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Intelligent Garbage Classification Based on PP-PicoDet Technology

NI Wuguang, WANG Duola, ZHANG Zhuo

(College of Internet of Things Engineering, HohaiUniversity, Changzhou 213002, China)
Abstract: Currently. YOLOV5 series algorithm is often used for garbage classification target detection, the algorithm has the features of
low detection accuracy and detection speed for same parameters, and difficult to meet practical application requirements. A garbage classification

target detection application based on PP-PicoDet technology is researched, and this method is compared and analyzed with traditional garbage

classification target detection algorithms by experiments; The results show that the PP-PicoDet algorithm can achieve higher detection accuracy

and speed with less parameters, and it can meet the requirements of deployment on mobile devices.
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Model mAP™ (0.5) FPS

YOLOvV5_s_640 5 0.229 0.366 66 (0.5:0.95)

YOLOv5_1_640 9 0.251 0. 362 38 YOLOvV5_s_640 0.246 0.374 65
PP-PicoDet_s_320 2.9 0.454 0.573 120 YOLOv5_1_640 0.268 0.372 39
PP-PicoDet_m_320 3.2 0.557 0.661 126 PP-PicoDet_s_320 0.492 0. 606 129
PP-PicoDet_m_416 4.2 0.575 0. 681 105 PP-PicoDet_m_320 0.588 0.684 117
PP-PicoDet_1_640 10.4 0.475 0.578 43 PP-PicoDet_m_416 0.604 0.705 111

PP-PicoDet_1_640 0.505 0.606 45
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BB MU www. jsjclykz. com



%100

&), 4. 3T PP-PicoDet # AR 1Y

B e b sy 2k . 297 .

M F A% H AT LR B, YOLOVS 540 55 i 1 9 3 ik
BB, JF B R A X R AL, M Z R, PP-PicoDet
RYNVEARET (77 AP dy . vER SR, 3k sk S 40 A
IR FRIIESCRM E AL . Hidp, BRI PP-PicoDet _ m
_ 416 iy mAP (0.5: 0.95) {HF1 mAP (0.5) #ZF| T 0.6
b, BPE&KT, JIFEERNEE FES T 111 FPS,
FE SR A PP-PicoDet _ m _ 320 I A LT .

3.3. 4 SREREE R

2o LI RUE, AT LA AR LT H AT R W T 3 4
25 AR YOLOVS 23053, T PP-PicoDet f 57 3% 4
25 H bR A I 50 B % 6 55/ S8R I 0 SE IR v A
B ARG B . OF Hopdi > T IRt ] A b A Bl % 6
SRR RS Bl v B by 3R A3 2 AR R I R A R SR, T AR
1R B2 H AR R B AL R A RS I
4 AWK
4.1 BRERSGEITER

WA 8 iR, SRS 3 W RFER A A MySQL
B e . HARKGE . Python Flask fEZE . Fiui ol m .
H, MySQL %45 FE R F 0 2 MySQLS. 0 A<, HFake &
Wl LRSI 4R BT 5 . Flask fE 4L & Python o —Ffi & A
/NS o HE 4R ﬁﬁfﬁﬁﬁﬁféﬁﬁ HTML, CSS,. JavaScript
SR ST R AR TR F BT B JR T T R Y i UT
A EE Layui,

R 7y 2llk A7

[MySQLﬁﬁ%H Pyth%‘agla“ H S Laygéigu‘ﬁ' ]

K8 R fF R G BLTE

4.2 FIEHRERNSE

B ERRAEZE, B HTML., CSS. JavaScript = fft %
THEAEE . TR AT o UT A 4F 2 Layai 4. Hodr,
HTML &5 TR0 42 P BT 0 450 F N 25, 2 B T3 1 i
fili. CSSIBEF M TRAAMIEEN, @i CSSEF W LS
LT, 0 R85 & . JavaScript 1B W EHIE S
Ek L EA M, @it JavaScript 315 3 ] LLLE R BT AR 0
BRI N, WIS SR L. Layui 4 {45 & —
AN FE T 00 U6 25 i A SR, 1) A R IR AT S R T R
S L FHIE RS Web R a4 F, REAVFEHHB
Web 414, B4 2 & 50 Web H TR K.

HWR BRI HESE, R 2 Python 1 ) Flask fE%E,
— MR JIE RN AR HESE . B WSGT T E 44 2k A 1)
J& Werkzeug, ARG % 3% F /)& Jinja2, Werkzeug & |43
SR, HIJREHAE X S8 A, AL FEXT URL [ il 3% oK 19 46

. T H IR X RF Cookie, & iEE . 32 H 2 Javascript ik
MRS5S o Jinja2 FEARN AR DL 47 M B 40 A1 38 55 % 1 A A T
s AT R RGN B AT R . AH AT At [R] 248 70 HE 4
M, Flask HEALREAS &L U7 M 454 MVC JF &8, Tk
i, PREE. 2 HG TESR. [ Flask HE 4258 45 75 40 0 8]
LR FEE N Web RGEIT.

Flask HEZE TA/EEH A 9 s,

Request Call
WSGI Werkzeug - Application

Response Return

9 Flask #E 42 T {F J5 34 &

BT Sk A R e s AT o . WA 10 PR

llllﬂ Y E Y

o] Iugtn

K10 B RGIETT

4.3 RS EBRENE XN
i B FE 100 5K & 7 0T 4 A Ik 0 B 3 4 R 3k A7
SRS R AN 6 s .
F 6 FEALI LR R

Model Average detection time/ms
YOLOV5_s_640 421
YOLOv5_1 640 625
PP-PicoDet_s 320 52
PP-PicoDet_m_320 61
PP-PicoDet_m_416 83
PP-PicoDet_1_640 268
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