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Abstract

With the continuous acceleration of urbanization, garbage heaps have become an important
problem in urban management, and intelligent garbage heap detection algorithms can effectively
improve the level and efficiency of environmental management. On the basis of the YOLOv7 detec-
tion algorithm, the YOLO-AF garbage heap detection model was proposed by introducing the at-
tention mechanism, improving the MPConv module and optimizing the loss function. The attention
mechanism is introduced and the focus module is used to enhance the feature information to solve
the problem of low detection accuracy caused by the similarity of garbage and background. The
binary cross entropy loss function and Kullback-Leibler divergence loss function are comprehen-
sively used to solve the unbalanced problem of garbage classification. Experimental results show
that the YOLO-AF garbage heap detection model shows higher accuracy, recall rate and mAP than
YOLOv7 in multi-type garbage heap detection tasks, and the performance is significantly im-
proved, and the mAP value of the model after 300 rounds of training is 92.45%. Under the same
conditions, the detection effect is better than the current mainstream object detection algorithm,
which can better meet the needs of real-time industrial detection of garbage heaps.
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Figure 1. SE module diagram
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Figure 2. MPConv convolution process
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Figure 3. F-MPConv module
3. F-MPConv &1
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Figure 4. Schematic diagram of the YOLO-AF model
[ 4. YOLO-AF R ER
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$193 8 0.5, LIPS FE e AT TRk . FoATTHE H A BB R AR 7R ) 451 2k R A s (B) Ao, AT HFR 2
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TR R A SO AR R R BT R TN Kullback-Leibler #1251 2 R B 1 28 AP 4i7 A0 HE RE AR 45
B AR AT U DR SAS T i 7L, 4 280 S T A 1 SR A I 45 2R

4. S
4.1 WIRE

WA T LR EAE A FIA BRI Soh 2 AR, JRATETT . S8 XM 2 A SEANRUREAT 1)
MR R AR, JFbRE AN B . I = 2 HE R T HNLA TE AR e, SR T B4R A3
Ja RIXSEA 5T IR R . RGBT RIR IR IREATAR, iR T BRI 2
FEVE o B TIEIAS [F AL ANAS [R] e 18] (0 5 35 3 P AR W FExt B, BB 70 HE R 0 640 x 640 B3R N T 19
B EGEE, REMNEGOFB LA R SR, RNk, AR, MR, hiRfEL
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Figure 5. Examples of garbage heap images: (a) Domestic
rubbish at night; (b) Domestic rubbish during the day; (c)
Obscured domestic rubbish; (d) Building rubbish during
the day
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Table 1. Garbage heap dataset information

=1 EBERIRERES
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IGUEE 640 337
b2 640 337
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IO E AN B4 RGN Windows 10 ) 64 AiE RGERIE R IR FE2: STHESE N Pytorchl.7;
CUDA fRAAN 11.1; 4ifEiE 54 Python 3.9. YR H N BT B K /N A 640 x 640, 4 T /b Il 21t R it
6], SRAFELFIIIIGRBOR, K18 E N 0.001, BUHE AR EEE N 0.0005, ffH Adam fLibes,
SRR E N 16, RARE B E A 300 4 epoch.

N AT BHEAS O YOLOVT BEITERE, SRADREE(P). HIEIZE(R). F1 1950 (F1). “Fiks
FE(APYFT mAP XK BEREAT VPANY, RiaE RS AEAN R A T AR B [21] . B A X R (7)~(11).

1) F& & (Precision)

N B S RS B TE A 4 RO Ay 28 T AR A, SRR Dy 1E 288 501 P L A9 B vy PG B2 Rk R /D
W AR R IO IEREA, B AR .

TP
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p x100% @

2) HFlZ (Recall)
H |nl Zefliy B 7R RS IE ARSI BT A IEREA I RE 7). e R BRROR BN T SR B R
PR RE ST, R T IR S
R TP
TP +FN

x100% (8)

3) F1 7545 (F1 Score)
F1 7350 BRG FE AN A R R A8y, 2865 R sudt YOLOVT A7 fEaf PE AT A THI 1 o 38 SR B8P AT 1)
F1 7545, VABRORSEIEAEHERA AN 4 ] 2 2 ] HUAS R 4 1R~ 1l

Fl=2-"R_100% 9)
P+R

4) “F-¥4KE B (Average Precision, AP)
IR B SR S R RAE AN R ) B RS R, B REEN MRS, T E AT v Al 1AL %
Fo_ERIVERE .
AP = ['P(R)dR x100% (10)

5) ~F-¥JHE 3518 (mean Average Precision, mAP)
MAP 2 AP [P IAME, SRET BN BRI LRGP . mAP ZR5 758 1 BURLEA [F 20 B TERE,
NEER B BCRIR AL T W&
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Hor, TP 2B by S HERI B R HE, FP & A B R HE T 56, FN & RPN B . P AT R
AL TP. FP F1EN oI5, F1AJBLA P A1 R 115

43. EHME LR

N T UE A SC TR B e R, R P ) AR B SR FR R AT X B SERG:, B AT R AR 5 2w IR H A
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Table 2. Comparison of the detection effect of YOLO-AF with other models
% 2. YOLO-AF 5 H R BY A MHERELER

Model P (%) R (%) F1 (%) mAP (%) Average Detection Time (ms)
YOLOvV3 85.34 83.22 84.26 86.02 23.82
YOLOvA4-tiny 84.13 82.64 83.37 85.60 22.87
YOLOv4 84.87 82.75 83.80 85.44 23.04
YOLOV5s 86.45 83.39 84.89 87.91 18.91
YOLOv6 86.10 84.55 85.32 86.73 20.48
YOLOv7-tiny 88.24 83.57 85.84 88.32 18.54
YOLOv7 87.02 85.64 86.32 89.57 19.76
Ours 91.27 88.47 89.85 92.45 21.95

XTECEE SRR, AT R ORAE T 88w R RS B2, T ELi 2 17 S A I fE 245K . YOLO-AF
TEREE(P)s BRIZER). FL A (FL). LLECFIFE E (MAP) 437108 91.27%. 88.47%. 89.85%7F1 92.45%,
HOHA SR I SR A B . REAECE mAP JiTil, IAF T 92.45%, HEREESE. YOLO-AF fEh R MER I
DR T3 2 v HARAR AL, A I T S RS HS 2 2 TR ERAR 1 RAF (P47 . 8 AR (e U B[] 357 /)
T 25 ms, YOLO-AF ESRT- 1446 i 6] W = T YOLOV7-tiny (21.95 ms X} tb 18.54 ms), {EA7} i & S
PR, EIERNVERER A TOIET:, X PRGN T DA

4.4. HRASCLE

N T BRI YOLO-AF AU S R HER M AR AL R, #3047 7 2 AR S . fAS Sea# A A
RN ZSEFIA R R ST, 2008 SR80 1. O\ SE R UMLHIEEL, 28 2. Bk
BRI rdrop loss; 3256 3: ¥ F-MPConv #&8t; 256 4: B SE 3 & IHLI B H & i8N F-MPConv #
B, SZ86 5. WO\ SE 1 AL ER S50 F-MPConv K H R 2 45 2k B8 5 rdrop loss. VRl 6 i 45 S
W 3 fioR.

Table 3. Garbage heap dataset information
Fz 3. (HELSCIOZER

SER TS J7i%: MAP (%) R (%) Average Detection Time (ms)
0 Yolo v7 89.57 85.64 19.76
1 +SE 91.87 84.65 23.37
2 +rdrop loss 91.51 83.79 21.34
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3 +F-MPConv 92.04 87.56 22.45
4 +SE+ F-MPConv 92.26 86.46 22.63
5 +SE+rdrop loss+ F-MPConv 92.45 88.47 21.95

H# 3 fion, I 5IN SE RN, BAAMEREE PRI, mAP #2m % 91.87%, i 6T iEiE kT
TRL, A5 R0 248 B 0 Dy EE B AL, A B T3 T xR AN BERTE . (H 7 [ RIS 44 N B4 % 84.65%, 1M
Koy dar U BsF [B] 3G Jm 2 23.37 ms.

M R HE , mAP #E—BIREE 91.51%, 1B BIRISHIAKE 83.79%, M T 546 Wi a]
WA NN A 21.34 ms. X2 HH TR S R O R R I SGTEME LI ZRIFE A, S 800 T — L8 IEREAR 1
PR o GBI RS [ B, 5] NTE & 2% 1401 2k R B 2 iy ok — S8 B AR

I E A F-MPConv fi, BRI REAF 22 E 52T, mAP FIA [ 2653 Hilik F] 92.04%F1 87.56%, -
PRI (6] 22.45 ms. d@REfLG 2 RS BAGGR AL PERR I, (75 ASA BE f b gl B oy 3 1) 52 245
1k, fEfSMERE I A RS

I SE F1 F-MPConv #iH 2 S8 G, mAP RFLEEETH 2 92.26%, Recall 1A T[4 % 86.46%, -
BRI 18] 2 22.63 ms. SE VEE: IHLHIX T4 @k A — 2 # B, (H7E Recall A IIIHE L A 2GR 5200 o

[FIF 5N SEL A5 25 B EUN F-MPConv BEHUS, mAP fR¥FFE 92.45%, 1M Recall &4 E 2
88.47%, “FIIRIMIS A4 21.95 ms. FTLAFE H, 454 SE. MALHIH KRR F-MPConv #5idk, Bk i
FHAL T HEUERSE UG B 7T, ZREHIE TR 1 (ol B Rar I3k P82 PR AR A

4.5. EMBRITHRT

N THRIT YOLO-AF KM 55 YOLOVT BIRLAEAN M7 5t N (s R MR RE A 22 57, AUk ik
50 5RANA S5 AR HE B Jr ATk MUNAREE SRR 4 P MR 4 FTUAE Y, ARrillisk by SR HE
N 61 AR, 56 ANMEFI, 55 AN EIRIIEIRME, 58 MR ALK HE LA K 60 MRS A HE -
$ YOLO-AF 788 i AR 45 SR 5 R BAR e B g AT X e, T RAZE H, YOLO-AF BERLS 1 i) 5 (1
7 3 HE XA I 285 SR T IR AR AR

Table 4. Comparison results of the YOLO-AF model and YOLOV7 in the detection of garbage heaps under different types
2 4. YOLO-AF #8215 YOLOV7 ZEA R 2B T AR R KT EE 45 R

- P U e

75 A RN AR P o7 3 HE B =) EE) = 5% 0%)

iy YOOV 61 53 86.89 3 4.92

Ours 61 57 93.44 2 3.28

L YOLOV? 56 49 87.50 2 357

BB Ours 56 51 91.07 1 1.79

YOLOV? 58 51 87.93 3 5.17

HR ours 58 53 91.38 1 172

YOLOV? 56 48 85.71 4 7.14

Bkt Ours 56 52 92.86 1 1.79

- YOLOV? 60 50 83.33 5 8.33

B ours 60 54 90.00 2 3.33
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PR R FER B SR M RE, IRAIIERf A S T 90.00%, X+ YOLOV7 [ 83.33%FH & & H2 Tt .

X g BRI 7R 03k 5 1 Y OLOV7 BB AE AN [R) b S K 1 F B v ff i, g LA U A i 26 7 T
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Ytk o RPN T RE £ SRR . AR 50 b O A 45 ] 6 Fos .

Figure 6. Comparison of detection results: The first line is an example of YOLOV7 detection results. The second line is an
example of YOLO-AF detection results
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5. &
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