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Abstract. Computational intelligence has rapidly evolved, offering sophisticated tools for addressing complex environmental challenges. Among these, neural networks and artificial intelligence (AI) have emerged as transformative technologies in water-quality prediction. The primary objective of this study is to develop an AI model employing neural network architectures to enhance the accuracy and efficiency of predictions of Biochemical Oxygen Demand (BOD₅ at 20 °C).Technical motivation arises from the need for reliable assessments between laboratory campaigns, which in Brazil are often bimonthly or even quarterly due to cost and logistics, and whose turnaround times can be substantial, making timely decision support critical for public health and sustainable water-resource management. Building on this rationale, we integrate a hybrid stacking approach that combines a Multilayer Perceptron (MLP) with a Random Forest (RF) to nowcast BOD₅ from routinely monitored physicochemical parameters. The dataset consists of historical records from CETESB at the Tietê River site TIET04200, with bimonthly sampling; preprocessing includes seasonal and temporal indicators and lagged target features; predictor missingness is handled by median imputation within model pipelines; standardization is applied only within the MLP pipeline. Model evaluation uses time-aware cross-validation (TimeSeriesSplit) to avoid temporal leakage. Pooled over the last three folds, representing the recent regime within 2012–2019, the hybrid model attains R² = 0.738, RMSE ≈ 9.36 mg/L, MAE ≈ 7.72 mg/L, MSE ≈ 87.66, and MAPE ≈ 22.28%, explaining roughly three quarters of recent BOD₅ variability. While extreme peaks remain challenging due to the bimonthly sampling, the approach provides actionable QA/QC support between laboratory campaigns: it helps flag inconsistencies, catch data-entry errors and implausible inputs, and prioritize targeted inspections when new results arrive. We outline operational integration, including alert thresholds (e.g., deviations related to model RMSE) and periodic retraining, and discuss avenues for improvement such as higher-frequency data, hydrometeorological drivers, and uncertainty-aware outputs. This work preserves the benefits of computational intelligence while delivering a robust, reproducible framework focused on QA/QC for BOD₅ in a real monitoring context.
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Introduction
Water is one of the most essential natural resources for life, and its consumption has increased rapidly due to population growth and human activities (UNESCO, 2023). However, its quality has been compromised by climate change, poor management, and a lack of understanding of its limits, requiring more efficient and integrated management.
The dumping of industrial waste and organic effluents has intensified the degradation of water bodies such as rivers and lakes (RATTNER, 2009). To address these challenges, the National Water Resources Policy (Law No. 9,433/1997) establishes instruments such as the classification of water bodies, which defines quality standards according to their uses.
Water monitoring, in this context, is essential, providing data on parameters such as pH, turbidity, conductivity, and dissolved oxygen (ANA, 2018). However, the time series associated with water quality are complex, influenced by seasonal and environmental factors, requiring advanced analytical methods to predict trends and support decisions.
Artificial Intelligence (AI) has stood out in this scenario for its ability to extract complex patterns in large volumes of data, overcoming limitations of traditional approaches (YAN et al., 2024; SU et al., 2022; KUMAR et al., 2022). Among its techniques, machine learning (ML) is widely used in predictive analysis, with promising applications in water quality monitoring (MONARD; BARANAUSKAS, 2003). With well-trained models, it is possible to anticipate variations in critical parameters, favoring preventive measures and more efficient management (SOLANKI et al., 2015).
The main objective of this article is to develop a hybrid Multilayer Neural Network (MLP) and Random Forest model to predict Biochemical Oxygen Demand (BOD₅) in historical time series from CETESB, contributing technological solutions for forecasting relevant physical and chemical parameters, optimizing water management.

The specific objectives of this article include:
• Analyze historical CETESB data, treat missing data, normalize, split sets, and identify influential variables.
• Implement Random Forest and MLP models to predict BOD₅ (at 20 ºC)
• Evaluate performance using MSE, RMSE, MAE, MAPE, and R² metrics.
• Discuss the results, limitations, and practical applicability of the models in water quality forecasting.
Fundamental Concepts
This section presents essential concepts related to the models, techniques, and parameters used in the study to clarify the foundations necessary for understanding the methodology and results.
2.1. Multilayer Perceptron Neural Networks (MLP)
Multilayer Perceptron Neural Networks (MLP) is a feedforward neural network model composed of multiple layers of artificial neurons, including an input layer, one or more hidden layers, and an output layer. These networks can capture nonlinear relationships between variables, making them effective in regression and classification tasks (GOODFELLOW; BENGIO; COURVILLE, 2016, cap. 6)
One of their main advantages is the ability to perform complex mappings between input and output variables, even when dealing with datasets containing noise, gaps, or high variability. This structural robustness allows MLPs to learn relevant patterns even in challenging contexts with large volumes of data, such as demanding computational scenarios and complex data (Torres-Hernández et al., 2023).
In the environmental context, these characteristics make MLP especially suitable for the treatment of time series and water quality indicators, such as Biochemical Oxygen Demand (BOD₅), in which the relationships between variables are usually non-linear and the data frequently present noise or discontinuities.
2.2. Random Forest
Random Forest is an ensemble method that aggregates multiple decision trees to improve the accuracy and robustness of predictions. Each tree performs successive divisions of the data, grouping observations into homogeneous subsets based on explanatory variables, which can be numerical or categorical (De'ath & Fabricius, 2000). Aggregating trees reduces the risk of overfitting and captures complex interactions between variables, increasing model stability.
According to Cutler et al. (2007), Random Forest stands out for its ability to determine variable importance, handle missing data through imputation, and be applicable to various statistical tasks, including regression and classification. These characteristics make Random Forest an effective tool for processing environmental data, which often contain nonlinear relationships and noise.
2.3. Stacking
Stacking is an ensemble technique in which predictions from multiple models are used as input to a second-level learning algorithm, trained to optimally combine these predictions and generate more accurate results than those obtained by any individual model (Wolpert, 1992). This approach is effective because the reliability of models can vary across contexts, allowing the combination to exploit these variations to improve predictive accuracy (BellKor et al., 2009).
Furthermore, the use of metafeatures, which are auxiliary information about the data, can further refine this combination by dynamically adjusting the weights assigned to each model during the blending process (BellKor et al., 2009; Sill et al., 2009). Although linear regression is often employed in meta-model learning due to its simplicity, efficiency, and interpretability, it may not adequately capture the complex relationships between model predictions. This motivates the adoption of non-linear and iterative models, such as neural networks and decision trees with boosting, to achieve superior performances (BellKor et al., 2009; Wolpert, 1992).
2.4. Temporal Cross-Validation
Time series forecasting is widely used in various fields to aid in important decision-making. To ensure successful results, it is essential to evaluate the performance of the models used, comparing different approaches or configurations based on reference data. This process involves applying the models to test data, calculating errors using appropriate loss functions, summarizing these errors into meaningful metrics, and finally, choosing the model that presents the best predictive performance for the problem at hand (BERGMEIR; BENÍTEZ, 2012).
In the context of time series, temporal cross-validation is an essential technique that respects the chronological order of the data, dividing it into sequential blocks for training and testing. This prevents future information from leaking into the past and ensures a more realistic assessment of the models' predictive ability.
Materials and Methods
3.1. Database and Monitoring Point Selection
Historical CETESB data from 2012 to 2019 available at the time of analysis were employed. The effective modeling window is defined by the availability of predictors and the lag/rolling transformations on the target, which require prior observations and therefore exclude incomplete timestamps. Site TIET04200 (Tietê River) was selected due to superior data continuity.
Although CETESB provides a long historical archive, our effective modeling window emerges from the joint availability of predictors and the lag/rolling transformations that require prior observations. In addition, the data are bimonthly and come from a single monitoring site. Both factors can limit temporal and spatial generalization: low sampling frequency reduces sensitivity to short-lived events, and single-site training may encode reach-specific dynamics. To mitigate this, we used time-aware cross-validation and report pooled metrics on the most recent regime, but broader external validation across stations and higher-frequency sampling remain as future steps.
3.2. Study Parameter
Biochemical oxygen demand (BOD₅) was chosen as the target variable because it is a key indicator of water quality, reflecting the amount of oxygen consumed in the decomposition of organic matter. High BOD₅ values indicate greater organic pollution, which can compromise the health of aquatic ecosystems. Accurate BOD₅ prediction is essential for effective environmental monitoring and management of water resources.
3.3. Data Preprocessing

The dataset was pivoted to a tabular, time-ordered format by parameter and sampling date. For model training, predictor missing values are handled inside each pipeline via median imputation (SimpleImputer, strategy = "median"). The target BOD₅ is not interpolated; rows that lack the lagged/rolling target features required for prediction (e.g., BOD₅_lag1–3, BOD₅_roll_mean3, BOD₅_roll_std3) are dropped. We engineered seasonal/temporal features (season one-hot dummies derived from calendar dates, month, and day-of-year) and target memory features (BOD₅ lags of 1–3 steps and lagged rolling mean/std), ensuring all derived features are strictly lagged to avoid look-ahead. Standardization (StandardScaler) is applied only within the MLP pipeline; the Random Forest operates on raw-scale inputs. No winsorization or outlier capping is applied to BOD₅ in the implementation.
3.4. Exploratory Analysis
An exploration statistical analysis of the data was performed to understand the distribution, central tendency, and dispersion of the parameters monitored at the station. Indicators such as means, medians, standard deviations, minimum and maximum values were examined, as well as the identification of possible outliers and missing data. This preliminary analysis allowed for the organization and quality verification of the data, as shown in Table 1, and guided the subsequent preprocessing steps.
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O conteúdo gerado por IA pode estar incorreto.]Table 1. Descriptive statistics of the analyzed physicochemical parameters (2012–2019)
 

Abbreviation legend
Min. = Minimum; Max. = Maximum; Med. = Median; SD = Standard Deviation; Q1 = 1st Quartile (25%); Q3 = 3rd Quartile (75%)
3.5. Variable selection
To identify the most influential variables in predicting BOD₅ (at 20 ºC) Pearson's correlation coefficients were calculated between BOD₅ and the other physicochemical parameters. The six variables with the highest correlation (0.68 to 0.83) were selected, indicating a moderate to strong association. Highly correlated variables tend to reflect environmental processes relevant to organic load and biological oxidation. Despite the high correlation of Total Nitrogen, its low data coverage led to its exclusion from the final modeling. Figure 1 shows the correlation between the main variables and BOD₅. Figure 1 shows the six parameters with the highest Pearson correlation coefficients in relation to BOD₅ from 2012 to 2019.
[image: ]Figure 1 – Pearson correlation between the main physical-chemical parameters and BOD₅ (2012-2019)
3.6. Splitting the data
Model evaluation used time-aware cross-validation via TimeSeriesSplit (five folds), preserving chronological order and preventing leakage. In each fold, training uses only observations prior to the test block. Because early years suggest a different regime, we report performance with emphasis on the recent period (last three folds) using pooled aggregation (concatenating all predictions from those folds before computing the metrics), which provides a more faithful estimate of performance under current conditions.
3.7. Modeling and training
Two base models Random Forest (RF) and a Multilayer Perceptron (MLP) were trained to predict BOD₅. RF was selected for robustness to nonlinearities and noisy predictors with limited tuning; MLP captures smooth nonlinear mappings and interactions. The learners are combined via stacking with an out-of-fold (OOF) meta-learner (Ridge): expanding-window OOF blocks generate base predictions to train the meta-model without temporal leakage; base learners are then refit on the full training portion of each fold and the stack is applied to the test block. External evaluation uses TimeSeriesSplit (5 folds). Because earlier years reflect a different regime, reporting emphasizes the last three folds using a pooled aggregation (concatenating their predictions before computing metrics).

Features set used by the models:
Routine physicochemical predictors (raw): Total Phosphorus, Conductivity, Total Dissolved Solids, Ammoniacal Nitrogen, Total Solids (when available).
Temporal/seasonal: season dummies (Summer/Autumn/Winter/Spring from calendar dates), month, day-of-year.
Target memory (lagged): BOD₅_lag1, BOD₅_lag2, BOD₅_lag3, and lagged BOD₅_roll_mean3 and BOD₅_roll_std3.
Scaling: only within the MLP pipeline; RF ingests raw-scale features.
Imputation: median imputation of predictors within each pipeline; the target is not imputed/interpolated (rows without required lags/rollings are dropped).

3.7.1. Rationale for the RF + MLP Hybrid
A hybrid stacked ensemble (RF + MLP) was adopted because complementary learners capture distinct signal structures under the given data constraints. RF is robust to nonlinearities and noisy predictors with limited tuning burden, whereas MLP can model smooth nonlinear mappings and interactions that trees approximate only piecewise. Preliminary (unreported) ablations indicated that each base learner dominated in different sub-periods; their combination stabilized performance. 
Deeper stacks and heavy boosting were intentionally avoided because (i) the bimonthly series and modest sample size increase overfitting risk in high-capacity ensembles; and (ii) the operational aim (nowcasting between lab campaigns) favors models that remain stable under small distribution shifts and are straightforward to maintain. This hybrid therefore balances the bias–variance trade-off, training cost, and operational simplicity.
Furthermore, complementary learners have been shown to outperform single models when combined by a meta-learner. In related water-quality work on WQI classification, Nasir et al. (2022) reported very high accuracies with stacked models—in some setups reaching 100% and consistently outperforming the best individual learners. Although their task (WQI classification) differs from our BOD₅ regression and direct comparisons are not possible, these results support the rationale for compact stacked ensembles when complementary inductive biases are expected to stabilize performance under sparse, noisy monitoring data. Although our task is BOD₅ regression, this methodological evidence motivated a compact RF+MLP stack under sparse, noisy, bimonthly sampling, where complementary inductive biases are expected to stabilize and improve performance (cf. Wolpert, 1992; Breiman, 1996; Zhou, 2012).
3.8. Model evaluation
Model performance was evaluated using the following metrics:
• Mean Absolute Error (MAE), which represents the average of the absolute differences between predicted and observed values.
• Mean Squared Error (MSE), which penalizes larger errors by squaring them.
• Root Mean Squared Error (RMSE), which brings the MSE to the same unit as the variable.
• Mean Absolute Percentage Error (MAPE), which expresses the error in percentage terms.
• Coefficient of Determination (R²), which indicates the proportion of variance explained by the model.
3.9. Tools and packages used
For analysis and development of the predictive model, the following Python packages were used: pandas (data manipulation), plotly (visualization), scikit-learn (models and validation), numpy (calculations), matplotlib (graphs), and scipy (statistics). Preprocessing included creation of seasonal variables, and lags. The evaluation used temporal cross-validation with TimeSeriesSplit, respecting the order of the data.
The source code and data used in this study are available at https://github.com/GustavoNess/modelo-preditivo-dbo for reproduction and analysis purposes.
Results and discussions
We evaluated the BOD₅ prediction model using five-fold time-aware cross-validation (TimeSeriesSplit), preserving temporal order and preventing leakage. Because early years suggest a different hydrological/operational regime with poorer skill, we focus on the recent period represented by the last three folds.
Table 2 reports fold-level results and the pooled aggregation. In the pooled computation—concatenating predictions from the three recent folds and computing the metrics once—the model achieved R² = 0.738, RMSE ≈ 9.36 mg/L, MAE ≈ 7.72 mg/L, MSE ≈ 87.66, and MAPE ≈ 22.28%. These figures indicate that the RF+MLP stacking explains about 74% of recent BOD₅ variability, with typical absolute errors of 7–10 mg/L, which is compatible with environmental monitoring. We favor the pooled estimate because simple fold averages can mislead by giving equal weight to folds with different n; pooling yields a more faithful estimate of effective performance under current conditions.








Table 2 – Performance of the hybrid model in temporal cross-validation
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Regarding external context, reported R² values for environmental BOD₅ forecasting with classical ML on single-site datasets commonly range from moderate to high (e.g., 0.5–0.8) depending on horizon, covariates, and sampling frequency. Our pooled R² =0.738 under a bimonthly setting sits toward the upper part of that interval, which is encouraging given the sparse sampling and the absence of hydrometeorological drivers in the present study. A direct head-to-head comparison is not possible without harmonized datasets and horizons, but the magnitude of errors (MAE ≈ 7–10 mg/L) appears consistent with prior single-site studies using physicochemical covariates alone.
Figure 2 displays observed and predicted values for the recent window (last 3 folds), with shaded test spans. Predicted values closely track peaks and troughs, with modest discrepancies across the period. Two caveats remain: (i) earliest folds perform markedly worse, consistent with a regime shift, which supports emphasizing recent performance for operational prediction; and (ii) bimonthly sampling limits sensitivity to short-lived events and contributes to a MAPE ≈ 22% (also inflated at very low concentrations). Even so, the results are promising for QA/QC-oriented monitoring: the model provides an immediate plausibility check for BOD₅ between lab campaigns, flagging anomalies to guide inspections, data-entry review, and targeted verification.


[image: ] Figure 2 – Observed vs. Predicted BOD₅ with hybrid MLP + RF, last three folds (2012–2019)

The results show that stacking Random Forest and MLP yields a robust model for BOD₅ prediction in environmental time series. In the pooled evaluation over the last three folds—which represents the system’s recent regime—the model achieved R² = 0.738, RMSE ≈ 9.36 mg/L, MAE ≈ 7.72 mg/L, MSE ≈ 87.66, and MAPE ≈ 22.28%, explaining about 74% of recent BOD₅ variability with typical absolute errors around 7–10 mg/L.Extreme BOD₅ peaks remain the most challenging regime. We see three complementary avenues to improve skill on extremes: (i) Targeted anomaly handling: use robust pre-processing and explicit anomaly models (e.g., isolation-forest-based flagging to trigger robust losses or winsorized training targets) and train with asymmetric/quantile objectives so the model learns upper-tail behavior; (ii) Higher-resolution and exogenous drivers: integrate weekly/daily data and hydrometeorological covariates (rainfall, discharge, temperature), as well as operational/land-use indicators. These features often explain sudden organic load pulses and can materially reduce peak errors; (iii) Uncertainty-aware predictions: output prediction intervals or quantiles (e.g., pinball loss) to provide early-warning ranges when the point forecast is less reliable, improving decision-support during peak-risk conditions.
Time-aware cross-validation (TimeSeriesSplit) was key to avoid leakage and support generalization, and the inclusion of seasonal indicators and lagged target features improved the capture of temporal patterns typical of water quality. We emphasize the recent period because early folds suggest a regime shift and deliver substantially lower skill; the pooled metric over the last folds is therefore a more faithful estimate of performance under current conditions.
Conversely, a MAPE ≈ 22% highlights challenges in forecasting extremes (peaks/troughs), especially at very low concentrations where relative errors inflate. The bimonthly sampling further limits sensitivity to short-lived events. 
Performance could be enhanced with higher-frequency data (weekly/daily), exogenous drivers (rainfall, discharge, land use, human pressure), explicit seasonal interactions, and uncertainty quantification (prediction intervals/quantiles).From an operational standpoint, the model is most useful for QA/QC: even when framed as nowcasting, it functions as a contemporaneous plausibility proxy between campaigns, highlighting inconsistencies, prioritizing inspections, and supporting preventive water-management checks.
4.1. Operational considerations for QA/QC use
For routine operations, the prediction serves primarily as QA/QC on measurements (and only secondarily as a clearly labeled provisional estimate when lab results are delayed). Each new BOD₅ result is compared with the model prediction; if the deviation is large (e.g., above ~2× the model RMSE), flag it as suspect and run a simple check: confirm units and data entry, review the lab report (sample ID, method, validity), and cross-check related parameters. If the discrepancy remains, request re-analysis or re-sampling.
Operational feasibility hinges on consistent data availability at sampling time: maintain a minimal, stable predictor set. Computationally, the RF+MLP hybrid runs on commodity hardware with fast training and inference; periodic retraining (e.g., quarterly or when sliding metrics show drift) is usually enough. Finally, policy and system integration should specify QA/QC action rules (e.g., flag when |lab−pred| > k×RMSE), logging of predictions and decisions with model versioning for auditability, and simple Standard Operating Procedures that state who verifies, what action is taken, and within what timeframe—while keeping laboratory measurements as the record of reference.
Conclusion
In summary, the RF+MLP ensemble provides reliable BOD₅ prediction under the recent regime, with pooled performance over the last three folds of R² = 0.738, RMSE ≈ 9.36 mg/L, MAE ≈ 7.72 mg/L, and MAPE ≈ 22.28%. In practical terms, the model explains roughly three quarters of recent variability and keeps typical absolute errors in the 7–10 mg/L range, which is consistent with operational use between laboratory campaigns.
The error profile should be interpreted in light of the intrinsic dispersion of BOD₅ at site. Descriptive statistics show a wide range and strong spread (min 10 mg/L, max 96 mg/L, mean 47.11 mg/L, median 40.50 mg/L, SD 23.93 mg/L, Q1–Q3 = 27–65.75 mg/L). This implies high variability with a coefficient of variation near 51% and a right-skewed distribution. Under this level of dispersion, MAE ≈ 7.72 mg/L corresponds to about 16% of the mean and roughly 20% of the interquartile range, while RMSE ≈ 9.36 mg/L is about 24% of the interquartile range. These ratios help explain both the difficulty in matching extreme peaks and the observed MAPE ≈ 22%, especially when concentrations are low or changing rapidly.
First, extremes remain harder to capture, which contributes to higher percentage errors and occasional underestimation of sharp surges in organic load. Second, the bimonthly sampling limits sensitivity to short-lived dynamics and reduces the opportunity to learn fast transitions. These gaps can be mitigated by incorporating exogenous drivers such as rainfall, discharge, and temperature, by increasing sampling frequency where possible, and by producing uncertainty-aware outputs (prediction intervals or quantile models) to support QA/QC triage.
In Brazil, where monitoring campaigns are often bimonthly or quarterly and laboratory turnaround is nontrivial, the model is particularly valuable as a QA/QC tool between campaigns. By offering timely plausibility checks against new laboratory results, the proposed RF plus MLP stack can help agencies and operators prioritize field verification and accelerate responses to suspected issues, while preserving laboratory measurements as the legal source of record. The next practical steps include integrating hydrometeorological feeds, adopting prediction intervals for risk-aware flags, and formalizing escalation protocols that reflect regulatory thresholds and operational constraints.
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Parameter Min. Max. Mean Median Std Qa1 Q3
BOD (5,20) 10 96 | 4711 | 4050 29 27 | 6575
Total Phosphorus 010 | 382 | 1.77 8- 0.96 105 | 268
Conductivity 262 | 921 |580.12| 588 177.45 |44475| 723
Total Dissolved Solids | 136 | 508 |307.77| 304 93.82 |23550| 382
Ammoniacal Nitrogen | 3.59 | 28.9 15 14,60 724 857 | 2065
Total Solids 178 | 642 |363.29| 361 96 295 | 416
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