL 15 /135 T 69.62%.
XU R T IR AHERA Y, RIS BRAR T AN IR T A, SeE T KIUE A TT L. Ak, AR
RAL T FRMZHE GRS WA, 1-T TR RGeS . (A SR S YOLOVS SRk A7l
PRI A2, SEBL T ORHAVE SR (R S B A ISR, SR s BRI T 2%, AT LR E
T 8 UK TR o AT 55, REHE R PR K T3 43 B T RS, /b, BET- 2858 3 2%, XK
BRI IE R TR RS I, NG ST K T b 3, [ 38 AR B AT AT 5 R B e T IR SR
S

e, RERRAIIRFZIN, BEBMHTEETS T T RESRNESMR O B
MRATEAR ERBRFIBOE, AERATAW KRS

IR, AT SeR = AR R 2, 7EHE RSP S T T RANRZ RERE K, BA1ME
DLAEHES) T ERAT BT AR

ea, TREBFIRATI R AT A o B AT — B DR AT SR AR AR, A IRATTRE S & v T 1
FLAE WA MATRIE AR, AT TC 56 X M

TERAPH LR, HRZ AFINLSE T 7 RATCR B RIS RE, 7RI B — IR b A 1R R O )
SRR

ZE&UWH
2023 LI R A R AR QU IRt RITE « 26T T8 AHLBUTATSGEE 1) YOLOVS 7K Bz S5 As ) 5 43
%5 4.45(S202310543043) .

SE ik
[1] kA, BT HLBRUE K b 3% B ARG I B2 8 [9]. 9 Tk BR R R 22 B 2441, 2022, 22(6): 13-16.

DOI: 10.12677/csa.2024.144092 227 TFENUER S N A


https://doi.org/10.12677/csa.2024.144092

(5]

(6]

(7]
(8]
(9]
[10]

[11]

[12]

[13]

[14]
[15]
[16]

[17]

[18]

[19]

[20]

[21]
[22]
[23]

[24]
[25]

[26]

[27]

FRIG. DU R H ) d B A o kSRR IF AR B N]. HH B 74R, 2024-01-01(003)
MEKHE. @5t R, TR S54SR E R ETF R —— iR I, &4k, 2022(10): 4-9.
Edéfﬁg, R, FREA RIS A SR ERR A TR B I AR (D], R Aol RN R S R, 2022, 42(8):
191-201.
TEE FMEHZ T RIDILRE. KK SESTRERE—EETFHEILAET PVAR BELGH[I]. 182
PRMK AR (B AL 2R 2RR), 2023, 26(4): 87-96.
Wz E, Wi, DA, SFKA, XITa, S, R MR = ER R —— DAL R K i 1
H oNBiI[3]. VO )11 ¥REE, 2023, 42(6): 192-196.
TRIE . T ) A% ) B ) O S A PRI B LI [J]. Wy 4R, 2023, 45(6): 208-214.
TR, PR P R KR M B AR A T[], BRI 53R, 2023(11): 58-61.
JAgE, IR, BREE, EXREE, £300. BT A RKInS RiE R E[I]. BRI, 2023, 9(1): 95-97.

AU, FRIEAK, SRIEAK, ZEMESE, BT dt YOLOVSs HK B A I 5 1R [3]. BRBUR K24 2431, 2023, 42(5):
98-105, 113.

TR, G4, PR, ERE. T SPMYOLOv3 FKEBIK BAsfM[I]. itENRGRH, 2023, 32(3):
163-170.

FUUR, TROH, ZBR, ZRE, k&R, HEE. ET YOLOVS HI/KIH NI BAREMI[I]. fEmMEiRSH A,
2022, 18(33): 28-30.

M, SRS, FE, M. T EEIHEK YOLOVS A B[], HHENEIA SRR, 2023, 33(12):
163-170.

EREETE, T8, — Rkt YOLOVS /s B FRAEIN S [9]. Bt TFE, 2023, 31(19): 64-67, 72.

HEE, BE&k, HEL, B, FLESE BRI R IUR &R B[], W AR, 2021, 40(31): 18-20.
VRIRM, Tk 5, XS, PLAS % 2 A BE JI7E /N B B e 7E [3]. 9 3 DV R 22 22 4R (B AR Bl 22 AR,
2021, 40(2): 61-66.

Gai, Y., He, W. and Zhou, Z. (2021) Pedestrian Target Tracking Based on DeepSORT with YOLOV5. 2021 2nd Inter-
national Conference on Computer Engineering and Intelligent Control (ICCEIC), Chongging, 12-14 November 2021,
1-5. https://doi.org/10.1109/ICCEIC54227.2021.00008

Gu, D., Luo, Y. and Li, W. (2022) Traffic Target Detection in Complex Scenes Based on Improved YOLOV5 Algo-
rithm. Journal of Northeastern University, 43, 1073-1079.

R, BTE, £Y, 28, B IR R MEERTE BRI RL]. B fE RS R (T REEA
JiK), 2023, 23(4): 29-36.

i, WY, RE, M4&te. FET SI0U BBt YOLOVS B8 H brisil 5 i:[J]. K145 Ba@ME, 2022, 35(11):
5-8.

WERSR, DT, TR, BN, BaEE IS 2 RE B ARSI 5[], 24k, 2020, 40(13): 126-134.
T, T YOLOV5+DeepSORT £ HFsHIEN]. 5 B8R 515 B4k, 2023(6): 87-90.

S, B, W, 2R, eSS, BTt YOLOVS+DeepSort BAHE SR S2iR A 55 5 [3]. B
ML, 2023, 54(15): 9-13.

Bk, BEME BT L LHEER M SENet I FEIE B RmI[I]. TR, 2020, 43(21): 132-136.
R385, MRieHs, ohE, W, BREM. TSNS B1E M FFER G HLE /N BAREMILT]. RERH K2R,
2023, 38(4): 54-61.

JISCHY, BRAL, SR, DR T LR SCRN R B & R H AR IR BRSO [I]. B R AR A B A ARk (H R B RR),
2022, 20(1): 37-42.

Chen, S., Cheng, T., Fang, J., et al. (2023) TinyDet: Accurately Detecting Small Objects within 1 GFLOPs. Science
China Information Sciences, 66, Article No. 119102. https://doi.org/10.1007/s11432-021-3504-4

DOI: 10.12677/csa.2024.144092 228 HEHUR 5 R


https://doi.org/10.12677/csa.2024.144092
https://doi.org/10.1109/ICCEIC54227.2021.00008
https://doi.org/10.1007/s11432-021-3504-4

M

e CEMEIERN

K BRI -

bias=0.5 # bias

Offsetssss = torch.tensor([[0, 0],
[1,0], [0, 1], [-1, 0], [0, -1], #j.k,Im
#12,1],[1, -11, [-1, 11, [-1, -1],  #jk,jm,Ik,Im
], device=targets.device).float() *g # offsets

# Offsets

grid =t[:, 2:4] # grid xy

inverse = gain[[2, 3]] - grid  # inverse

a,b=((grid% 1. <g) & (grid > 1.)).T

¢, m=((inverse % 1. < g) & (inverse > 1.)).T

a = torch.stacb((torch.ones_libe(a), a, b, ¢, m))

t =t.repeat((5, 1, 1))[a]

off = (torch.zeros_libe(grid)[None] + Offsetssss[:, None])[a]

grid =t[:, 2:4] #grid xy

gij = (grid - off).long()
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