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Abstract

In recent years, garbage classification has become a hot topic of concern for the international com-
munity, and many countries have promoted garbage classification through scientific and technolog-
ical innovation. Proper garbage classification can improve the recycling rate of garbage, protect the
environment and save resources. In order to realize garbage classification effectively, this study de-
signs and develops a high-precision and lightweight object detection model for domestic garbage
classification. The technological innovation of this paper focuses on the key improvements of three
modules, SPPF-LSKA module, WaveletPool module and DynamicConv module, which are introduced
based on the YOLOv11n algorithm. First, by introducing the SPPF-LSKA module, the improved
YOLOv11n algorithm significantly improves the ability of the SPPF module to aggregate features at
multiple scales; second, we introduce the WaveletPool module, which applies wavelet filters to the
input feature maps and concatenates the results along the channel dimensions, which further re-
duces the redundancy and improves the recognition accuracy of the model; Finally, we introduce the
DynamicConv module for optimization, which enhances the model representation by dynamically
aggregating multiple convolutional kernels and can be easily integrated into existing CNN architec-
tures. SWD-YOLO is able to maintain its excellent performance at a low computational cost, which
significantly improves the model recognition efficiency. Experimental results show that SWD-YOLO
has almost the same number of parameters compared to YOLOv11n, the computational effort is re-
duced by 14%, and the average accuracy (mAP@50) is improved by 2.4%. The improved garbage
classification detection model not only improves the average accuracy, but also realizes the light-
weight of the model, which ensures high operational efficiency.
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Figure 1. YOLOvVI11 network structure diagram
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Figure 2. SWD-YOLO modeling framework
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Figure 3. LSKA structure diagram
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Figure 6. Dynamic convolutional module framework
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W 7 s o BN IERCER R TR ], JEA 45 SRR AE i 4R R K . WaveletPool JZ£E PyTorch
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Figure 7. WaveletPool module framework
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SEIGHIERTE R S8 /E Windows 11 VR, ALFELESE 15 vCPU Intel(R) Xeon(R) Platinum 8362 CPU @
2.80 GHz, 21T W47/ 24 GB, GPU fi% & RTX 3090, SZ56 /& 7E PyTorch 1.11.0 ¥~ >JHESE, Cudall.3
20K, AN Python A2 3.8, IIZ5S%: batch size X E N 16, epoch B E N 200, HIEh>I%H N 0.01,
BAEESIRN 0.01, SN BRI/ E N4 640 x 640, A TG EM, HAbSHOABRIME.
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Figure 8. Classification of data sets
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4.3. FiERR
SR THE R R B4 %M mean Average Precision(mAP@SO0)/E ALK PPN FE AR . Horfr,
mAP@50 FHFEFE P HIEE 4% R iHHARH .

¥ PoA:
TP
" TP+FP “)
BEEERN:
TP
k= TP+FN )
mAP@50 A :
AP = [ PdR ()
mAP @50 = lZn:AP,. (7)
n

o TP AW IERGIBH MR AS, FP ONAR RIS BIIAEASL, FN NIBRIRAIFEASE, AP AHKE P M
R SIS TR B2 AR mAP NATE AP B FME, mAP@S0 Y i Ram L1255 . 2 mAP@S0 5
R, X MR R I 2R R A

4.4. HRESELE

AL R YOLOV] In A AURT SWD-YOLO 7E ki FE R R FF I S EORA . W 1 a R HEE
T M 45147 SPPF-LSKA it 2 5, HAY PS4 E M FLOPS JEA 5 A —5, mAP@S0 f 1.3%
Tt . TEHE1T WaveletPool BRI 2 J5, BRI ZHESIR T 0.5M, FLOPS #ik/> T 1G, mAP@50
B 1.7%M3 Tt 7E3E47 56 DynamicConv SRl 2 5, B SHERAIGK, THRE4 7 0.3G,
mAP@50 A 1.3%M4& Tt o AL (1 DY A2 1 350 73 Hicts B8 T AAG s B A ] 9 Bz, ABE7RY s iy e Al
R E I E 10 Frow.

Table 1. Ablation experiment
= 1. JHR I

YOLOvlIn

SPPF-LSKA v v v

WaveletPool \ \ \/

DynamicConv \ \
Parameters/M 2.6 2.8 2.1 3.1 2.4 33
FLOPs/G 6.4 6.5 5.4 6.1 5.6 5.5
mAP@50/% 85.3 86.6 87.0 86.6 87.5 87.7
P/% 83.9 85.6 85.0 83.8 84.4 85.6
R/% 78.6 79.9 80.9 81.9 79.7 81.0
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Figure 9. Example of SWD-YOLO detection visualization
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Figure 10. Detection effect before and after improvement

& 10. BuARIRERMER

SRJ5, 1E SPPF-LSKA FEHLHE A I, SLIGRALA T WaveletPool F5EHLFH SR E B! 3= 170 B R
FEEFER 0, BRI SHESN T 0.2M, FLOPS iy | R A1) 0.8G, i H7ERAL 25 (0 % B g i) 3
fit b, S5EEAAEL, mAP@S0 & 2.2%M3ET.

TERT PRG3R |, SREG AR S T DynamicConv fREBUSREGERIA ) R REEH T, BANSHE
WA 1IN, FLOPS 45k 1 0.9G, #f—C#FHE A s, S0 S B AK T B I S5 R 5
&, HE5FEBEAMIL, mAP@S0 H 2.4%HI5E . HAMER SRR, HH%, mAP@S0 #iA A FFEEE
B, Wdk 1R,

R, ASSZ6 R A = IRB R Eh A ok, X3 T AR KA B E R EAN B, NGt )G
B mAPSO A R E T, PrbL, ASCRHIERER, Sk SWD-YOLO AL if bl 7y R AL
T HR 5 HAE 5

4.5. FREFRIRIH HEARAY IR L SL I
N T IE B HE A P SE AR A5 RAN VR, BA D PSR A 3% B3R KT 40 L (mAP@50), #%5Z (P) A& 4%
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(R)— BRIV T bR AT T VR4 B0 L S5

Xt 2155 £ (mAP@50), 7E SPPF-LSKA, WaveletPool Al DynamicConv = /™ Bt i #7 ¥ i 2
YOLOvIIn WM& REd, A FBIR AR BIRE N 90.4% T3 92.7%, ~FERGESRm T 2.3%. 5
RBLIR RIS N 80.4% L TH3 82.7, ~FEREEEIR & 1 2.3%. HABS I F 1R A BN 84.9%
FTHENT 88.3%, PR E T 3.4%, & VUSRI B E EEIK E m . mT Rl 3R P
BIEOIHREFE 85.6% EF+H 86.9%, “PIIKEFESEE T 1.3%, L4 R+ 2 .

Table 2. Comparison of average accuracy of four types of household waste before and after improvement

= 2. BUARI RIS SRR ARG B XTEE

YOLOvlin
SPPF-LSKA Y \ V
WaveletPool R

DynamicConv Y
A ELI(AP/%) 90.4 90.7 90.2 90.0 90.1 92.7
JB 43 B2 3% (AP/%) 80.4 81.6 81.8 80.0 81.7 82.7
HoAth 17 32 (AP/%) 84.9 88.4 89.7 87.6 91.4 88.3
A] [B] Yz K (AP/%) 85.6 85.5 86.3 88.7 86.5 86.9

XHFAEE P, 7F SPPF-LSKA, WaveletPool A1 DynamicConv = /MEHGZEET A ME] YOLOvV1 In 2% 1)
R A B REE N 89.5% b T+ £1 90.2%, K FEHR 51 T 0.7% . J5 R B3R AFIAE M 92.1% 1 TF 51 94.3%,
FEIESRm T 2.2%. HABSIIRIREE 70.9% LT3 T 72.4%, KSR T 1.5%. ARSI RS B2
83.2% L T1 3 85.5%, FEFEESEE 1 2.3%, SKEREE R WL 3 P,

Table 3. Comparison of accuracy rates for four types of household waste before and after improvement

3. BUERIEIEAERIREEE T

YOLOvlin

SPPF-LSKA % \ %

WaveletPool R R N

DynamicConv \ \
BHEDIR(P/%) 89.5 88.7 86.8 87.1 86.7 90.2
JB AR B (P/%) 92.1 92.0 93.3 88.9 90.1 94.3
FAbIL(P/%) 70.9 71.5 77.2 75.8 77.1 72.4
AT A e k7 3 (P %) 83.2 84.2 82.5 83.4 83.8 85.5

X F# 4% R, #£ SPPF-LSKA, WaveletPool 1 DynamicConv = /MEHLZH R INF] YOLOvV1 1n %%
AR, AHEIRMEEFMN 79.1% T3] 85.6%, AAERKIEF T 6.5%, & VUt B A 4 R K
Bl BEREIRKI AR 65.6% ETFE] 67.5%, AR T 1.9%. HALR KA 4R M 91.7%
FFET 92.5%, EARERS T 0.8%. AT [FIh R A 42N 78.0% FFFE] 78.3%, BARIER T 0.3%,
SIS LE RN 4 FOR.
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Table 4. Comparison of the four types of household waste checking rates before and after improvement

4. BUERIREEERIRME S E I

SPPF-LSKA
WaveletPool
DynamicConv
BHERIR(RI%)
o ARBL IR/ %)
H AR (R/%)
AT [ 3 (R/%)

79.1
65.6
91.7
78.0

YOLOvlIn
N
N
79.0 81.4
67.6 67.4
94.2 94.2
78.9 80.5

N
81.0
71.5
92.5
82.5

80.2
67.6
94.2
76.7

N

N

N
85.6
67.5
92.5
78.3

R AR TE DR P FR AR O VEENS B SR SG,  ASHEAR LA S 6 R ] = I i, AERE 2R
IEBLR I T LG B (mAP@S0), FEEE(P)YME AR (R)— R FIPFIN fiabs E VA3 BB IO CR . IE, A
SRR B R RS B SWD-YOLO AR 3% B8l 73 EBRLE F T Bl 23 B4 55 .

4.6. AEIEBZ ERIFFEL RS

AT PRREENEY, RFFEARRAE AR, K FA S b SER L. X B iR
%% 8SD, YOLOv3, YOLOvS5s, YOLOvSm, YOLOv6n, YOLOv6s, YOLOv8n, YOLOv1Om. Hif

A HE SR BE I fiads,  HRARE R 2 B

A5 R LAE H, YOLOV3 (1T 5 E S50 E 2 5 K1, 43 515 87.5 GFLOPS #1 67.5M, YOLOVSs.
YOLOv5m. YOLOv6n. YOLOv6s. YOLOvSn Al YOLOvIOm (IS HEM I HEWMREE ST THE R, &
SEAERHERE (R E A . kA, SSD 52 AT YOLO R AT FE AR LK, A SWD-YOLO i
BERLR, SEARILE] 3.3M, HEEWRMRILT] T 5.5GFLOPS, ¥k ik 87.7%. AME H, A8
HERAY SWD-YOLO 5 H AR AR L3RG BEL S 2, fES B EFME ARG MR ER AL,
X ERB TR AN G BRI, AT TR H B AR Y IE FH T SR B LR S AR T B IR A A AT 55

Table 5. Comparative experiments with different algorithms

5. NEHEERIXT LS

(=7 it Parameters/M FLOPs/G mAP@50/%
SSD 24.4 30.7 75.6
YOLOV3 67.5 87.5 78.9
YOLOV5s 7.0 15.8 84.3
YOLOvV5m 21.5 49.7 85.9
YOLOv6n 4.8 11.6 81.4
YOLOV6s 17.2 44.1 83.8
YOLOvVSn 35 8.9 85.2
YOLOvV10m 15.7 59.8 84.8
SWD-YOLO 33 5.5 87.7

5. &hig

AICHEET YOLOVI In W%, ootk 7 ARG o RPN %, TEF 1 AR 57 3 7y 250 00 ks B2 131
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M F R, fEe 7 AFBIGRM RO . H5G, i 512 SPPF-LSKA #ik, ffkit/5 ) YOLOv1In
BESR TR R B R AT SR, MR 1O AN [F RN B R R IR ROR s R, RATEINT
WaveletPool B BEATHE— B0, B3E IR TS EE M HE, &7 VBRI, &5, &
fi15I N\ DynamicConv #BHBEATILI, D RRAK 7 I0AR, T THRRNRARGE .. G558, Akt
R SRR AN R B 2 PRI B LT, 18 7 PR EmAP@S0). fEARK, MFEEEMN SWD-
YOLO Y (10 7 FH A 45 A 3 12 3 o A SN R fEHE AL 5F . MEAh, SWD-YOLO HERLLE FEAR 1 Al
PEE SRR S RA A b, AR 11 20K P SRR A7 BT 320 B 3l 3 SR AR B A R e ALK
S DAMRA ARSI . AR T LA 2 R A R R s 8 27 > S — S Tk PRI RS2 IR,
FATEGHE (VA ROZIE A — E T RIS T A5 18], RORAY B3 2 BT FUE I B BAT AT 3
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