B
OEE |
4

£ & 143

Opto-Electronic Engineering

Article
2026 £4 B, 53%, F4 1

IESF SRR MFHERYST | 000000

=22 = v I

_ N +|_ \ ' \ ' . 3 \ n . N Known pollutants -'3 i-.i Feature code library i-" Thres;\o\d T " — i

S UK HIEIR AT e 1=
| Renfenfntenfentenferfenter [ }

|
I
Similarity S

| corresponding label |

HBRR", FEA, B x|, ERX, BRALS

VT Tl K24 BT AR Be , WV Bl 3100125
UL Tl K2R 22 5 E R 2B, WiiT Bl 310012

TIEE: A3t K4n 5 e B BBk, R\ T — AR T =4 5 0 A5 6938 3 5 3] IR 5 A9 30 S S 2D B4 S B K a #7757 et
RAN T ke % EFIAERBEHEERE KGR ZMAN TS, ARRERITICRARRER LA IERT,
BINEF I MNA M BN SR E | FRKI 5 by AN IRA BN E, T KT EBRMER T, AF kst
¥ —75 ey R A A F K B 93.3%, XIRATT AP A 3 EARIR A6 ek 70.8%, HEEK T E R0, T
TEAF M. RENZRERIEEF ] A EH . iCaRL, I b RIFOHT EEEE K,

KRR MAEAD B EEF ) DRI AL KT EARAl

The English title and abstract appear at the end of the paper.

DOI: 10.12086/0ee.2026.250284 | CSTR: 32245.14.0ee.2026.250284 | HE4HEE: 0433.4;TP391 | CEAFRIRFG: A

BB, AR, M, 25 M S RS R AU = 40O LR BT 2 [J]. G T2, 2026, 53(4): 250284
Hu Y T, Fang L J, Hao M, et al. Incremental learning-driven method for identification of unknown new pollutants based on three-
dimensional fluorescence spectroscopy[J]. Opto-Electron Eng, 2026, 53(4): 250284

1 81 &

IS G R R W R 2 —, A
TIEGABAMI A . B AT 8K A5 iR s
A R BUE AR AT ot fre
ik FORE . Hlh, =4O AR
NP PRI A, TR R, RS |
FEal A S . LR AN SRR, TS SR
DRI R o i, 2R A SR =R
L5 G DOCICTE X 22 L 3 SAF B RS HEA T T B 0T o
LEENT PN T IO S R I SR 2 U
FHIRCER, 52 2 il B Z2 AR BE A B 3 TR A SR B

FAT, A =400 Bt A s ey Un i 3

B A A (principal component analysis, PCA) .
SEAFIR T3 M (parallel factor analysis, PARAFAC) FI#fiZ:
WL Y11 S SRMTIR 6y T 3 e ok e ST AR T e o
FREEEE AR R RS e . AER, BEE Tolk
TR 2 R R i )2 A0, KBRS s e
PR FNEIC SURIBE N, 3K 2507 4 BT Y A A o o s
B el bR e, MELL A BUE 22 S PR AR S, AT
AR TINEE RS N

e B Bl = (X NS B3 Iy e W ol -l 134
LA BB L R 2D B AR, (RIS R XA
2B IHAR RIS . 2B 2 T A 325k
HARIES A EL . PLas NS, Flan, Hu 2 "R
TP T AR TN S AT IR 1 2 ) BRI R T A

WisHER: 2025-09-22; 1EEIHH]: 2026-01-09; RAHH: 2026-01-16; Mgk HEA: 2026-04-25
EEWH: ERARBAES (62571492); Wil HRFHFEIS (LMS25F010004)

*BIEIEE: K, huyt@zjut.edu.cn
WA B 5©2026 H [E B} e B £ ARWF5E

250284 (Page 1 of 12)


https://doi.org/10.12086/oee.2026.250284
https://cstr.cn/32245.14.oee.2026.250284
mailto:huyt@zjut.edu.cn

BIMLK, %5 e T, 2026, 53(4): 250284

https://doi.org/10.12086/0ee.2026.250284

AR AR R I T HAE SRR AR - RBLT5 . Li 5%
NS e B A ) B A i ) SO T AR S B
BYISUE . TEDOOGIEAL, 2 K R ik b
PR IR R . RN 2 2 Be, JKIR TS Y il
SR A] DLTE RPN WT AR B K A4S ey i 1R gk
2RE YRR RE ST, RO B X AR B 2l i iy
IHY5 Gl g

ARSCHE M T —Fh T 2 > i A e 12
21"\ (long short-term memory, LSTM) $& BURRE ity = 4E5¢
HOEEFR AT . K IICAZ 406 = 4otk s
FEUR WA R 38— AR ] 3, e —
[0 (BRI ), i AR &% B AT 14 S
T, LSTM HMUT e 52 B — AN BOR B T i S8 8 & il
Tk, (AR 2 B BR N8 B SR AR S
TERS . BEAk, A3 E) R EM, LSTM S E—1
FROEAS R — R, 7 FVRRAEAS 22 o A R TE A (1) AR AR
FEFAR T BE, WA 2B s 48, LSTM 26k
TS AE A FEAEAD e I T T A28, ANl 7522 A5 7Y
REARFEL27 2 B 075 G W RRIE R I 8 BA X AR 2 21 (Y 75 4
YR Aee ST . B, L — RIS L S 5

UEZ T AT R

2 MEXIME

2.1 FIEBIEREMTLIE

ARICRH T —E AT ENTOOGSENE RS, %
ARG EFE | PRI ZA AN —F 150 kT (1
5 XBO 150 W/4, BREIBIAHE]), 1R 220~1000 nm
BT MR EEIR; — & A (FS Omni-k2005i,
T AL DO ERATBRA R, Foar iRk 1200 F %2k
M (IR 300 nm), FH KRR, — M
P e — & EHEL (B9 MAYA2000PRO, 26 [ 702
AT, HFESIN, ZRGWN TAERBRN T G
BETEH IR 5 LA B2 A SR L SORE O 8 Ok
FEMCR IR RS TCEARR S, RIS SO R A
ELBE SR G ORI GO B AT &
#iF (CCD) e i K M eFE o A5 5 el it e
BLIC ST RAE B

FEEE AL BB B, h T R M R IG — 45

Cuvette

Grating

I j

Xenon lamp

O

®

Spectrometer

Sample cell

Il -
Lens _—
Charge-coupled
7/ device

Optical fiber

= \
3 i
C) .‘ 3
Monochromator [ b B .
| —
. ‘ =
o

g Sample cell

Grating ~ Spectrometer

BN
Vd

Mirrors
>_

N

Computer

N
|
& O. - VBE —  Xenonlamp

O
T Ve

Power supply

A1 A#=ERAAERERE. (@) LFREAE; (b) KB A

Fig. 1 Self-built three-dimensional fluorescence spectroscopy acquisition equipment. (a) Optical schematic diagram; (b) Physical image
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Fig. 3 Pollutants identification based on incremental learning
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Fig. 4 Three-dimensional fluorescence spectra of five pollutants. (a) Salicylic acid; (b) Aniline; (c) Ciprofloxacin; (d) Fluorescein; (e) Norfloxacin
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Fig. 5 Visualization of input gate weights
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Fig. 6 Feature visualization based on t-SNE
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Table 1 The concentration ranges and sample sizes of the four pollutants
Pollutants Concentration range/(mg/L) Sample size
Salicylic acid 0.1-10 18
Aniline 0.1-10 18
Ciprofloxacin 0.1-10 18
Fluorescein 0.1-10 12
k2 =ZMFHEE pH LRAFANE
Table 2 The pH ranges and sample sizes of the three pollutants
Pollutants and concentration pH ranges pH intervals Sample size
1 mg/L salicylic acid 2.4-4.4 0.5 5
5 mg/L aniline 4.8-6.8 0.5 5
0.3 mg/L ciprofloxacin 7.1-10.3 0.8 5
%3 ZHRIXRIEER

Table 3 Results of three-fold cross-validation

Score for each fold Mean # standard deviation

1.000 1.000 0.944 0.981+0.026
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Table 4 Three-round testing procedure

Procedure Training dataset First-round test Second-round test Third-round test

Pollutant Salicylic acid, aniline,  Salicylic acid, aniline, ciprofloxacin,  Salicylic acid, aniline, ciprofloxacin,  Salicylic acid, ciprofloxacin, and aniline at different
species ciprofloxacin fluorescein (newly added) fluorescein (newly added) pH levels, fluorescein (newly added)
Purpose  Training on old classes New class learning Performance testing on new classes Robustness verification

a Old class b New class c All classes
1.0F 1 e 10} 4 PCA 10}
8'2&333 PARAFAC 0.917 0.926
g 08f .0:800 o 08F ResNet 8 08 (o0 0.800 0815
u o iCaRL 0.667 u o Seor 0704
> 06} 3 06} Proposed S 06 £+0800____ 4 0556
g A PCA g 0.500 0.500 g A PCA 0.519
S 04f PARAFAC S 04f el 3 04t PARAFAC
< ResNet < : A0.250 < ResNet
02r iCaRL 02r 0.167 0.167 02r iCaRL
Proposed = Proposed
(O . . 0 0 X0 . (O . .
1 2 3 1 2 3 1 2 3
Test round Test round Test round

B 7 Z#8MXER. (a) 8E55 54 (b) 4 %55 =4 (c) 235 L

Fig. 7 The results of three rounds of tests. (a) Old-class pollutants; (b) New-class pollutants; (c) All-class pollutants
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k5 AMGFEMKAEE M ARE

Table 5 The concentration ranges and sample sizes of the five pollutants

Concentrations/(mg/L)

Pollutants
Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6
Salicylic acid 1.4 1.8 2.4 2.8 3.4 3.8
Aniline 0.5 1 1.2 15 1.6 2
Ciprofloxacin 0.01 0.02 0.03 0.04 0.05 0.06
Fluorescein 0.1 0.2 0.3 0.4 0.5 0.6
Norfloxacin 0.1 1 2 3 4 5
k6 RETRMHAKRE
Table 6 Concentrations of mixed pollutant samples
Concentrations/(mg/L)
Pollutants
Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6 Sample 7 Sample 8
Salicylic acid/ciprofloxacin 1/2 1/3 1/4 1/5 3/1 3/2 3/3 3/4
Salicylic acid/norfloxacin 1/5 2/1.5 3/1.5 4/1.5 4/2.5 4/3.5 4/4.5 5/1
Ciprofloxacin/norfloxacin 1/2 1/3 1/4 1/5 2/2 3/2 4/2 5/2
AT BT § =K S HE
Table 7 Three-round simulated pollution testing schedule
Procedure Training dataset First test Second test Third test
Salicylic acid,
Pollutant " Salicylic acid, aniline, ciprofloxacin, fluorescein  Salicylic acid, aniline, ciprofloxacin, fluorescein Pairwise mixtures of Salicylic acid,
aniline,
species (newly added), norfloxacin (newly added) (newly added), norfloxacin (newly added) ciprofloxacin and norfloxacin
ciprofloxacin
Training on old Complex environment adaptability
Purpose New class learning Performance testing on new classes
classes test
%8 RFTEBEIERGLER LK
Table 8 Comparison of the results of the simulation river pollution experiment
Accuracy rates per round/%
Method Third round
First round Second round
All correct Partially correct All wrong
PCA 50.0 66.7 16.7 62.5 20.8
PARAFAC 50.0 60.0 16.7 66.6 16.7
ResNet 53.3 76.7 41.7 50.0 8.3
iCaRL 53.3 83.3 54.2 45.8 0
Proposed 56.7 93.3 70.8 29.2 0

BRIRIEALH], AERAE SIS B B A6 7 R A
SR I > B B RFE R A1) 32 B B2 AR IR T S T4,
PR 7 HAEREAIE— P52 Tt . iCaRL J7 R JH AL THFAE

(8 5T I P B SR, (H HARHIE SR BT HORE T 45 A1

MZ%, X R TIAMERE AR, SEUMERFYELL
FHE . MILZT, ARSI 0 PO R R
220 nm £ 600 nm {9363 B HAR R IR 25 P51, (AR

TIREAS A A BT O R T I S 2 MBOC &, AT
SEPCHI ) SR RFIER R o i T AT TR, A
REAZ 1 3 3R A T AR AR A I 1 R e DX 3l ] 14 56
FERFIESCHR, IR TR RO TR B R,
PUHCAETRRIHER 5 B0 T HABXS HE 59k

MNER AR BARHER R, A SO IR R
RAFRYIE R ] HIE I RE Sy, BERHERARIL 93.3%, T
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15 5 AR IR A T5 e i | U LA R A & v
550 R

ZEA T —HIREE R T LIS, PCA 5 PARAFAC
T A 25T Y s B — 2 1R g
R DRR A, MELLE A 1S 2% AR 55 B3k . ResNet
TR e R R TR ik, E2RYseh R
U — s BTG R, P AR E M S MR AT S TR S
PERIE 24 3] J5 9. iCaRL ke 2 Ts e s h 2
H R RE M S HER T, FEAMRER T A O ST L
IS EZME. M2 T, ARSIk
I B T i R SR v, R T AR 4
TGY s T LS AE I e 1 5 TSk

4 & 1

TEAWITE R, AP 5 G i v ok A7 Y
Z RS HRA, VLA T AR YN ZRT5 G 5 5
YNGR B, $2 T — Bh 2 T 0 IC A2 WS
(LSTM) 5 340 2 °J ) = 4E DL G AR Al A% A it K i
QeMrFoIr ik o O IEIE I IZ AR SR EOR BN A A
TR R 2R, LA I B PR I ) A SO Y
KIHBOC R, S HATSRYT THURE 1 0035 e — 4
FOCCTERFER . E—20, FE TR I HES g 25
AT REARRAERD I, KRS Qe R R RE S T fr 2k
RSP R, AW DB R BRI, R R

FEXT N ZRIBTS R g PERE , NI A RO R AL
FEHOAEE ALk A0 5 38 NG 8

NYAEA SO IR AT S A s, ARSI
TR ey, I S ZRIMA F IR T RE
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PARAFAC., 1 28 W 2% J7 1) DA S 38 8 2% ) L e T vk
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T N AR 5 T AR T A T s, RS iR
PIAE 55 B R MER %3k 93.3%, TEIRA TS5 SR BT 5%
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three-dimensional fluorescence spectroscopy
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Abstract

Objective As various emerging new pollutants continue to emerge and multiply in the environment, their potential ecological toxicity,
bioaccumulation, and environmental persistence have become increasingly prominent, posing severe, multidimensional, and complex
threats to natural ecosystems and human health. Notably, emerging new pollutants typically lack historical reference data, making it
difficult to generate the labels required for supervised learning. Given that conventional detection approaches rely heavily on large-scale
labeled datasets for model training, such a dearth of prior data severely constrains their applicability. Consequently, traditional methods
often exhibit unsatisfactory performance in the identification of unknown new pollutants.

Methods In response, an innovative method for constructing a dynamic feature code library by coupling three-dimensional fluorescence
spectroscopy with long short-term memory (LSTM) networks and incremental learning was proposed, with the specific purpose of enabling
accurate identification of uncharacterized new pollutants. This method first reconstructs three-dimensional fluorescence spectroscopy data
into quasi-time series ordered by excitation wavelengths, thereby obtaining a dynamic sequence with intrinsic order and contextual
correlations. A wealth of chemical information, including the species and concentration of target analytes, is concealed within this
sequence. It then leverages LSTM networks to sequentially read the emission spectra corresponding to each excitation wavelength,
enabling the capture of dependencies between different wavelengths. Finally, after iterating through all emission spectra, the final output of
the last time step is taken as the feature representation. This output serves as the feature code for the fluorescence spectrum of the pollutant
sample and can be used for identification. Through this process, discriminative feature codes that can highly represent the overall spectral
information are extracted; these codes encapsulate the core characteristics of the spectra, laying a solid foundation for subsequent pollutant
identification. Furthermore, an incremental learning mechanism is introduced. This mechanism constructs a dynamically expandable
feature code library based on the previously derived feature codes, achieves automatic identification of unknown pollutants by leveraging
the calculated similarity threshold, and further integrates the feature codes of these newly identified pollutants into the library to support
subsequent detection tasks. This design ensures that while the model continuously learns the features of new pollutants, it still maintains
robust recognition performance for existing contaminants, resolving the issue that traditional recognition methods are unable to identify
pollutants not included in their training data.

Results and Discussions To verify whether this method possesses the capability of continuously learning knowledge from untrained
pollutant samples, three rounds of tests were designed. To simulate the variability present in real-world environments, test samples under
different pH conditions were incorporated. The test results demonstrated that this method achieved an identification accuracy of 93.3% for
known pollutant categories and 91.7% for unknown new pollutant categories. These results indicate that the method exhibits excellent
performance in both mitigating catastrophic forgetting and adapting to knowledge pertaining to new categories, fully validating its capacity
for continuous learning and incremental identification. Furthermore, to evaluate the effectiveness of the proposed method, simulated
pollution experiments were conducted by adding five typical contaminants to river water samples. The results demonstrate the proposed
method achieved an identification accuracy of 93.3% for single pollutants, outperforming principal component analysis, parallel factor
analysis, residual neural networks, and the incremental learning benchmark iCaRL. This is attributed to the fact that the proposed method
can effectively capture the complex dependencies inherent in pollutant sample data along the excitation wavelength dimension, thereby
extracting feature representations with stronger discriminative power and significantly enhancing the robustness against background
fluorescence interference in river water matrices. In addition, the proposed method achieves an accuracy of 70.8% in the complete
identification of all components in mixed pollutants. Although this performance is slightly lower than that in single-pollutant identification
tasks, it still surpasses other comparative methods. The slight performance limitation stems from the fact that the fluorescence peaks of two
specific pollutants are relatively close in position. When mixed, these two components tend to cause feature-level confusion, leading the
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model to occasionally misclassify them as a single substance, which somewhat constrains the overall identification performance for mixed
samples. Despite such challenges, the relative superiority of the proposed method across key metrics demonstrates its strong potential and
promising application prospects in the field of mixed pollutant identification.

Conclusions In summary, by capturing the dependencies across different wavelengths of three-dimensional fluorescence spectroscopy
data to extract feature codes and integrating an incremental learning mechanism, the proposed method provides a robust solution for the
identification of unknown new pollutants. Not only can this method effectively identify known pollutants, but it also possesses the
capability to learn from unknown new pollutants and transfer the acquired feature information to subsequent detection tasks, thus
demonstrating favorable knowledge transfer and continuous learning characteristics. This demonstrates its excellent scalability and
adaptive capability. With the continuous incorporation of additional contaminant feature codes, the method can gradually expand its
recognition scope, thereby offering a reliable technical solution for the long-term monitoring and identification of emerging contaminants.

Keywords: feature code library; incremental learning; three-dimensional fluorescence spectroscopy; identification of unknown new
pollutants
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