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Keywords Abstract
Spectroscopy Accurate nutrient determination is crucial for optimizing hydroponic sys-
Regression tems. Traditional methods like electrical conductivity (EC), ion-selective
Macronutrient electrodes (ISE), and colourimetry are hindered by limited ion specificity,
Hydroponics high maintenance, and prolonged analysis times. Spectroscopy-based
Efficiency Al methods often demand extensive sample sets, limiting their real-time
applicability. This study presents a rapid UV-Vis-NIR spectroscopy tech-
Article History nique integrated with machine learning (ML) for predicting nitrogen and
phosphorus levels using minimal samples. Among five regression mod-
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Accepted: 5 June 2025 (LR), Partial Least Squares Regression (PLSR), Random Forest Regression
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sion (LR) excelled for nitrogen prediction (R?=0.9734; RMSE=19.2345
ppm), although its performance slightly dropped during external valida-
tion (R?=0.923; RMSE=30.6666 ppm). Random forest regression (RFR)
showed superior accuracy for phosphorus prediction (R?=0.9578, 0.9468).
Integration of Support Vector machine (SVM) classification with LR and
RFR further improved accuracy (R?=0.96), even with just 26 samples.
This ML-based spectroscopy model enables rapid, precise nutrient moni-
toring, enhancing crop yield and sustainability in hydroponics.

1. Introduction

Hydroponic cultivation is emerging as a sustainable solution to meet global food demands by 2050, offering
efficient, high-yield production with reduced water and pesticide use. Nitrogen and phosphorus are essential
macronutrients for plant growth, and maintaining the right nutrient balance is crucial for plant health. Con-
ventional nutrient detection methods, such as electrical conductivity (EC), ion-selective electrodes (ISE), and
colorimetric tests, are limited by poor ion specificity, high maintenance requirements, and time-consuming
procedures. Moreover, current spectroscopy-based artificial intelligence (AI) models often require large datasets,
rendering them impractical for small-scale or real-time applications. We developed a machine learning model
to predict nitrogen and phosphorus concentrations with minimal sample concentrations. Five regression
algorithms, LR, PLSR, SVR, RFR, and GBTR, were compared to identify the most effective regression model
for each nutrient. Then, a single-rule algorithm was used to integrate the classification model with selected
regression models. By enabling accurate predictions with fewer samples, this approach addresses the limitations
of current methods, making it more practical, economical, and suitable for real-time hydroponic cultivation [1].
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2. Method

This study developed machine learning models to predict nitrogen and phosphorus concentrations using
UV-Vis-NIR spectroscopy. Twenty-six hydroponic nutrient samples with varying concentrations of sodium
nitrate (NaNO3), potassium dihydrogen phosphate (KH,POjy), and sodium nitrite (NaNO,) were prepared.
Nitrogen levels ranged from 30-400 ppm (nitrate) and 150 ppm (nitrite), while phosphorus concentrations
ranged from 5-105 ppm. Absorbance spectra were collected using an Ocean Optics USB4000 spectrometer
controlled via SpectraSuite software. Each sample was scanned 250 times (200 for model training, 50 for external
validation), resulting in 5000 total spectral readings. Spectral data underwent preprocessing (noise removal,
baseline correction) and dimensionality reduction before ML model training. Support Vector Machine (SVM)
was selected due to its robustness in classifying data with high dimensionality and small sample size, making it
ideal for determining nutrient types before regression [1]. Five regression algorithms (LR, PLSR, SVR, RFR,
GBTR) were evaluated. Additionally, an integrated workflow was designed: SVM first classifies the nutrient
type (nitrogen or phosphorus), then the appropriate regression model is applied. This model architecture
improves prediction by tailoring regression methods to each nutrient class.

3. Results and discussion

Figure 1(I) shows nitrogen absorption spectra (50-350 ppm) with a distinct peak at 305 nm, while Figure
1(II) displays phosphorus spectra (5-100 ppm), indicating phosphate ion behavior in a nitrate-nitrite solution.
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Figure 1. Absorption spectra: (I) nitrogen, (II) phosphorus at various concentrations.
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Figure 2. Scatter plot distribution of nitrogen (left) and phosphorus (right) for test and validation set using (a)
LR (b) PLSR (c) SVR (d) RFR (e) GBTR Model.

Figure 2 shows the performance of different regression models in predicting nitrogen and phosphorus
concentrations. For nitrogen, the LR model performed excellently with R? = 0.9734 and RMSE = 19.2345 ppm,
indicating low error and high consistency with test data. However, when tested with external validation data,
the model’s performance slightly decreased, with R? dropping to 0.923 and RMSE increasing to 30.6666 ppm,
indicating a slight loss in generalisation capability.

As for phosphorus, the RFR model outperformed others, with low RMSE and high R? values (0.9578 and
0.9468). Additionally, an integrated SVM classification model with LR and RFR regression achieved an R? of 0.96,
showing significant improvement in predicting nutrient concentrations compared to individual models, even
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with fewer samples than those used in [2], [3]. This indicates that the pre-classification of nutrient types enhances
the overall regression accuracy by improving nutrient-specific model targeting and reducing cross-variable
interference.

4. Conclusions

This study demonstrates a rapid and accurate approach for nutrient prediction in hydroponics using UV-
Vis-NIR spectroscopy integrated with a single-rule machine learning model combining SVM, LR, and RFR. The
LR model yielded high accuracy for nitrogen (R2 =0.9734; RMSE = 19.2345 ppm), while RFR performed best for
phosphorus (R? = 0.9578; 0.9468). Despite a limited dataset, the integrated model achieved an overall R? of 0.96,
highlighting its potential for efficient and sustainable nutrient monitoring.
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