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Research on intelligent classification of medical waste
based on an improved MobileNetV2 model
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Abstract: With the increasing demand for healthcare services, the volume of medical waste generation has gradually exceeded
capacity. Currently, the classification and packaging of medical waste primarily rely on manual operations, which pose high risks of
viral infections for healthcare workers and result in low efficiency. To address these challenges, this study proposes an improved
MobileNetV2-based intelligent classification model for medical waste ( MobileNetV2-MW ). By enhancing the bottleneck residual
module, the model captures relationships between different feature channels, improving its feature extraction capability for image
data. Furthermore, a multi—scale feature fusion module is introduced to enhance the model s adaptability to multi—scale image
information, avoiding the adverse effects of overemphasizing specific scales. Experimental results show that the MobileNetV2-MW
model achieves a classification accuracy, precision, recall, and F1 - Score of 95. 38%, 95. 36%, 95. 33%, and 95. 30%,
respectively, on the medical waste image dataset. These represent improvements of 3. 18%, 3.05%, 3.23%, and 3.21% over the
baseline MobileNetV2 model. The proposed model demonstrates superior classification performance compared to other models.
Finally, t—SNE visualization analysis and generalization experiments further validate the effectiveness of the model, offering new
insights and methods for intelligent medical waste classification research.

Key words: intelligent classification of medical waste; image processing; MobileNetV2; feature extraction; multi—scale feature

fusion; deep learning

EEWME . ERERPHIETI H (2018AAA0102100) ; FEIRK A RBIARLETF LA (62402180) 5 1RG4 FIARRI2A 3L 475 4R 3L 42 (2024106338 ) 5 1R
e o S R E TS H (HNTG—20230527) 5 2023 4RI T B2 K2 Emi g e AL RHIFRHIE H (2023CX134) .

EE B EAA(2001—) 5 LW AE  EREBFOT 7 1) - B 2 PRMQA B, DR BE 2 ) 5 9 (1977—) , &, U2, L AR i, E 2058 5
1) HEHLLSE  BLES 2 ) | T R R

WISMEE: XM (1982—) , Lo 1+ 208, HEB 57 1) . b BB I R P 3R S35 R 88, S92 8 5 IR &k 81, A T4 8., Email : liuliu@
hnucm. edu. cn,,

WA 2024-12-12 VY ETEE I s AT 5 & A




2 o i w5 MM

ERRES

0 51 §

BEI7 IR Y ( Medical Waste, MW ) FEE F24: H &
IT PR ST SIS Bl LS T R AL YL B
B AT Y 55, 45 NS AT R K S
B B T A RS BRI &R R IT R
o AR ARG I, AR B R DA fg R 5
2024 4F 1 ~4 2 EEIT IS EdE , 2 E EIT DAL
FRYIZIT AR E BT 25 12, IR 3 15. 9%, bl
ZREE KRBT IRY) B IR b B R
FE2E O3 AR AR I B A A AL D o
KRR Te B DI 2 b B BT R
BIRE T SREAT RO W 43 2 P I N T AR B
I IBOCR IR I N 5L % 7 IR A o 5 kA%
YL RO T B T A AR 45 A ) R RS K R
BT, SIS IR Y R4y 20 A
AR T R () G R T B — |

LA, Bl TR B 2 ) BRI s Wl e | 6 B ph
£ M #% ( Convolutional Neural Network , CNN) [& & H
SRR 2% 2] BE 1R 2R I Dy BB 3% A5 1 R 7 AL
MAEDT A ARIE F AL E A4, H AT, 7R BT R
W RE S AT, 5 FR 22 19 2% 119 AF S BIF 5 AN 1R 97
PR, WREVR I T —FRIET BP M2 M4 A BE YT R
Yoy SRR AR AL B X B R W R AT A RGN 43
%, Chen %524 F M BT —F 4 4 R3D+C2D )
BB A 22 R 25 AR BT X 4 b BT IR W i 402
HER R K F] 79. 99%, Cai %F2¢# Y BT YOLO -
ResNet18 TR F WAL B it T —Fh R T HLES A0 o
MR BEEIT IR A R ARG, % R G 7 IR W v 2K
B A 5 90% ., Mythili 45 2% F 0 4 1 T — Ff
EnSegNet—DNN-TC #i5 X}k 5 7 3% G K 42
ARIRZEHIH 100 5i A 4 B2 24 B RS A7 R0, e
WRILF T 88% ., Zhou 25224 " FIH] ResNeXt #5
TR 22 0 4 FNAT RS 24 2, 78 3 480 5K 1% b a5k
BT 8 FhEEIT IR 0 e R 2 I A ER RN
97.2% . 155 B AR RN 2 28 (1 BE 7 R WV B 42
e PR R (R R (BRI oy N 4 € I S N
TR R A I 25 F 1A 0 B % 5 A FR A 1 0
TMELATH SRR EE S S 1R L AN, B B T A
FHEHESE M Y7 IR R 2 d /> REARRRAE 2 & B
i, FEANZ L RE 1525

BEXT R (A 8E, AR GE 2 T — Rl T e
BT L R 2% MobileNetV2 12T & W) e 43
A TR N MobileNetV2-MW A B 5% 19 3= % 5t

[IVSELT NN

(1) iz IR 25 E BB A T # it 6 000 5K K
Fr i 10 SR IR PGB 2 , nl 2 R T BT
IR EGTE . R, X Een 4R AT B o,
FEARFAE , 32 I 2R )32 A RE ) R A

(2) 38 i S L S0 2 M A Al e i A TR
PGPSR RS AR T 2 18] R 5 2R | $2 T 0t RGO B A
A5 SIS AR BE ST .

(3) 35 51 A 22 RUBE Rk fil 5 1 5 e £ AL 0T
Ao E SR B — B — SRR B 9 7 () AT, 8 T A TR
XS 2 S HIE N RETT .

(4) BT BT RV R GRS 0T SR 07T, 38
TV RS IR A 2 LR A R, O 5 et i A
M LA R HEATRS L SC, AR BT ek R, A
BRI A GRS IZ AR ), AT i i 1-SNE
ARG IR A A IFAE 2 AR R A B3
AREARE EITZACSRR . SCRATRR I A5
et BRI 22 IR AR b L AR B HAT S 4 T 89
PERE Bk TR B A R, O BT IR MR BE A2
PRt T — R A BOR BB AT 1

1 BIEERIE AL E

1.1 HHEEIRE

AT S BB R 255 — B @ R B 2019 4
SR BT IR G AR A, e 1 B MR 2
SRS AR Ry D TR BT ATAR
5YJ] 10 Fhi HBEIT IR M #E4T 93 058, AWFoEiz
FHMZ M AR R S Bl T R S 7 % 4 P A%
MIES5 . 10 REIT YR GRS E 1 iR

() TE (b) Mi% () 250 (d) FEATER (o) BMIRAY

0 fngiss (o) DA hFE  OBT () TAN

1 10 XEF R REIES

Fig. 1 Example images of 10 categories of medical waste
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Table 1 Dataset category and corresponding sample size
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Fig. 2 MobileNetV2-MW network architecture
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Table 2 Ablation results %
LAY Accuracy Precision Recall F1 - Score
MobileNetV2 92.20 92.31 92.10 92.09
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Table 3 Comparison of experimental results
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Fig. 4 Comparison of improvements in MobileNetV2—-MW confusion matrices
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Fig. 5 Visualization results of t—SNE for each model
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Table 4 Test performance of different network models on 2 datasets %
Dataset Model Accuracy Precision Recall F1 - Score
Drinking Waste 2! LeNet 56.25 56. 17 55.24 55.50
AlexNet 83.96 83.98 83. 85 83. 89
ResNet50 91.46 91.98 91.19 91.46
MobileNetV2 90. 62 90. 80 90. 35 90. 51
MobileNetV3 91.67 92.29 91.48 91.69
ShuffleNetV2 86. 04 86. 19 85.75 85.94
ConvNeXt 42.50 42.23 40. 07 39. 66
MobileNetV2-MW ( A 3Z ) 92.92 92.79 92. 60 92. 68
Waste Classification datal?] LeNet 77. 64 78. 88 76.08 76.47
AlexNet 80. 06 81.70 78.51 79.00
ResNet50 83.25 84.73 81.91 82.47
MobileNetV2 80. 58 81.85 79. 19 79. 67
MobileNetV3 81.89 83.92 80. 32 80. 89
ShuffleNetV2 81.70 82.18 80. 72 81.10
ConvNeXt 80. 50 80. 83 79.55 79. 89
MobileNetV2—-MW ( <32 ) 83.57 85.05 82.25 82.81
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TR )R RE Sy Y MobileNetV2-MW i i o 2
V3 =y B i 7 NI BB el 1 L ST P L S
WLt R 45 B 2200 B ek o e S AR 11T 3 3 14 [
A, AT 4 1 2 2R HERf R, AR, BIA RFB-s Z R
FERFIE RSB 3 BT I W A A TR RUBE - () 4
THVRRE S AR T B G T R — e U, DT
SR RIVZ AL AE F1 . MobileNetV2-MW A A1 5 T
BT W) o AT 55 e I, R AT B/ N S8
5N LA R IFTE (-SNE 7] AL 438 iz 4 52
5 b R AR ARz AL RE T S R . BFITR
T8 s R Y e B 48 | (DA A A B A
JEFBCRE 0 AN g 1 ) R, B A T S A 77 b
REJIRIUERAME . UL, AR MBI 9 0] DL 4k 2k 45 T 5K
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B 28 RGP I AT )2 B RHIE
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