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Il. Data Preparation

Nitric Acid (HNO;): Non-linearly correlated; Peak heights in Nd**
Neodymium (Nd?**): Overall linear with non-linear regions
Cerium (Ce**): Non-linearly correlated; limited literature
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lll. Modelling

Convolutional Neural Networks (CNNs) are deep learning models that use convolutional layers to extract spatial or temporal patterns from input data.
In this work, a 1D CNN is trained on preprocessed spectral data to predict multiple target concentrations (Wang, 2022).
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Fig. 3. Architecture of UVVIsCNN, a 1D convolutional neural network (CNN) used for predicted preprocessed UV-Vis spectra.

IV. Preliminary Results

Model performance was evaluated using RMSEP (prediction
accuracy), RPD (model precision), and R? (fit quality).
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Fig. 1. Properties of raw or original spectra, left to right: Nd”* changing concentration in
HNQO;,, Nd>*non-linear regions, and a region of low concentration in Ce**

(a) Raw Spectra

1) Baseline Correction: Savitzky Golay
(see Fig. 2)

HNQO; 0.9686 0.3898 5.7752
Nd3* 0.9361 0.0031 4.0461

Ce4t 09621 0.0094 5.2585
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Fig 2. Analysis of Baseline Correction or Denoising:
(a) Raw Spectra, (b) Slide Window, (c) Differentiate,
and (d) Final Denoised Spectra
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Table 1. UVVis CNN Performance Fig. 5. A saliency map showing key

spectral regions influencing the
UVVisCNN predictions

V. Future Work

d Apply modelling methods to new and more complex analytes.

 Explore the use of pretrained models (e.g., ResNet) for improved
feature extraction and broader applicability (Kazemzadeh, 2022).
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Fig. 4. Comparison of training and validation loss during model training,
illustrating the model's progress and its ability to generalize to unseen data.
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Fig. 6. Mutual information scores of the top-selected wavelengths for each target,
highlighting the spectral regions most relevant to the model’s predictions.
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