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Abstract

:

The jar test is the current standard method for predicting the performance of a conventional drinking water treatment (DWT) process and optimizing the coagulant dose. This test is time-consuming and requires human intervention, meaning it is infeasible for making continuous process predictions. As a potential alternative, we developed a machine learning (ML) model from historical DWT plant data that can operate continuously using real-time sensor data without human intervention for predicting clarified water turbidity 15 min in advance. We evaluated three types of models: multilayer perceptron (MLP), the long short-term memory (LSTM) recurrent neural network (RNN), and the gated recurrent unit (GRU) RNN. We also employed two training methodologies: the commonly used holdout method and the theoretically correct blocked cross-validation (BCV) method. We found that the RNN with GRU was the best model type overall and achieved a mean absolute error on an independent production set of as low as 0.044 NTU. We further found that models trained using BCV typically achieve errors equal to or lower than their counterparts trained using holdout. These results suggest that RNNs trained using BCV are superior for the development of ML models for DWT processes compared to those reported in earlier literature.
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1. Introduction


In a conventional drinking water treatment (DWT) plant, the unit processes of coagulation and flocculation, followed by clarification and filtration, are primarily responsible for removing large colloidal particles and natural organic matter from water [1]. The success of these downstream processes depends on the effective agglomeration of particles into flocs in the upstream coagulation and flocculation processes. Floc formation is affected not only by coagulant and flocculant addition but also by several raw water quality parameters, including conductivity, initial turbidity, and initial suspended-solids concentration [2], which are often prone to rapid fluctuations due to climatic events. Temperature and pH have a particularly significant influence on this process as they affect coagulant hydrolysis, flocculation kinetics, coagulant speciation, organic matter adsorption, and charge neutralization [3].



Due to the complex nature of the coagulation process, there is no mathematical model as of yet that accounts for all of the relevant parameters that can be used to accurately predict the behavior of the coagulation process [2], especially for natural waters for which organic matter reactivity remains poorly defined. As a result, the jar test [4] remains the standard method of testing coagulation behavior and estimating optimal coagulant addition. The jar test is performed at bench scale. It involves adding various coagulant doses to a raw water sample at various pH levels and measuring the settling behavior and resulting turbidity. Despite its ubiquity, the jar test has some drawbacks. The need for an operator to manually perform lab tests means that there is an appreciable labor requirement associated with this procedure. Additionally, the water sample upon which the test is performed is taken at a single point in time. In contrast, a treatment plant’s influent water quality constantly changes based on the season and weather events. For this reason, jar testing cannot be used to continuously optimize a coagulation process as raw water quality often changes too quickly for this to be feasible [2]. As a result, jar test results do not necessarily translate well to full-scale operation, and scaling up the jar test conditions to various full-scale processes is a common challenge.



To overcome the limitations of the jar test and improve the operational predictions, we investigated the potential to use continuous sensor data to predict clarified water turbidity. Online water quality sensors are available to automatically and continuously measure and record most of the relevant water quality and operational parameters affecting the coagulation, flocculation, and clarification processes [2]. One such sensor in some DWT plants is the streaming current detector (SCD), which measures the surface charge on solid particles in the coagulation basin [5]. While it is possible to develop a control loop that attempts to maintain zero net charge on the particles in the coagulation basin using the SCD, the set points for various raw water conditions are still determined via jar testing or empirically based on the performance of the full-scale process [6]. As demonstrated by the authors in [5], such control loops can also be unstable as plants can adjust both pH and coagulant dose independently, which both affect streaming current readings. While they developed a model in which pH and coagulant dose can be somewhat decoupled through an estimated relationship between pH and SCD measurements, they acknowledge that their analysis indicates that other variables contribute an appreciable amount of variability to the data that are not considered in their model.



Some authors have developed empirical feedforward control models to predict optimal operating conditions based on measures of raw water quality [7,8]. These models can vary widely in complexity and serve to identify which coagulant results in optimal settled water quality based on one or more raw water quality parameters. While these models may serve as a useful starting point for operators to determine a good coagulant dose, they face some issues. Notably, these empirical models require lots of manual work and are prone to the inductive biases of the authors that develop them based on their assumptions of the data distribution and importance of certain variables. Perhaps the most notable drawback is that such a model is difficult to update if the quality of the source water feeding the plant changes significantly, as the entire modelling process must essentially be repeated. This concern is increasingly relevant as climate change is causing the degradation of source water quality due to exaggerated wet and dry periods [9], increased erosion caused by wildfires [10], and the disruption of seasonal phenomena [11]. These effects can lead to more frequent turbidity spikes which render drinking water treatment more difficult [12,13], in addition to continuously rendering models based on old water quality data obsolete.



Another means of leveraging continuous sensor data to aid in process control is through the use of machine learning (ML). ML models typically require a large amount of historical data in order to be developed, and nowadays many DWT plants have enough archived operating data for ML model development to be feasible. These ML models can be automatically re-trained as new data becomes available in order to continuously keep them applicable to current conditions. The goal of an ML model is to establish a relationship between observed input and output data, without necessarily having to mathematically explain the underlying phenomenon, which makes this an appropriate method to apply to the coagulation process. Interest in applying ML to the DWT industry is not new; in fact, there is a sizable body of existing research in this field. Much of this work involved investigating the potential of applying artificial neural networks (ANNs), a type of ML model, to aid with DWT process control of the conventional water treatment process using historical plant operating data. Examples of these previous studies include: predicting the filtered water turbidity in LaVerne, California, USA [14]; predicting the clarified water quality and optimal alum dose in Union, Ontario, Canada [15]; predicting the optimal coagulant dose at a plant in Brazil [16]; predicting the optimal alum dose in Sabah, Malaysia [17]; and predicting the optimal PID control elements for a coagulant dosing pump at a treatment plant [18].



In much of the previous research, such as the studies listed above, the authors use the multilayer perceptron (MLP) model to make predictions of future values based on previous ones. However, the MLP model has no mechanisms to treat information sequentially. This is in contrast to recurrent neural networks (RNNs), which are specialized for processing sequential data [19]; they should perform better than MLPs for time series problems in DWT. Additionally, we note that these previous studies employ the holdout method for model evaluation. This method involves shuffling the data before splitting it into training/validation/testing subsets, which, for time series data, can lead to the phenomenon of “data leakage.” This can bias the model’s evaluation, leading to an inflated estimate of the model’s performance and a suboptimal final model [20]. We compare this to an alternate training methodology explicitly developed for sequential data known as blocked cross-validation (BCV) [21,22]. BCV keeps the data in its sequential order to avoid potential data leakage and additionally increases the proportion of the data available for model training, which can result in the model having better predictive capabilities.



The remainder of this paper is structured as follows. Section 2 explains the methodology, which includes the preparation of the data, model implementation, choice of model types, and model training and testing. Section 3 contains an analysis of the results, which includes a comparison of the performance of the different types of models and comparing the two different model training methodologies. Section 4 is a discussion of these results, including their implications for authors wishing to model time series data and further research that can be performed to build upon these results.




2. Methodology


2.1. Data Analysis and Preprocessing


The data set for this research project comes from the Chomedey drinking water treatment plant in Laval, Québec, Canada. This plant collects surface water from Des Prairies River in an area where most of the adjacent land use on the riverbanks is suburban residential. From 1981 to 2010, the area experienced an average annual rainfall of 785 mm, an average annual snowfall of 210 cm, and average temperatures climbing above freezing in April [23]. This combination of heavy snowfall followed by warmer temperatures in spring makes the river prone to significant freshets in the spring. The treatment process at this plant consists of screening, coagulation, flocculation, clarification, ozonation, biological filtration, and disinfection; for this study, we examined only the coagulation, flocculation, and clarification processes. These processes occur in three parallel Actiflo® HCS (high concentration sludge) clarifiers [24], of which two usually are in operation at any given time. The plant typically uses alum as a coagulant and cationic polyacrylamide as a flocculant.



The plant data set originates from online sensors collected at one-minute intervals from July 2017 to November 2021 for 2,243,440 data points. Note that each data point contains operating information for, on average, two active clarifiers. We use seven variables for model development: influent turbidity, influent temperature, influent conductivity, coagulation basin pH, alum dosage, flow rate, and clarified turbidity. Data were removed where values were missing or suspected to be erroneous, resulting either from frozen sensor values (suggesting a communication issue between the sensor and the control software) or from momentary spikes or drops in sensor values that quickly returned to normal (suggesting some noise). After these changes, the data set was reduced by 9.91% to 2,021,104 data points. A histogram illustrating the distribution of clarified water turbidity values in the cleaned data set is presented below in Figure 1.



All the variables are then scaled to a range of [0,1] using the minimum and maximum value of each variable in the data set according to Equation (1):


    x     s c a l e d   =   x −   x   m i n       x   m a x   −   x   m i n      



(1)







One of the variables that we omitted from our model development is the polymer dose. While polymer addition is critical to the success of the Actiflo® process, in this data set, polymer dose data are only available from September 2020 onwards. Since data quantity is critical for developing ML models, especially for those modelling seasonal phenomena, including the polymer dose in our model would severely limit the model quality. Some experiments comparing identical model architectures trained with and without the inclusion of the polymer dose using a truncated version of the data from September 2020 onwards revealed no statistically significant difference in model performance with or without the polymer dose. This is likely due to the low variability in polymer dose values across the data set, as it is already well optimized, which means that this variable imparts little additional information to the model. Dissolved organic carbon (DOC) is not included as an input to our model as the plant does not have any continuous sensors for measuring influent DOC concentration. While DOC does typically have an effect on the performance of the coagulation process, it is relatively stable in this area of the Des Prairies River throughout the year (mean = 6.2 mg/L, standard deviation = 0.7 mg/L) [25] and therefore the plant’s coagulation process is dictated by optimizing for turbidity removal. The addition of a DOC sensor in the future may be useful to improve model performance, but this difference should not be significant.



The raw data are converted into a tensor for model training and evaluation. We applied overlapping sliding windows that are 45-time steps in length to create individual examples to include in the tensor. Since flow rate and clarified turbidity are recorded per clarifier, we make multiple examples of the data at each time step that share the five common variables (influent turbidity, influent temperature, influent conductivity, coagulation basin pH, and alum dose) with the unique flow rate and clarified water turbidity for each online clarifier. Each example in the tensor is therefore a 45 × 7 matrix, representing 45 consecutive minutes of measured values for the 7 variables outlined above. Each 45-min data window is turned into two examples, one per active clarifier. The first 30 min of the data includes all variables and is used as input to the model; the last 15 min of the data includes only the clarified turbidity and is the target for the model to predict. Since this approach requires 45 consecutive data points, many examples are removed as they contain an isolated time step that is missing data. This results in a total of 1,539,890 examples in the final data set. This process is summarized visually in Figure 2.




2.2. Implementation


The model receives as input 30 time steps (30 min) of data for all 7 variables described previously, and its task is to predict the evolution of the clarified water turbidity over the next 15 time steps (15 min). These values were selected as the hydraulic retention time (HRT) in the Actiflo® basin at the design capacity is roughly 13 min. Therefore, we provided the model with roughly two HRTs of data as input and tasked it with predicting the effluent approximately one HRT in advance, which should be solely a function of what can already be measured in the system at that time. The model error is calculated as the root-mean-square error (RMSE) during training, according to Equation (2):


  RMSE =    1   N     ∑  i = 1   N          x   i   −     x  ^    i       2       



(2)




where     x   i     is the true value of data point i,       x  ^    i     is the corresponding value predicted by the model, and N is the total number of data points in the set. In the text however, we report errors as mean absolute error (MAE) as this measure is more intuitive, according to Equation (3):


  MAE =   1   N     ∑  i = 1   N        x   i   −     x  ^    i        



(3)







The results are passed through the inverse of the normalization function applied to the clarified turbidity variable before the error is calculated, such that the reported error is in the original units of NTU. All programming was performed in Python using the PyTorch package. The code we developed for model training and evaluation can be found in the Supplementary Materials. Training was performed locally using an Nvidia GeForce RTX 3080 12G GPU.




2.3. Model Selection


In Section 1 it was identified that much of the previous literature applying ML to DWT, including relatively recent studies, employs the multilayer perceptron (MLP) model. The MLP is the most standard form of ANN [19]. Thus, we employ MLP in this study to establish a baseline level of performance. The mathematical details for the MLP and all other ANN architectures are outside the scope of this paper; readers wishing to familiarize themselves with each model in detail are referred to the cited literature.



We employ an MLP where each hidden layer is composed of a linear part followed by a nonlinear ReLU part. For our MLP model only, the two-dimensional input tensor is flattened to one dimension before the first input layer. For the MLP we test a grid search of hyperparameters where the number of hidden layers is (2, 3, 4) and the number of hidden units h per layer is (960, 1920, 3840). A visual diagram of our MLP implementation is provided in Figure 3.



Given that the data used in this study are a time series, we consider two types of recurrent neural networks (RNN). The architecture of an RNN contains recurrent connections that force the network to model current data in terms of past data. This is useful in this particular situation as data points have a temporal relationship. While standard RNNs often encounter certain difficulties while training, typically referred to as the vanishing/exploding gradient problem, there exist modified RNN architectures with preferable properties that achieve better results by allowing the modelling of longer-term dependencies.



Arguably the most popular RNN architecture is the long short-term memory network, or LSTM [26]. In an LSTM network, each time step in the series is processed by a memory cell composed of three gates that control the flow of information from the current and previous time steps. This allows for more uniform error flow during backpropagation and, thus, is less prone to vanishing/exploding gradients. A similar gated architecture is the gated recurrent unit, or GRU [27]. This architecture is a modified version of the LSTM, but the cell uses two gates instead of three and, therefore, tends to train faster for a fixed number of parameters. However, it is unclear if one is superior to the other across all tasks [28].



For this study, we tested the RNNs in an encoder–decoder arrangement. In our implementation, the encoder and decoder are an RNN of the same type with the same hyperparameters (number of hidden layers and hidden layer size). This arrangement first encodes the input sequence into a “context” composed of a hidden state and cell state. Each of these states is a matrix with dimensions of (number of hidden layers) × (hidden layer size). The context is then provided to the first temporal layer of the decoder RNN along with the last effluent turbidity value in the input sequence to predict the first effluent turbidity value in the output sequence. This predicted value and the new hidden and cell states are provided recursively to a new temporal RNN layer for the desired number of time steps, illustrated in Figure 4. Note that in this figure, the RNN cells are always of the same type: either LSTM or GRU. Our implementation also uses teacher forcing during training [29], in which the last predicted value may instead be replaced with the ground truth value at the next timestep with probability   p = 0.5  ; this technique tends to speed up model training by nudging the model into the correct range of output values multiple times during each training step. For both types of RNN we test a grid search of hyperparameters where the number of hidden layers is (2, 3, 4) and the number of hidden units per layer is (32, 64, 128).




2.4. Training and Testing


In machine learning, it is common practice to employ cross-validation for optimal model selection [30]. The simplest form of cross-validation is the holdout method, which entails dividing the data randomly into three static subsets: a training set, a validation set, and a test set—a typical ratio being 50%, 25%, and 25% of the total data, respectively. The training set is used to train the model—that is, it is the data used by the computer to adjust the model’s parameters. The training process makes these adjustments to improve the model’s performance on the given task with that particular data set. Since we want the model to perform well on all possible data it might encounter during this task, we periodically assess its performance on the validation set. We use the early stopping strategy [19], which means we stop training once the model’s performance begins to degrade on the validation set, as this suggests that the model has begun to overfit to the training set and therefore no longer performs the desired task in a generalized way. The test set is only used once model training is concluded, and the model’s performance on this set gives an estimate of what the model’s performance will be once it is deployed to perform the task in a real situation. We wish to maximize the amount of data in the training set to achieve the highest model performance. Still, we must also be careful to keep the validation and test sets large enough to have good estimates of the model’s performance on data outside of its training set.



One problem that we identified in multiple previous studies applying ML to DWT is that of potential data leakage [14,15,31,32,33]. Data leakage is a situation in which a model is trained on data that it does not have access to under real circumstances [20]. In the referenced studies, the authors rearranged their data, either via a heuristic or a random shuffle, before splitting them into static subsets or folds. This introduces two potential sources of data leakage into the model. These two sources being that the model is trained on data obtained later than other data in the validation and test sets, and that data windows in the training set can overlap with data windows in the validation and test sets. In a real-life situation, our model necessarily does not have access to data in the future. This means that these models were tested in a way that does not accurately reflect their situation if deployed into real operation. Such a training paradigm can also degrade model performance as the data leakage may mean that overfitting is detected much later than if the training and validation data were held in chronological order.



To avoid data leakage and to increase the amount of data available during training compared to using static subsets, we employed a training methodology originally proposed by Snijders [21] and referred to as “blocked cross-validation” (BCV) in [22]. With BCV, those data are not divided into static subsets, but instead these subsets change over the course of training. We start by dividing the data equally into N parts, which we will call blocks and will refer to sequentially as being blocks (1, 2, … N − 1, N). The data are always left in chronological order. We first start by using block 1 as the training set, block 2 as the validation set, and block 3 as the test set. We train the model until it converges (i.e., until the validation error begins to increase), test the model, and record the test error on block 3. We then increase the size of the training subset by 1 block such that blocks 1 and 2 are now the training set, block 3 is the validation set, and block 4 is the test set. This process repeats until block N has been used as the test set. The model’s test error is estimated as the arithmetic mean of the error on all N − 2 test blocks. This strategy is illustrated visually in Figure 5.



The BCV approach should be preferred for time series data specifically since these data are not independent. Data being independent is a fundamental assumption of the holdout training method; using time series data violates that assumption [30]. BCV avoids this as we assure that data windows in each set do not overlap and are sufficiently far apart in time so as to not be dependent. In addition to avoiding data leakage in this context, BCV allows us to increase the fraction of data available in all three subsets, as most of the data can be reused in each of them. This can lead the model to converge to a better solution and reduce bias in the model performance estimate. However, it is worth noting that this renders the training process more computationally expensive than the holdout method.



In our implementation, we set N = 14, which means 12 blocks are used in each data set. This effectively results in 85% of the overall data set being used for training, validation, and testing over the entire course of training, compared to the typical 50%, 25%, and 25%, respectively, when using the holdout method. For this step, we use only data from July 2017 to July 2020, reserving the remainder for comparing the two cross-validation methods. Optimization is performed using the Adam algorithm [34] with a learning rate of 5 × 10−4, as this was determined through experimentation to result in the lowest validation model errors. We use a minibatch size of 64 as, through experimentation, it was observed to converge to better solutions than larger batch sizes while still being reasonably computationally efficient. We iterate for each of the 12 different block distributions until the validation loss has not improved for the last 10 epochs, up to a maximum of 100 epochs per training loop. We use a weight decay (L2 norm penalty on the model parameters) of 1 × 10−8 and clip gradients to a norm of 1 as these hyperparameters were observed to improve training performance.





3. Results


3.1. Model Performance


The distribution of the test set MAEs for each size of the trained model, as described in the methodology, is illustrated in Figure 6, and summary statistics are presented in Table 1 and Table 2. Note that while the y-scale for both graphs is the same, the data points in the BCV test set are not the same as the data points in the holdout test set, and therefore, the results are not directly comparable between the two graphs.



Since the two test sets are different, we cannot directly compare the results of the two training methodologies—for this we will evaluate the models on the data that we reserved for this purpose at the end of the original data set.



Regardless of the training method, similar patterns are observed in both graphs. The MLPs demonstrate considerably higher variability in model performance than the LSTMs or GRUs. This suggests that hyperparameter tuning (in terms of the number of hidden layers and hidden layer size) is less important for the RNNs than it is for MLP to find an optimal model. However, the best model in each class achieves very similar performance, with an error difference between the three best models trained using BCV and holdout of only 0.02 NTU and 0.05 NTU, respectively. It is notable, however, that GRU consistently has the lowest overall and median errors in both cases.



While training time does not affect model performance when used in production, it is helpful to know how the training time scales with model size for instances with limited training budget. The training time using BCV for each size of the model is presented in Figure 7.



It is notable in the above figure that small MLPs train notably faster than small LSTMs and GRUs. However, as model size increases, this advantage begins to diminish, and in the case of the largest models we trained, GRU had a slightly shorter training time for MLP. This suggests that for larger models than those used here, MLPs would have very long training times, which, coupled with the fact that they also require more hyperparameter tuning, may make them infeasible in such a case.




3.2. Cross-Validation Methods


We re-evaluated all of our trained models using all the data from September 2020 to August 2021, representing one full year of operating data after the data used to train the model—we will refer to this particular subset of data as the production set. This effectively reflects the model’s performance if it were deployed to make real-time predictions in the industrial environment. Since this production set is now the same between the models trained using the two different methods, we can directly compare the two. In Figure 8 below, we plot the reported performance of each of the trained models on its test set against its performance on the production set. The diagonal line represents the line along which the reported test set error is the same as the observed error for the production set.



Figure 8a shows that all MLPs trained using BCV perform about the same on the production set despite the variability in their test set performance. In all nine cases, the models perform approximately as well or better on the production set than on the test set. Conversely, the production and test set performance for MLPs trained using holdout are very well correlated. A potential explanation is that the training set contains instances of extreme system behavior, such as notable flooding in the spring of 2019. In contrast, the production set is a relatively well-behaved year in this regard. It was observed through the training curves that the models trained using BCV with high test set error show particularly large errors where the test block contains this flood data, which raises the overall test error. This means that by the end of training using BCV, the reported test error may be skewed higher due to the test blocks containing extreme examples. The fact that the MLPs trained using BCV all perform similarly on the production set suggests that the use of BCV in this instance results in more stable models, as opposed to holdout which led several of the final models to perform poorly by comparison on this task.



In Figure 8b, all of the points representing RNNs trained using BCV are clustered relatively close to the line, which suggests that their test set performance is a good indicator of their production performance later on. On the other hand, it can be seen that all of the points representing RNNs trained using holdout lie above the line, indicating that their reported test set performance is an overestimate of their true performance in production. This is consistent with our earlier hypothesis that training using holdout would lead to underestimating the true model error for temporally dependent data. In this instance, RNNs trained using either method have similar production performance. The best model trained using BCV was the 3 × 64 GRU with a production set MAE of 0.045 NTU, and the best model trained using holdout was the 4 × 32 GRU with a very similar production set MAE of 0.044 NTU. However, as can be seen by the lower variability in the error of models trained using BCV, it seems to have an advantage over holdout in providing more robust estimates of model performance.





4. Discussion


4.1. Key Findings


We developed and tested three model types (MLP, LSTM, and GRU) using two training methodologies (blocked cross-validation and holdout) to predict clarified water turbidity in a conventional drinking water treatment plant. For each type of model, we trained a combination of different numbers and sizes of hidden layers and assessed each model on both a test set (which is different for BCV and holdout) and a production set (which was the same for both training methods).



When examining the best models of each type, MLP achieved similar MAE on the test set as both types of RNN (LSTM and GRU). In the case of training using BCV, the best examples of MLP, LSTM, and GRU had MAEs of 0.046, 0.046, and 0.044 NTU, whereas in the case of holdout training, these are 0.040, 0.035, and 0.035 NTU respectively. However, the obvious advantage of using either LSTM or GRU instead of MLP is that the range of performances varies widely for MLP depending on the model size, whereas for the RNNs, this variance is comparatively small. This is best appreciated visually in Figure 6 above. Of particular note is that the median error of the GRU models is only 0.001 and 0.002 NTU above the best model for BCV and holdout respectively. Therefore, GRU requires very little hyperparameter tuning to converge to a good model, as only trying a few different sizes is likely to uncover a model similar in performance to the best one found here. Conversely, the comparatively high variance in the performance of the MLP models implies that MLPs require much more hyperparameter tuning to find a good model. This somewhat nullifies MLP’s only advantage of being faster to train for smaller models, since it requires the training of a greater number of models in total.



Since the test set is different depending on whether we are training using blocked cross-validation or holdout due to the nature of these methods, we use the production data set to evaluate the models trained using either method to compare them. When comparing the two cross-validation methods, two different observations are made depending on the type of model being examined. In the case of MLP, we see that models trained using BCV result in similar production set MAE regardless of their wide range of test set MAE, whereas for models trained using holdout these two MAEs correlate quite well. In the case of RNNs, all models trained using holdout reported lower test MAE than production MAE, which is not the case for the RNNs trained using BCV where the production set MAE tends to be much closer to the test set MAE. This means that the RNNs trained using holdout consistently overestimated their performance during training and testing compared to how they would perform when deployed for real use.



Based on these results, we have demonstrated the advantages of using RNNs instead of MLPs and blocked cross-validation instead of holdout cross-validation for modelling time series problems in the water treatment sector. Therefore, we encourage any authors working on similar problems to adopt these methods as they require less hyperparameter tuning and better reflect real conditions, resulting in models with more reliable performance estimates. While these results are specific to this data set and this task and may not carry over to all similar tasks, the theory supports RNNs and blocked cross-validations being well suited to time series problems. We encourage authors to explore these avenues when modelling time series phenomena using machine learning.




4.2. Limitations and Future Work


While the results of this model are very good in that average prediction errors below 0.05 NTU are likely acceptable for use in a real water treatment plant, there is still further work that needs to be performed as part of integrating ML models into the water treatment process. Of great importance, this model was trained using historical data from a treatment plant that is overall well optimized and experiences very few process upsets. As we anticipate climate change to affect the quality of the source water over time, it is possible that future trends in this data will shift away significantly from those of the training set—this will likely degrade the model performance over time and we have no way of knowing in advance how robust our model predictions will be in the future as a result of changing climactic conditions. This highlights the importance of regularly re-training models as new data are generated over time, which is effectively a continuation of training with BCV with additional blocks available. There is also the issue that by their nature, extreme events will always make up only a small fraction of the training data set and therefore ML models which extract common patterns from significant amounts of historical data may not be the best way of predicting process performance in such cases.



Our model was developed to predict settled water turbidity based on what can be observed from historical data. While it was noted in the literature review that most authors developed models to predict optimal coagulant dose, we believe it is important to keep in mind that the applied coagulant dose that is observed in historical data is not necessarily optimal, since as we point out, we cannot optimize continuously based on the current standard of using jar tests for this purpose. Although the optimal coagulant dose would be a very useful variable to predict as it is most actionable for operators, such a model cannot be developed from historical data alone. With a model such as ours, we believe the utility comes from being able to alert operators when a large increase in settled water turbidity is expected and thus giving them advanced warning that a change to some process parameters may be required.



It is also important to note that our model is not causal—it merely makes predictions of future data based on previous data. It does not attempt to explain which changes in input result in corresponding changes in output. That is to say, it does not attempt to explain the underlying phenomenon. A potential future avenue to explore to address the above points is to generate data from a pilot-scale process to intentionally create scenarios of poor water quality and non-ideal process optimization to gather information on how this process performs under these rare circumstances. This approach allows us to gather data about extreme events much more quickly than if we waited for them to occur naturally. It allows us to experiment with different operational scenarios without risking distributed water quality, and to operate under the same conditions while following predictions from either jar tests or an ML model to see how these two methods compare. It also allows us to control each variable individually to examine how it affects the underlying process, gaining some insight into the causal relationships between the inputs and outputs of the coagulation process. This would allow for the development of models that can truly determine optimal coagulant dose since they would have access to training information that indicates how multiple different doses perform under the same raw water conditions. However, a potential drawback of this approach is that the model may not scale up correctly from the pilot-scale to the full-scale process. Thus, research investigating if models trained on pilot-scale data apply to full-scale processes would also be valuable.
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Figure 1. Empirical distribution of the plant’s turbidity in the (a) influent water and (b) settled water.