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Abstract

Objective: In the spectral detection of microplastic samples, the analysis is concomitantly plagued
by insufficient sample diversity and the scarcity of specific sample types. Microplastic samples in
natural environments exhibit highly diverse chemical compositions and undergo distinct stages of
aging, which consequently results in poor generalization performance of spectral detection models.
Thus, achieving effective data augmentation and accurate identification of environmental micro-
plastic spectra has emerged as a pivotal challenge in this research field. Methods: A physical-gener-
ative collaborative augmentation model is proposed. By fusing two types of augmented samples to
expand the model training set, the generalization performance of the model is markedly enhanced,
thereby ultimately attaining the dual goals of effective sample expansion and accurate spectral
identification for microplastics. One subset of the augmented samples is generated via a physical
feature augmentation approach, while the other is produced by an improved conditional Wasser-
stein generative adversarial network (CWGAN-GP-SAM), which explicitly incorporates spectral an-
gle matching (SAM) as a constraint to guarantee the validity and reliability of the generated samples.
In the model construction process, the two categories of augmented samples are integrated to con-
struct an expanded sample set, which comprehensively alleviates the longstanding issues of train-
ing sample scarcity and insufficient sample diversity in the field of microplastic spectral detection.
Results and Discussions: To assess the effectiveness of the proposed enhancement strategies, com-
parative experiments were performed on a suite of baseline models, including Convolutional Neural
Network (CNN), Long Short-Term Memory (LSTM), Random Forest (RF), and XGBoost. The results
indicate consistent performance across the four models on the original dataset, with the CNN and
LSTM models achieving accuracies of 88.54% and 87.61%, respectively. Following optimization
with a single augmentation strategy, generative augmentation improved the LSTM model's accuracy
t0 91.33%, representing a 4.25% increase compared to the original data. Furthermore, the augmen-
tation strategy integrating physical characteristics with CWGAN-GP-SAM demonstrated the optimal
performance. Under this strategy, the accuracy of the CNN model increased to 92.26% (a 4.20% im-
provement over the original data), while the LSTM model reached 91.64% (a 4.60% improvement).
These findings demonstrate that the synergistic augmentation technology significantly enhances
the precise identification capability of environmental microplastic samples.
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Figure 1. Architecture of the CWGAN-GP-SAM model
& 1. CWGAN-GP-SAM #&&!5e44)

GBS RSP AR, BAEGHE RSB B, A0l ek B rtb S5 = . Xk
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Table 1. Hyperparameters of the CWGAN-GP-SAM model
# 1. CWGAN-GP-SAM 2R84

24 HlH
AR S 0.0001
FI R 0.0001
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i) 64
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I ) e 4 T 128
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Figure 2. Comparison of dimensionality reduction visualization between real and generated spectra
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Figure 3. Architecture of the CNN model
[ 3. CNN 225244

72 BRI EHE (A 1) PR PER SR (B 41). CWGAN-GP-SAM “E flidfi i (C 41) MR A 15D 41)
PUFHSERS N, CNN. LSTM. RF f% XGBoost S 7EMIASE FRIPERER I RIRAMENIEME, CNN 5
XGBoost 7Y (K HERRZR 735N 0.8854 1 0.8823; JaL: =KIMaRKNE(B, C, D 4L FEIFEESET 7 HR
AGRE T o P ERRR I 3G R 2 B PR R 7S T, A CNN 5 LSTM B8 (1) HEff 2R I 2 E 7E 0.8947,
XGBoost fAIHERHZRIL 0.8916, FKHIFEARYIEL L FEMEIIY 704 R M T BRI B )8, 3658 T R 1E 2%
SR EEYE. CWGAN-GP-SAM B 3t s 4 K PERE SR T BE N 3, 15 88 T A2 BORE AT ARFAE 2% (8] 75 57 X 35
A REA, Hp LSTM 5 XGBoost #5284 (FHERAZR IR T 2 0.9133, CNN BERLAER IR T & 0.9071,
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Table 2. Comparison of classification performance among different models on the test set after data augmentation

2. BURIER R EHRBUAE ISR 5 KM RERTEE

A Accuracy Precision Recall Fl-score
(a) JRGEE
CNN 0.8854 0.8837 0.8877 0.8849
LSTM 0.8761 0.8801 0.8715 0.8753
RF 0.8699 0.8732 0.8687 0.8701
XGBoost 0.8823 0.8854 0.8832 0.8836
(b) VBRI R

CNN 0.8947 0.8932 0.8929 0.8920
LSTM 0.8947 0.8956 0.8934 0.8933
RF 0.8854 0.8894 0.8842 0.8855
XGBoost 0.8916 0.9045 0.8845 0.8918

(c) CWGAN-GP-SAM “f ik 158

CNN 0.9071 0.9054 0.9097 0.9070
LSTM 0.9133 0.9109 0.9193 0.9139
RF 0.8823 0.8909 0.8852 0.8870

XGBoost 0.9133 0.9196 0.9147 0.9164

(d) YEEEEME + CWGAN-GP-SAM £ 1 5

CNN 0.9226 0.9308 0.9182 0.9233
LSTM 0.9164 0.9194 0.9138 0.9155
RF 0.9102 0.9152 0.9097 0.9112

XGBoost 0.9195 0.9199 0.9190 0.9192
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H ks 5 P RE B 78 5 58 KB RIZR B W RDEGIEREA K SHEHED 2K B T4 RaE W],
GERAE ORI DR A T SR AR A b, TR SR T S R HE T R 52 AL RE ), BRI
TR R PREAS I S5 RS A R SR AL T AT SRR T R AR T R — 40 R AR B A SRR S 15 e
Db B E R, SR AR SERRA TS St T A M
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