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Artificial Intelligence-Driven Intelligent Identification of Hazardous (Medical) Waste: Advances and Future Perspectives Based

on Multi-Source Data. ZOU Hui-huang ', HE Pin-jing "2, LYU Fan ', PENG Wei ', ZHANG Hua "2*(1.College of Environmental Science and Engineering,

Tongji University, Shanghai 200092; China; 2.Shanghai Institute of Pollution Control and Ecological Security, Shanghai 200092, China).

Abstract: Efficient identification of hazardous waste (medical waste) is a critical step in its treatment, disposal, resource utilization,

and risk management. Traditional detection methods rely heavily on manual operations and destructive analysis, making it difficult to

meet the demands of intelligent and real-time monitoring. In recent years, Al-driven technologies such as image recognition and

spectroscopy have been increasingly applied in solid waste identification, advancing the development of non-destructive, high-

throughput intelligent recognition systems for hazardous waste. This review systematically summarizes the current progress in Al-

based intelligent identification of hazardous (medical) waste driven by data. It covers general principles for Al and spectroscopic data

modeling, and analyzes key challenges including data acquisition, label imbalance, model generalization, and interpretability. Future

research directions are proposed, such as Al-assisted spectral modeling, transfer learning, multimodal data fusion, and machine

learning-based modeling of spectrum—structure—property relationships. This review aims to provide a comprehensive reference for the

intelligent recognition and management of hazardous (medical) waste, promoting practical applications in waste treatment, resource

recovery, and intelligent monitoring.
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Fig. 1 Workflow of Spectral Data Modeling

3 felEYI(ETT R 1) & RE IR A E IR I 5 Hhik

SRR EE T N T8 RE M fE I R R 7 e
PR E P T LA A T R (LA S B B
IR 1 2 k. ABLTR LA TR EL 1 24 A7
1R 25 B ]

3.1 Bd RIS WA $4g 1 P [

CRITIRY) TRIR PRI TRA LGRS e s
PR AE S SRIBURUDR R bR I T N 2 25 R MO
TWRAR AF . AL SR R R T, 5
PR BA M 2 W AR TG T
BEAT A G R XX HAR R R RENT %
WP BB T 5 e AR AR BRI 7 A o PR ) T
RIBEAEA BRI ML o FL U0 SE [ PR A B e
R BES AR EF A6 EALY, 35
PR R YINZRT BUR 5 77 A2 SR AS 17 ) L, R i Ao Y
I IR G ACRE T o AIFEAS, W dE R U R R
I R S S 52 PR T 0308 o R AR A B
FA T o PRSI, B Z T e o B AR T B 2 45
HHSRBIE FEAEAE MR A B 22 s m /R A S 5, Xk DA
— VPG AR, BELAS SRR HE AN EL T FT RO IT g

3.2 MERLZ AL SRRl i b ik

JE A T I 2 SR S R A
SEIG = A T AR T B R R (H AR SERR R
BT Rz AR BRI AP AE B2 2 . SE R R AAN
B2 77 B BB AR Tl 2R G0 T W 224 22 28 R 30 85
R AR AR AL . R B RAREL TR S M
AR A A8 100 T e [R] 3 15 T e AR AR ) R B 0
A E T, S BORE R TERE T . AR I T
LT H AR R KM T B S
PERESRAIE, BAIL 1 S B &1 2 3 55 rh PR 358 DR 300 1B 4%
RAIESR U 2 R A p i ma ), R SR A8 vh

SR P T L7 B S8 A 9 7 2055
P SRR B Z IR 553 2R P o LA, I R G
BIEWRBNR RGO, SR
SR A 2V B UK R 7 5% FE IR
Sl R T S AR 38 7).

3.3 AT R

JUE N a5 IR 15 2 AL 5P IS T R
PEREFETH (L “ TBAR” RRPEIR 2R 2R T ORTE
O )RR — o AP AR AN R A R A R
AT {5 JEE B B R 0], B S W7 HL 2 71 L AR 22 2
B 7 HATY B B T SR SR B O SRR A I B 1Y)
R CoARHETT SRTI, H 1l 2 Zoiik 0 5 O 2 TR R 2
BTN 45 R 1) S22 B, 1 50/ PR N AR AR R P S ) o
SEATL I A5 W R, 7 EEL A 2 7 R RAE BT IR
S5 AUz 3757 R R N o DAL IR, B ASEASE AR 7 00t 4R
RO, B ICE M Or 3 2] BRI R AT b m]
ISR S 7R R BB
B BURT BE XS L RE o S A 2, L R A A TR e AR
T BB AN ] R AR DA SRR AT 23 98, T 3 2L
TERE PR RSO0 SRR RO RIT 7 R 75 85 P AR A
BARBATIRN 3 W1 5 Y5E

3.4 HlE B 1R

FOGHE . P2 S X M B S BORAE G
PRIV S0l v R B B0 g, AR e 4 R e £
SR RS A R AR ) 5 HE B A AR ) TR AR
THRESR . SRR A HE— D I TR S
FE ) S 2 A T B A 4H R T LA 3 5 i 75 BIUR
NACF & B R o AR, AT S w4 1 A
T AR AR K5 Ik 4 B M A 41 R 54 ARy i, A
W5 R GBI SIS TR

4 T EHRER B R (ETT V) IR A TS

4.1 FT N GE S 6 Bk S il a AT 7t

W T fE R R ()T IR YDA FhRAML
AL B B R A T BRI fE R R (1=
TT IR B BE N B AT AL T W1 R R I B DA F
T0 2 BEAE T B — 2 B AR S A R B RIAT 551,
AR S GRS R (BT IRV AE % FOL



B AW AR 1) AN T 2 R 2 v R KRN
e e T e PEAE EREAHEIE . I 4 & 2 0
WA ST R 7 M AT PR (i
L2977 R0 28) 5 58 B RE (0 & 5 IR A R 70 IR P At
SRR R ARR KB TS . HIINLE 3] 5%
ik TR, AT B s 56 Hdis 4230 R e 2
Iy OG5 ) 5 5 LR P 1) R A 4R TR R 2R TR
B R b R ) R RE

ST AT R A A R 2 AL RE DA 2 AT A
T B S AT) A 5 FL T FE A 5 S I ) B R
01, )ik AN [ AR B ARAE SRR R 20 5 (I
FHRAT S+ FF T 7 0T ) 2 I S 11 68 P A 3 8 1
RN I . LA IFBOE 10 fE 8 R 6 1 2
3 P o B AN AT A 5 R A BB A ST AR T - 1%
B 2 AT TR 25 5 68 L PP Al 38 T DR S8
B B FH 37 55 mh AR R e 4R 1 TR 1 2 5 FE AR,
A BT HESh fE I IR SR A R R s I S
BREME o AR TN S % 2 I8P 1B 1R R %
OLSEIR BN (K SE R G R, N e I IR W i 4 i e
BREE BRI IR

=]

X

4.2 IER A ARSI R (BT IR ) IR 5w A S

Pl T i e 0 ) PR AR B b
VA, 0 MO B AT R, LA 7 b 2 R 44 1
S SRR A B 5 4 2 31 4% K B T A5 B A
5B A 5 AL RS IS . FER 2SIy
000N RE AR 25 31 SN 1) B 5§25 B 1k B
SR 2 AT AR (I TmageNet. 1522 1% P %) |-
T 2 0 00720 558 0 5 R 3 2 s B e
SRR 2% et B 25 TP B . 45 28
SRR 5 IE WA SR, T — S5 SR ARBR AR T
PRSI M),

BRI, T 5 A (a2 6 = PR 17 S o 2
KIM5) 5 AR 55 (A0 R . 73 E0)IER J7 T AT
FEATTE A BRI RS T HE— 35 SRR U 8 R
XHTUEIE A% 0 46 55 e 2 SRS, LASR THE Y 7 22 R AL
Wy s IE R SR . AN S G — KA
MR R S IO R BT & K N fE ks R )
BRSNS I S B 5 VA S

4.3 ZREREITIERIBTT

ARG A FL i A N 3 5 HST AT PAZREX
FORHI 7 745 BAN T B HOE T+ R I AE
2 TV I AEZHOR I 7B IR LA 22 oK K 2,
SX PR X S B R4 1A S 4 R R i BRI, (AR
T 52 H5 45 RAN 2 CLUE 5 S 6 PR 4 B 1 (1 AL A
JifE 8. LIBS BRSSO RAR T R R
B0 8 5 B TR R E e, T BLIRECAS
(1R L 4 P9 BT B (A AR R L PR A1) X AR 2 Al
AT LASREC) 1A 3 8 1 AR 2 260 A PR 2 i BOR (B HL
TEAESRIR L2245 R

RS A BOR, B AFDCE AR 4L & A
8, AN IR 1) 22 A 25 e it & B, AT DA 42 07 T SR
RHRRFIESS B0, il 45 & ek i 2 S HR Rl &
JTEVT 0] 3k — 35 SR MUAN [R) RUBE i 2 45 U2 T 3 e
SE PEAIE B 43 B 48 AL AR VE FIRS e o X T35 A
R B EIT IR R B, 75 45 & BATIE I B ThRE )
HLEALGE TR, T A e TE 1R AT f 6 PR ) = 4 AL
5 R B VU B R 5 T Rt LR R R

4.4 FETHLEE%SIH QSAR/QSPR HEAI M 55
P T

T, 76 B 2 40 (¥ 2 B ME VP A 2 40 T 3h
SRR, 5560 8 WK FLRAS i, 0 L 55 RBIT A AL
AR AT I H 4R R R 2
SR AR KRR I ME CATRCH PP L LS sg Mg . [
ik, A 3 5 T LA A o0 1) B M E A S O R
(QSAR)5 5 5 45 1) - 14 J7 6 = (QSPR) A5 AL 178 791, i
K S FE B B v SRR 2 A R I L S b L A
e S5 B AL T, SR B VT A 20 5 R M (T
FE.

b6 A& 2215 B 5 5 B 4 W 2% (Graph Neural
Networks, GNN)H A ] & 8, GNN iz 82 3 FH T4
25 R R T il A A3 b SR R TR ) L A
(AP ARE SIERETr3 N MR il BT =B/ RS T P S
ZB, GNN LAY A] SIHI 6 45 48 A AT BT 23 O N K
W 2E. 3 1 25 VAR T PN 7E AL 2 S5 4 S T B AR AR
R ] f et 5z fRe /1B,



BRSNS B AL HEELRE RS A 6 0
A7 R B0 P55 3 U v, T X i 5 R AT R e
VK, i B SEBUR G TSR IVIL HIE . ARG
BRI v 1 6 PR AU PP A 1 B ALKkt B
NIEVIYHE LA AL B R R it R RO SRS Fr

5 ZEip

ARG T IR T N TR e 1 2R
X Bl 7 VR A [ AR ER A R ) AT R F Tt B TR
BIGIR JEiE T el s S X R AR S
VOINEOR . H LR T fE R R (B 7 IR 4) 7 T
RETRA BT AT B N sk =, /5 2R Sy HES N T8 RESS
T B BARAESER Y (B=T7 R & B IR 57 T
MW, FEARKEEIRI, A ARE ST T BT
i oR 5 AR S U R N R RETR L N G [
PR ST R A0) VR ) U 5 2 T W b e o

T ) AR, N T RiE 5 0 T/ o 3 4% 2 Y3 1)
RS TS I M s iE bt . 2R
5 QSAR/QSPR ML GI N K5 NI Ik
(=TT IR R e R B AL I mT e . s e STy
JR AR DR BRAT o RN B REVR FL IR N IR BE SRR,
ABUINIE T &R IR 5 5 4k B iR R AL 7,
N SE B BT 6 B BUAC A AT 2 34 J5E XU Bl 478 42 43
TRLETER AR

SEH:

[1] A NRILATE ARSI, 2023 4 op E A S HES T ER.
Jent: A N RILATE A S IR[I]. 2024,

[2] Huber F, Blasenbauer D, Mallow O, et al. Thermal co-treatment of
combustible hazardous waste and waste incineration fly ash in a
rotary kiln [J]. Waste Management, 2016, 58: 181-90.

[3] Vrancken C, Longhurst P J, Wagland S T. Critical review of real-
time methods for solid waste characterisation: Informing material
recovery and fuel production [J]. Waste Management, 2017, 61: 40-
57.

[4] Jia Y X, Chen X, Wang M, et al. A win-win strategy for the
reclamation of waste acid and conversion of organic acid by a
modified and Purification

electrodialysis [J]. Separation

Technology, 2016, 171: 11-6.

[5] Sterkens W, Diaz Romero D, Goedemé T, et al. Detection and
recognition of batteries on X-Ray images of waste electrical and
electronic equipment using deep learning [J]. Resources,
Conservation and Recycling, 2021, 168: 105246.

[6] Lan DY, Zhang H, Wu T W, et al. Repercussions of clinical waste
co-incineration in municipal solid waste incinerator during
COVID-19 pandemic [J]. Journal of Hazardous Materials, 2022,
423:127144.

[7] Neuwahl F C G, Gémez Benavides J, Holbrook S, Roudier S. Best
Available Techniques (BAT) reference document for waste
incineration: industrial emissions directive 2010/75/EU (Integrated
Pollution Prevention and Control) [J]. JRC Science for Policy
Report, 2019.

[8] Long Y'Y, HuY, Wang HY, et al. Effective disposal of hazardous
waste from non-ferrous waste recycling through thermal treatment
[J]. Journal of Cleaner Production, 2024, 434: 140004.

[9] Teng J, Shi Y, Liu Z H, et al. Rapid identification of hazardous
heavy metal-containing waste by combining EDXRF with machine
learning: Taking zinc smelting waste as an example [J]. Resources,
Conservation and Recycling, 2023, 198: 107155.

[10] YangJ, XuY P, Chen P, et al. Combining spectroscopy and machine
learning for rapid identification of plastic waste: Recent
developments and future prospects [J]. Journal of Cleaner
Production, 2023, 431: 139771.

[11] Mishra P, Passos D, Marini F, et al. Deep learning for near-infrared
spectral data modelling: Hypes and benefits [J]. TrAC Trends in
Analytical Chemistry, 2022, 157: 116804.

[12] Ren T, Li Y, Wang X, et al. Portable pyrolysis-point discharge
optical spectrometer for in situ plastic polymer identification by
coupling with machine learning [J]. Environmental Science &
Technology, 2024, 58(5): 2554-63.

[13] Lan DY, He PJ, Qi Y P, et al. Optimizing the Quality of Machine
Learning for Identifying the Share of Biogenic and Fossil Carbon
in Solid Waste [J]. Analytical Chemistry, 2023, 95(9): 4412-20.

[14] Wu T W, Zhang H, Peng W, et al. Applications of convolutional
neural networks for intelligent waste identification and recycling: A
review [J]. Resources, Conservation and Recycling, 2023, 190:
106813.

[15] Zou H H, He P J, Peng W, et al. Rapid detection of colored and
colorless macro- and micro-plastics in complex environment via

near-infrared spectroscopy and machine learning [J]. Journal of



Environmental Sciences, 2025, 147: 512-22.

[16] Jayaprakash V, You J B, Kanike C, et al. Determination of trace
organic contaminant concentration via machine classification of
surface-enhanced raman spectra [J]. Environmental Science &
Technology, 2024, 58(35): 15619-28.

[17] Mikeld M, Rissanen M, Sixta H. Machine vision estimates the
polyester content in recyclable waste textiles [J]. Resources,
Conservation and Recycling, 2020, 161: 105007.

[18] Michel AP M, Morrison A E, Preston V L, et al. Rapid Identification
of Marine Plastic Debris via Spectroscopic Techniques and
Machine Learning Classifiers [J]. Environmental Science &
Technology, 2020, 54(17): 10630-7.

[19] Zhao Y, Li J. Sensor-Based Technologies in Effective Solid Waste
Sorting: Successful Applications, Sensor Combination, and Future
Directions [J]. Environmental Science & Technology, 2022, 56(24):
17531-44.

[20] Qiao Y B, Zhang Q, Qi Y, et al. A Waste Classification model in
Low-illumination scenes based on ConvNeXt [J]. Resources,
Conservation and Recycling, 2023, 199: 107274.

[21] Lu W S, Chen J J, Xue F. Using computer vision to recognize
composition of construction waste mixtures: A semantic
segmentation approach [J]. Resources, Conservation and Recycling,
2022, 178: 106022.

[22] Zhou HY, Yu X Y, Alhaskawi A, et al. A deep learning approach for
medical waste classification [J]. Scientific Reports, 2022, 12(1):
2159.

[23] Verma M, Kumar A, Kumar S. Medical Waste Classification using
Deep Learning and Convolutional Neural Networks; proceedings
of the 2022 IEEE Conference on Interdisciplinary Approaches in
Technology and Management for Social Innovation (IATMSI), F
21-23 Dec. 2022, 2022 [C].

[24] Nowakowski P, Pamuta T. Application of deep learning object
classifier to improve e-waste collection planning [J]. Waste
Management, 2020, 109: 1-9.

[25] Rawat W, Wang Z. Deep Convolutional Neural Networks for Image
Classification: A Comprehensive Review [J]. Neural Computation,
2017, 29(9): 2352-449.

[26] Adarsh U K, Bhoje Gowd E, Bankapur A, et al. Development of an
inter-confirmatory  plastic  characterization system using

spectroscopic techniques for waste management [J]. Waste

Management, 2022, 150: 339-51.

[27] Kotula A P, Orski S V, Brignac K C, et al. Time-gated Raman
spectroscopy of recovered plastics [J]. Marine Pollution Bulletin,
2022, 181: 113894.

[28] Li Y H, Yao J J, Nie P C, et al. An effective method for the rapid
detection of microplastics in soil [J]. Chemosphere, 2021, 276:
128696.

[291 Qi Y P, He P J, Lan D Y, et al. Rapid determination of moisture
content of multi-source solid waste using ATR-FTIR and multiple
machine learning methods [J]. Waste Management, 2022, 153: 20-
30.

[30] Neo E R K, Low J S C, Goodship V, et al. Deep learning for
chemometric analysis of plastic spectral data from infrared and
Raman databases [J]. Resources, Conservation and Recycling, 2023,
188: 106718.

[31] Pocheville A, Uria I, Espaia P, et al. Raman spectroscopy integrated
with machine learning techniques to improve industrial sorting of
Waste Electric and Electronic Equipment (WEEE) plastics [J].
Journal of Environmental Management, 2025, 373: 123897.

[32] Liu J, Zhang X, Du Z F, et al. Application of confocal laser Raman
spectroscopy on marine sediment microplastics [J]. Journal of
Oceanology and Limnology, 2020, 38(5): 1502-16.

[33] ZEANME. TR Gl AR IR 2 > X 45 B 25 A g A Ul
JrHT [D]; K, 2021,

[34] Costa V C, de Mello M L, Babos D V, et al. Calibration strategies
for determination of Pb content in recycled polypropylene from car
batteries using laser-induced breakdown spectroscopy (LIBS) [J].
Microchemical Journal, 2020, 159: 105558.

[35] Costa V C, Aquino F W B, Paranhos C M, et al. Use of laser-induced
breakdown spectroscopy for the determination of polycarbonate
(PC) and acrylonitrile-butadiene-styrene (ABS) concentrations in
PC/ABS plastics from e-waste [J]. Waste Management, 2017, 70:
212-21.

[36] Neo E R K, Yeo Z, Low J S C, et al. A review on chemometric
techniques with infrared, Raman and laser-induced breakdown
spectroscopy for sorting plastic waste in the recycling industry [J].
Resources, Conservation and Recycling, 2022, 180: 106217.

[37] Abina A, Puc U, Zidansek A. Challenges and opportunities of
terahertz technology in construction and demolition waste
management [J]. Journal of Environmental Management, 2022, 315:
115118.

[38] Amigo J M, Babamoradi H, Elcoroaristizabal S. Hyperspectral



image analysis. A tutorial [J]. Analytica Chimica Acta, 2015, 896:
34-51.

[39] Bell T W, Siegel D A. Nutrient availability and senescence spatially
structure the dynamics of a foundation species [J]. Proceedings of
the National Academy of Sciences, 2022, 119(1): e2105135118.

[40] Yoon J, Joseph J, Waterhouse D J, et al. A clinically translatable
hyperspectral endoscopy (HySE) system for imaging the
gastrointestinal tract [J]. Nature Communications, 2019, 10(1):
1902.

[41] He HJ, Chen Y, Li G, et al. Hyperspectral imaging combined with
chemometrics for rapid detection of talcum powder adulterated in
wheat flour [J]. Food Control, 2023, 144: 109378.

[421 Ge Y F, Song S Z, Yu S, et al. Rice seed classification by
hyperspectral imaging system: A real-world dataset and a credible
algorithm [J]. Computers and Electronics in Agriculture, 2024, 219:
108776.

[43] Tan W J, Duan Q Y, Yao L P, et al. A sensor combination based
automatic sorting system for waste washing machine parts [J].
Resources, Conservation and Recycling, 2022, 181: 106270.

[44] WuT W, He P J, Lan DY, et al. Application of XGBoost for Fast
Identification of Typical Industrial Organic Waste Samples with
Near-Infrared Hyperspectral Imaging [J]. ACS ES&T Engineering,
2023, 3(6): 841-50.

[45] Xiao W, Yang J H, Fang H'Y, et al. A robust classification algorithm
for separation of construction waste using NIR hyperspectral
system [J]. Waste Management, 2019, 90: 1-9.

[46] Wu X Y, Li J, Yao L P, et al. Auto-sorting commonly recovered
plastics from waste household appliances and electronics using
near-infrared spectroscopy [J]. Journal of Cleaner Production, 2020,
246: 118732.

[47] Ai W ], Chen G L, Yue X J, et al. Application of hyperspectral and
deep learning in farmland soil microplastic detection [J]. Journal of
Hazardous Materials, 2023, 445: 130568.

[48] Amariei G, Henriksen M L, Friis J B, et al. In-line identification of
Pb-based pigments in fishing nets and ropes based on hyperspectral
imaging and machine learning [J]. Marine Pollution Bulletin, 2023,
191: 114910.

[49] BHoeb. ol [ PR WE SR M i G iR ) SRS K A B UG PP A 1F 9T
[D]; WIVL K, 2022.

[50] BRI, T XRF SHLES 2 ST (KB AR5 Ve Ji 3 € 73 i SR
Wgt [D]; ERKE, 2023

[51] #p%isi. £T XRF {38 58 &8 7o 35 8 58 70 i BRI 78 L
Al [D]; HLTRHCRE, 2024,

[52] sy, jo/KkE, KL, & SIS R XRF-XRD fE &
ok ke SRR AR R A (9] o B3R BE R A&, 20250 1-11.
0.19674/j.cnki.issn1000-6923.20250331.004.

[53]Li Y K, Zhang X M. Intelligent X-ray waste detection and
classification via X-ray characteristic enhancement and deep
learning [J]. Journal of Cleaner Production, 2024, 435: 140573.

[54] Ueda T, Koyanaka S, Oki T. In-line sorting system with battery
detection capabilities in e-waste using combination of X-ray
transmission scanning and deep learning [J]. Resources,
Conservation and Recycling, 2024, 201: 107345.

[55] Wang Z W, Zhou H, Li Y, et al. Experimental Study of the Pore
Structure during Coal and Biomass Ash Sintering Based on X-ray
CT Technology [J]. Energy & Fuels, 2021, 35(3): 2098-109.

[56] Liu X Y, Zhang LY, Wu S, et al. Changes in municipal solid waste
pore structure during degradation: Analysis of synthetic waste using
X-ray computed microtomography [J]. Science of the Total
Environment, 2020, 708: 135089.

[57] Trusler M M, Sturrock C J, Vane C H, et al. X-ray computed
tomography: A novel non-invasive approach for the detection of
microplastics in sediments? [J]. Marine Pollution Bulletin, 2023,
194: 115350.

[58] Sterkens W, Diaz-Romero D, Goedemé T, et al. Detection and
recognition of batteries on X-Ray images of waste electrical and
electronic equipment using deep learning [J]. Resources,
Conservation and Recycling, 2021, 168: 105246.

[59] Mishra P, Biancolillo A, Roger J M, et al. New data preprocessing
trends based on ensemble of multiple preprocessing techniques [J].
TrAC Trends in Analytical Chemistry, 2020, 132: 116045.

[60] Liang R, Chen C, Sun T, et al. Interpretable machine learning
assisted spectroscopy for fast characterization of biomass and waste
[J]. Waste Management, 2023, 160: 90-100.

[61] He B, Zhu X, Cang Z, et al. Interpretation and Prediction of the CO2
Sequestration of Steel Slag by Machine Learning [J].
Environmental Science & Technology, 2023, 57(46): 17940-9.

[62] FI4L5. WO S 56 1 2 FE s S LR A [D]; bR
5, 2024.

[63] BRERAG. HTUR BE 2 ST IR & W3 2 61 BT BOR B 7E [D];
TR R, 2024.

[64] Teng J, Shi Y, Liu Z H, et al. Rapid identification of hazardous



heavy metal-containing waste by combining EDXRF with machine
learning: Taking zinc smelting waste as an example [J]. Resources,
Conservation and Recycling, 2023, 198: 107155.

[65] Shen Y L, Lan D Y, He P J, et al. Nondestructive optical and
spectroscopic techniques combined with machine learning for
identifying solid waste: A review [J]. TrAC Trends in Analytical
Chemistry, 2025, 186: 118195.

[66] Murdoch W J, Singh C, Kumbier K, et al. Definitions, methods, and
applications in interpretable machine learning [J]. Proceedings of
the National Academy of Sciences, 2019, 116(44): 22071-80.

[67] Kucheryavskiy S. Analysis of NIR spectroscopic data using
decision trees and their ensembles [J]. Journal of Analysis and
Testing, 2018, 2(3): 274-89.

[68] Be¢ K B, Grabska J, Huck C W. Interpretability in near-infrared
(NIR) spectroscopy: Current pathways to the long-standing
challenge [J]. TrAC Trends in Analytical Chemistry, 2025, 189:
118254.

[69] Langley A, Lonergan M, Huang T, et al. Analyzing mixed
construction and demolition waste in material recovery facilities:
Evolution, challenges, and applications of computer vision and
deep learning [J]. Resources, Conservation and Recycling, 2025,
217:108218.

[70] Zhu J J, Yang M, Ren Z J. Machine Learning in Environmental
Research: Common Pitfalls and Best Practices [J]. Environmental
Science & Technology, 2023, 57(46): 17671-89.

[71] Noto N, Kunisada R, Rohlfs T, et al. Transfer learning across
different  photocatalytic =~ organic reactions [J]. Nature
Communications, 2025, 16(1): 3388.

[72] Liu X, An H, Cai W, et al. Deep learning in spectral analysis:

Modeling and imaging [J]. TrAC Trends in Analytical Chemistry,

2024, 172: 117612.

[73] Chen C, Liang R, Song M, et al. Noise-assisted data enhancement
promoting image classification of municipal solid waste [J].
Resources, Conservation and Recycling, 2024, 209: 107790.

[74] Adarsh U K, Kartha V B, Santhosh C, et al. Spectroscopy: A
promising tool for plastic waste management [J]. TrAC Trends in
Analytical Chemistry, 2022, 149: 116534.

[75] Yao S, Yu Z, Hou Z, et al. Development of laser-induced breakdown
spectroscopy based spectral tandem technology: A topical review
[J]. TrAC Trends in Analytical Chemistry, 2024, 177: 117795.

[76] Azcarate S M, Rios-Reina R, Amigo J M, et al. Data handling in
data fusion: Methodologies and applications [J]. TrAC Trends in
Analytical Chemistry, 2021, 143: 116355.

[77] Wang H P, Chen P, Dai J W, et al. Recent advances of chemometric
calibration methods in modern spectroscopy: Algorithms, strategy,
and related issues [J]. TrAC Trends in Analytical Chemistry, 2022,
153: 116648.

[78] Daghighi A, Casanola Martin G M, Iduoku K, et al. Multi-Endpoint
Acute Toxicity Assessment of Organic Compounds Using Large-
Scale Machine Learning Modeling [J]. Environmental Science &
Technology, 2024, 58(23): 10116-27.

[79] Zhang C, Li X, Keil Stietz K P, et al. Machine Learning-Assisted
Identification and Quantification of Hydroxylated Metabolites of
Polychlorinated Biphenyls in Animal Samples [J]. Environmental
Science & Technology, 2022, 56(18): 13169-78.

[80] Corso G, Stark H, Jegelka S, et al. Graph neural networks [J].
Nature Reviews Methods Primers, 2024, 4(1): 17.

[81] Wu Z, Wang J, Du H, et al. Chemistry-intuitive explanation of graph
neural networks for molecular property prediction with substructure

masking [J]. Nature Communications, 2023, 14(1): 2585.



