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Abstract

River governance has always been a significant task of ecological environmental protection. How-
ever, manual cleaning for river drifting garbage is difficult to meet the actual work needs. In re-
cent years, object detection algorithms have been successfully applied in many fields. To solve the
problem of low efficiency of traditional methods, this paper proposes a detection method for river
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drifting garbage. This method is based on the Faster R-CNN model and improves its backbone
network. The experiments are performed on the self-built small drifting garbage data set, and the
model recognition accuracy reaches 77.02%, which is 2.56% higher than other classical models.
Finally, some comparison experiments show that the proposed model has good detection perfor-
mance and basically meets the actual needs.
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1. 518

KRB 6 B DUOR AR 2 R [ 58 AR S TR i A AL 2 IR AR 2 2 S AL — IR AR . #5 (&
KR A AR giit, REWRAKE N 150.85 /AR, WA 7.80 J1F AR, 4 HIEF
Wit B 7 3R R I AR TE & BRI A, A T KIEF Y. EEA B % R 5T, HAF RrEE
TR FAETE FRAG 75 BT 8 AR« TR 2 BOR ARECK /KSR, H i 5 3 7 20 6 52 8
MUAL S TEAAG[L]. A, BT K EAREL 5 52 RS, & B TARAER R E R = . Wi =R
P TRT ARG E 7 = L 2 a0 S0 TAERIa I 75 Ko

BEE T EHAE B AR R IR, 2T RSS2 A, 3T 5 A4 /2% (Convolutional
Neural Network, CNN) [2]1) H sk il SELEIT T dh e i Sk M o TR RN DL H AR AR 8 4 DL i 2
R, (EARNRN BT K A SIS0 m o TR BB B, H ARkl 0% 3 oy — il
(one-stage) A1 A5 £ i (two-stage) . %= T~ one-stage HIARFRPERIE, 3& A X SR BRI 1) Tl IR 2
T two-stage 15, G A X HER R ERE = 1) Tol g, sk, DL SRRSOl B b s A 7E [
WEBRITZ M. 2017 4, #5435 /] Fast R-CNN S35 ScHl A 2250 B bRAG IR AR, 46024 SRAR
Ko 2019 4F, XIZE[ATR]H ek it (X S A 2 4% Faster R-CNIN B3R 51025 oh AT H, R0 (1 4% 2 51
P-R Hh£E #1430 {E )18 (mean Average Precision, MAP)i& 75.6%. [F4E, 28 [S]HFIH A #l /N LK 4
B4, XFEL T Faster R-CNN. R-FCN [6]411 825 £ <46 #%(Single Shot MultiBox Detector, SSD) [7]=
ot H ARSI B2 A58, SIF A T Faster R-CNN 7EAS I /K THELZ B iz AL PR RE AL T & 5095 o AT 224
RATYEE E B AR, KIEIFMIEEZRE, 552K o BN H S il A7) 7 X B2 Al
i k.

AR T —FhudE ) Faster R-CNN B8 . 75 [ (/N BOK TSR 48 |, AR SCHEAT 1A 1
BEXT Lo, ok BRI SEIL T 77.02%(1 mAP, MR T H e S MR Frie Tt e, AT o
RISEZ P s b i T SR S50, USRI &5 2R o X — R B T RS AT tH Y B
ECUF ORI M RE 52 A0 RE )T, FEARREE I VR L TR

2. BRI XEE
2.1.SSD

SSD & XI55 N1E 2016 “E42 H I —Fh one-stage H Anfarill &% . SSD K H VGG16 [8]HIRHIEHE I 4514,
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FER AL 48 BRI, AEHRAE BRSE AR 2R B 2 Rk . IXFRRR 8145 SSD 7EA /N H A5
VIR RS B, R MR TR e BRI E B RN . T LA LS5 MG SSD BLIEARNT 2 B se i, A
RERLIF, KOS JE n] ik BB FD 46 wi(Frames Per Second, FPS).

2.2.YOLOv3

YOLOV3 #& Redmon [9]3%F YOLOV1 [10]41 YOLOV2 [11]4% H i ekt i one-stage 53, 7 EF M %%
(backbone) I, YOLOV3 i F 5% /2 1) Darknet53 (4%, IR A A L)Z, Bl 2 N SR 4,
FEHR] 43 b 4L (Batch Normalization, BN) [12]5EAE 5 2515 G W8 [N 48 254 iR, B8 YOLOv3
FIAESE LG BT T B, (RIS B R 52 T, HLHERE O B AR SR A0 A2 S Rl 1) 75 5K

2.3. YOLOvV4

YOLOV4 #2& Bochkovskiy [13]F 2020 £ % A ff] YOLO £ %1%, Bochkovskiy 7E YOLOV3 HEZE H i
TRESGE. 1, H Mosaic ZEIE B AR EE: IR, KT L By CSPDarknet53, F7E
FREFRAUM 2% EIN T SPP [14)55 5% e, ¥ 58552 H: Lk (Completelntersection over Union, CloU)
PENENA R . LEES [F] K 2 40 H AR 5095, YOLOVA (1% J7 TP Re & T AL 5

2.4. Faster R-CNN

Faster R-CNN /& Girshick [15]4%3 T R-CNN. Fast R-CNN 232 1 two-stage H sl 557 . R-CNN [16]
I8 It 1k P44 2R (Selective Search) A B EHE , HAI H SCRF Al & 4L (Support Vector Machine, SVM) 73 ZR4HIE
Ir] £ A2 AE [1] )9 (Bounding Box Regression) ifif % Fiiflll i1 #E . A R-CNN $2HURFIER R 971, Girshick £ 2015
EHEH Fast R-CNN SHVE[17], X EHT W48 4 b o e . Bk UG i N I 48 AL BRASFAE I, ) A AR AE AR
B2 AN FEME TR o LA R a4 A 7R 3)1| e 2 KR v, G UK B TR A B B4R T

2016 4, Girshick #£H! 1 Faster R-CNN HEZ2. Girshick 1 FH [X 12 % /X 4% (Region Proposal Network,
RPN)fC#E: 9l M R Selective Search SiEAR I A#IEHE . Faster R-CNN K e HES 52 BIRFAE I EH T 26
A FHETM, F5F RPN A1 Fast R-CNN P9/ 48 EATA8 Bl 25 ] RPN M4 )5, AHE TP
R-CNN, Faster R-CNN HJill g5k BE AR E v 47 s A3 1s LA . BRI RPN Jzb 1 K& AN S 1) B
SIz5, Faster R-CNN SVETEUIZRRCR AR IR B E#A BTt

3. AMFTRLATTE

3.1 REME

FEIES SR, ORI RN KB BL R U R 3 AR o S M R (A 45 2R, WO T i A,
DK R TE 47 (1 Faster R-CNN 53k [AII, i T/KSUEh KoL, K ImERF YRl B L g B
PRA AR 55 SR AE . BEAh, 14000 Faster R-CNN S AE SR SR B /NN R AE SR HURE 132 IR, SBHE
AESEBR N K

EEuf BRI, AT5iENGE T Faster R-CNN JFUA 2% S5k, A9 OB REAE [ SR R, $2
HUHE Z A T4 2] o AR D7 A S0 i) Faster R-CNN B84 1 fios, & Sexh I 2R UG AT TR 3,
ARG USRI . L, S IEDE S JFAE ResNet-50 [18]MIZ5HELL HHE i O ML, REAMBIHLELHE 3 /4
BRZ. 34BN 14 ReLU BT Z . DA b CSCG AR AR RS (O RAESR IRE I W 4R T o 3l R U0 2k
HITFIBEAL B R AR, BRER A MRS B RS 5K, AR T DI T 237 5Pl 4, DU SR HZ 1k
PERE. SO Ja MR R 1 R SR AT A e, /K 2 th RE SR IR BE 22 AR AE A 1245
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Figure 1. The improved Faster R-CNN model structure
1. BU#AY Faster R-CNN #5 B2

3.2. {REMEREVTE

321 HiEE

AR SC TG IR K TSR P B 4E e 680 T /K TH EG A , WREE VLT WAV I KRS 2 RIS .
A 7 P B ST CRAAE PGS B 11 () o R AT B I 3% 2 R I 3 e Bl DA H 2 Ak B B iR (1 A8
IR IH R ~Fh 1280 x 960, 7E FiALHLI 48— 45 A 600 x 800. A3l labellmg 2 EEbri: B HHE M 1)
WHE(SE, AR XML . ARSI 7:2:0 LRI I ZREE . BE SR AR AR, I B 44
PR AR AR AFEAE Main H 3% R A train.txt. val.txt Al test.txt SCA SRS . MR EE S H S 2 fiw.

F——Annotations VOCK PR XML

F——JPEGImages JPGHS EME S

L——ImageSets

——Action

—Layout
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—val.txt Urallie e i LA S e )
L —test.txt R U A R

Figure 2. Dataset catalog tree

2. WIREARW

3.2.2. EEIHE

R L AANASEE T IR mAP 8, S R (R 2 seie b, R RIS & 8 E 1 E1T.
BRI I 254510k 22 AE IS A K (epoch) 2 50 22 100 [JYSLSA, AN ST 1 A6 2R 45 TR N £ s o P 40 2R AR 2
4 epoch, HUAMRK] mAP {E1E epoch Jy 75 N R AT; 2 >1 R THEE VL HIAE 1le-3 & 1le-2 Z[A], X
IR E S T CNN FUAR LR 26, Ul R 22 3] 308 5e-3 I I Zhbi R iicdiiase, i/
DTS, e R AN S I 2 kSR, R EIER 1 T 2R S HEH A P 2R ) mAP {E .

Table 1. Model and parameter comparison experimental results
1. RERBSHIL LI ER

ARIEL Epp: s A% MAP
i3 Faster R-CNN 75 5e—3 SGD 77.02%
Mgk Faster R-CNN 75 5e-3 Adagrad 64.23%
ik Faster R-CNN 50 5e-3 SGD 75.42%
ik Faster R-CNN 75 1e-3 SGD 50.87%
3 Faster R-CNN 75 le-2 SGD 71.07%
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Continued

Faster R-CNN 75 5e-3 SGD 71.20%
Faster R-CNN 75 le-2 SGD 69.71%
Faster R-CNN 75 le-3 SGD 46.44%
Faster R-CNN 50 5e-3 SGD 74.46%

SGD 75 5e—4 Adam 61.91%

YOLOv3 75 le-3 Adam 63.00%
YOLOv4 100 le-3 Adam 64.69%

UEAh, BT RESEN G, ASCEX T UM EPE R fEAR, WHsHR. HRR L FPS.
K2 PR, EARSLKT, SSD BMAE FPS {H LRI, 64.43 FPS 584 BE G 2 SRRl ) 7 5K,
DRI LR 2 254 fi] 2, SSD MR () mAP [ER I HLEREAL . YOLO R A ML G AR BT, YOLOvA
FILET YOLOVS, FERERIEEH Bt 7 s mitL, 45 mAP (HA3L 2 N 70 HRTE, AIx &
FUFPSEAPT FF%. ik Faster R-CNN B FPS {EAHAL T HE BOIE BANE . (HIL mAP (s T HE
B, HAERAENN R I TR iz AR, B E BE SAS RS BE A T e, R A ROt
TR T AR SCHR S AR G ) L

Table 2. Comparison of evaluation metrics across models

2. HRETEIEARRIELE

S B FPS mAP
23 Faster R-CNN 89.90% 78.07% 6.38 77.02%
Faster R-CNN 91.58% 76.32% 6.52 74.46%
SSD 53.57% 65.79% 64.43 61.91%
YOLOv3 71.43% 61.40% 36.58 63.00%
YOLOv4 65.22% 67.59% 27.66 64.69%

4, Ip|IFEE oS

HREBKIIAEE R SR, AT ZRAFRE 7 S AT S, DU o H AR A 7 2l
ERBEN . IETBON R IR UL 25 BAT REFHASIVERE . SEIR I F AR B A B AR RS Kb,
HARY) S S AL BB B . KK SRR LSS, R PR S IR AR B I AR e 2 T RE AR B Y
LR o

S5 A SEI RO RO VAR AT R o X2 ORISR YO R IR, Al H AR AR RO,
BRE RSN RS PR BB AL TE & R 7557 S0 H IOLE T PPAS R A0 RO A B iz Ak

KIGLER LI 3, B YOLOV3 4b, AR RESC BB A A Sh g . 22 i) Faster R-CNIN A5 7R Xt 452
KRST DR EAS L BE bk, TN ZREE 2 0/ N RS AAR, T LSt i) Faster R-CNIN AR R 16 RS A
Bz, FEERHE 3 PR S AR 45 R, Faster R-CNN FLAUK ML REBLAT, (HAZ/K Gusgmm L T
RIHLS; YOLOV3 B K RSI AR BRGNS FE g, 0 o 48 RO D A A FZ A IS YOLOv4 7
5t ) Faster R-CNN BB PEREAE ZZ 6000, (H B FE I

DOI: 10.12677/csa.2021.1112314 3112 MR 5 R


https://doi.org/10.12677/csa.2021.1112314

IEMHREIE PUHEE  Faster R-CNN  YOLOv3 YOLOv4

‘

Figure 3. Comparative experimental results of large-size drifting object detection

3. RRTZZME ML SRIg 5 R

S AN SR ROT BN AR REATAR I . BRIIZREE 2 9/ ST, SOAR SISO R AGH /N RS 4)
PRIPEBEER B R SES6 H BOFE T PP AR TR ) RS AL SR I e

SKIE R 4 Pror, BB T XU RS ORI EEA RN ZhEE . B Faster R-CNN 57
XN RS RIS I RE+ 0 A 57, HAZARBI AR ALRE I /s Faster R-CNIN 587 15 b A0 g 1k e 2
FtHUN; YOLOV3 5 YOLOVA [AFEREL IR BT, (HAEAFIBUE i 1 BLAS L ART SO,

IEﬁm‘T:EEﬂ: Eil&#ﬁﬁ-_ Faster R-CNN  YOLOv3 YOLOv4

s

Figure 4. Comparative experimental results of small-size drifting object detection

B 4. DRSTRZIEMIT B SCIR AR

55 = SEINT S B B R AT A N X L o KIS 1208 A S R T R R A v, R R AR T E AL
Rk, EEE AR RE A 2 AN AT, R R AN AR IR, 194 2 B IR R B K A

SEIRLE RN 5 PR, BRASCHR I SO Ab, HL ARl 3 — 5K I A ORI AR R B2 o Atk 1
Faster R-CNN FL ARG M PEREDL 57, LA EAE /K (L S IAAS (0 LRI IR I 52 50 Faster R-CNIN RS A
TrEREELT, HAKOEIN MB TIRAILER, ZHrE—B; YOLO RIVSERMERE B, FFEZE
TR, HEREERE M.
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Figure 5. Comparative experimental results of long-range drifting object detection
5. IR ERIFYIE MRS EL SRIG 45 R

SEVUASSREG X IL BE S MR HEATAR N, H BOAE TIPSR AR AR IR RE . REBE B MR IR TE 2
Gy, MR BTN RS, A LA e SR P RE N % T 5. SIS DL, UrER R
PEBEDL T AR R A 2 i SRR L R4

KA RN 6 Frow, 2 BRI R 2 BOR RS B 1A RE SEBUAT Rkl . 25k i Faster R-CNIN A5
RUGITERE fetE, EITEE B3 SO AR /NIRRT RERE 7 Faster R-CNN BRSSP BE —BL,  TEi%E
P B/ NYIR ;s YOLO RAEEIIITERE — i, (X BER I EE BB, X NGRS EEAR A -

EfRTRITIE MiHHER  Faster R-CNN  YOLOvV3 YOLOv4

" 50%

- » v

Figure 6. Comparative experimental results of short-range drifting object detection
6. LI BRI E MM L I L5 R

AL LT 2 PP KRG I I3 AT . KR KBRS B WA R —, HX
RIVERBRZ M BEK o S2 /KUK R 5 52 )N, BRALAE SEBR B R BB LT, SIR58 H I8 48 % B Kz A It e

SEISEE R 7 Fin, B YOLO RAIBIALAL, He AR AR MIVERE R 4T, WEAZIAET M. Uk
Faster R-CNN H ARG I BE+ 0 5, S27K B2 maM /s Faster R-CNN BRI R ILEL 47, (HAE H XS AL
25, HHIIREELS; YOLOV3 BAGIIGE— 8%, 2K, MELLENL; YOLOVA #EAY
RIFHLF, AFATIVEREA TR, W& SZ /KUK R F s

FANNRIGAEAF RSN K37 5HHAT BRI o RSB R4t (R 5, My A i
PR RO, AR RREA [F R s h R R BRIt B, SO FR T SEVE A T A LR

SEEGEE R 8 Fow, SARAURESCIEE AR M DAL . S Faster R-CNN BEAUERT R BIR 5%

FIRBUKIH SR, L A2 0; Faster R-CNN B [ RER B  YOLOV3 RS 52 B K5
W TIRRIG: YOLOVA BERFER R B RIS R II P BRI, BEASFEAL Faster R-CNN AR AYER AR
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Figure 7. Experimental results of drifting object detection under different water wave scenarios
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Figure 8. Experimental results of drifting object detection under different weather conditions
E 8. TRIXS TR FIENKILER

ZEG AT baeaG gt iR, ool Faster R-CNN RS @ AR R IR . 5 45 48 it 1) ResNet-50
FHEE T VGG16 #1546 ResNet-50 A 5 K& MRS E, (EAHEA B AF RS I % T RE ). A
SCHR SO RN K NS AR R U 1 BEAR &, AHER T YOLO RAIBERIERS FEA BAE B HA
g4, FHELT Faster R-CNN R FIZ AL PERE BE 5o TFEXTE I BE B AR ORI o, SO BT P e A 5
T HEBERTEREME G L REE AR E . oh, SRk . K, RREREFE
SN, A BT B A Rl RO TR A ) 5t . B LE SR TR AN JE A DR FE s, 7R 2
RERI TSNS HE

5. &g

B 48 N T35 FK Y 77 SRR )/, ASCH 7 28T ek Faster R-CNN (1) 7K T4 H
M7k ARSCE FUE AR, ZRGEISR, A0 EEE T 450 B AR AL R RS B RFAE
PREUHEM A R RIS, AN SOOI 3 I 28 (AR AE R, Ak T B A P R R B S ASE e /N i 3
AR AR . RSN SR IG 25 AR, At (1 H AR A B AL 5 75 THI PR R R A7, JEAS R 2 2 50
TE 3 5 PRI 75 5K o At RIS TR 03k 5 02 (13 00, 5 8 AR 7 Tl /E TR BUAE 2R, RN K
PR TSP BE 2R AE, A S AR H B2 5 1 N 28 4540, IR R S 80T A
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