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A B S T R A C T 

This study investigated the forecasting ability of the long short-term memory neural network 

model (LSTM model), which is a type of recurrent neural network (RNN), for the dynamic 

character of membrane bioreactor (MBR). MBR is an advanced wastewater treatment system 

that combines activated sludge process with a membrane separation system. In this study, 

dissolved oxygen (DO), pH, trans membrane pressure (TMP), mixed liquor suspended solids 

(MLSS), and air flow rate of a bench-scale MBR were measured to obtain the time series data, 

and the time interval for each time series was unified to 1 hour. The training period of 640 

hours was adopted for the LSTM model, and the remaining 160 hours were used as the testing 

period. The trained LSTM model predicted DO, pH, TMP, and MLSS one step ahead (one hour 

ahead), and multiple steps forecasts up to 6 hours ahead were also tested. The LSTM model 

succeeded in predicting MLSS one hour ahead with high accuracy. On the other hand, for DO 

and pH, the values predicted one hour ahead by the LSTM model reproduced their temporal 

fluctuation patterns to some extent. However, all of them tended to show predicted values that 

were lower than the actual values. The predicted values from the LSTM model did not 

reproduce the pattern of TMP changes well. In addition, the LSTM model was investigated the 

effect of forecasting horizons and look back period. 

 

 

1. Introduction  

 
Membrane bioreactors (MBRs) are wastewater treatment systems 

that combine membrane separation with activated sludge processes. 

They have the advantage of producing high-quality effluent with a 

compact system and are widely applied for both domestic and  

 

 

 

industrial wastewater treatment (Judd, 2016; Li et al., 2019). However, 

the MBRs still have some on-going challenges, including high energy 

consumption and membrane fouling. In general, aeration is the main 

source of energy consumption in MBRs, accounting for approximately 

50% of the operating cost (Fenu et al., 2010; Wang et al., 2020). 

Therefore, minimizing aeration energy is a major challenge not only 

for MBRs, but also for conventional activated sludge systems, as it can 
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reduce both operating costs and environmental impacts (Asadi et al., 

2017; Gu et al., 2023). 

Furthermore, as with other membrane separation process 

technologies, membrane fouling is also a significant issue that hinders 

the application of MBR system (Xiao et al., 2019). Since aeration has 

a cleaning effect on the membrane, reducing aeration may increase 

filtration pressure due to membrane fouling, which may increase 

operation cost (Du et al., 2020; Tang et al., 2022). Therefore, it is 

important for MBR technology to operate at the minimum amount of 

aeration that can avoid membrane fouling. Namely, an optimum 

control of the MBR system is one of the effective solutions that should 

be considered to balance between maintaining sufficient aeration and 

properly reducing energy consumption and prolong the membrane 

lifetime. Since the activated sludge system is principally complex 

nonlinear dynamical system consisting with tremendous number of 

microbes and their complex interactions, achieving optimal control is 

a challenge (Kaewpipat & Grady, 2002). 

The operation of wastewater treatment systems in centralized and 

large-scale wastewater treatment plants (WWTPs) requires 

experienced engineers or technical staff, especially in developing 

countries. However, such human resources are often scarce or 

unavailable for decentralized and/or small-scale WWTPs. A possible 

solution is to implement a model based automatic predictive control 

system, which can adjust the system parameters according to the 

estimated values of operating variables (Chen et al., 2022). This 

approach can enhance the system performance and stability, as well as 

provide early warning for potential disturbances or anomalies (Zhang 

et al., 2018). Nevertheless, mechanistic models, which are commonly 

used for predictive control, involve many specific and sensitive 

parameters that are difficult and costly to identify and measure. 

Therefore, these models are not suitable for practical applications in 

real-time control systems. 

Deep learning techniques using artificial neural networks (ANNs) 

show great potential in automatic learning and parameters predicting 

of dynamic systems (Dufera et al., 2022). An ANN consists of an input 

layer and an output layer, and the single or multiple hidden layers 

between the input and output layers are composed of artificial neuron 

units with nonlinear responses interconnected between each layer and 

the input and output layers (da Silva et al., 2017). Each interconnection 

between neurons has its own weight, which is updated sequentially 

through ANN training, and gradually learns the target image or time 

series. Especially, an ANNs that consist of many hidden layers and has 

an appropriate learning algorithm are generally called a deep learning 

ANNs. It is well known that deep learning ANNs have already been 

applied in many industrial fields. Research on wastewater treatment 

employing activated sludge, using ANNs is increasing (Schmitt et al., 

2018). 

For the goal of parameters prediction, multi-dimensional sensing 

data of MBR system will be used as input information for deep 

learning. Based on the characteristic of input information is in time-

series form of data, the recurrent neural networks (RNNs), a substitute 

of ANNs, is a compatible technique for dynamic learning and 

prediction (Hewamalage et al., 2021). RNN is a sort of deep learning 

model, which uses previous experiments to predict upcoming events. 

However, during the operations, the RNN model has some 

disadvantages such as vanishing the gradient problems (leading the 

prediction to huge errors), storing information in short-term memories 

(ArunKumar et al., 2021; Bas et al., 2022). These issues are significant 

challenges for the RNN model in proceeding long sequential time-

series dataset. Thus, LSTM, a sub-class of RNN, is a potential solution 

in dealing with long sequential sensing data (Karnam et al., 2022). 

Different from the basic RNN model, LSTM-RNN model has the 

capability of evaluating the importance of each information 

(Hewamalage et al., 2021). Thus, the model can store essential 

information and remove irrelevant information, which saves the model 

memory for operation of long-term prediction (Huang et al., 2022). 

LSTM-RNN has been applied to WWTP operation, such as effluent 

quality prediction, process control, and fault detection (Pisa et al., 

2019; Toffanin et al., 2023; Wongburi & Park, 2023; Yoon et al., 2021; 

Zhong et al., 2022). However, the application of LSTM to MBR 

systems has not been extensively explored, to the best of our 

knowledge. In this study, we applied LSTM-RNN to multidimensional 

time-series data from various sensors installed on a bench-scale MBR 

and aimed to clarify its predictive ability for these time-series data. 

 

2. Material and methods 

 

2.1 Experimental set up of bench scale MBR system 

 

This study employed data from a bench scale MBR that treated 

synthetic wastewater. The schematic diagram of the system is shown 

in Figure 1 The MBR system consisted of a reactor with an effective 

volume of 9.5 L and a flat-sheet membrane module (F.C.C. Co., Ltd, 

Japan) submerged inside the reactor. The membrane has a total surface 

area of 0.115 m2 and a pore size of 0.08 μm. The reactor was aerated 

by an air diffuser located at the bottom of the reactor. The seed sludge 

for this bench scale MBR was collected from a pilot scale MBR system 

in Nagasaki University. The influent synthetic wastewater was 

formulated based on typical municipal wastewater characteristics to 

contain approximately 170 mg/L total organic carbon and 50 mg/L 

total nitrogen.  

Figure 1 Schematic diagram of the bench scale MBR system 

The MBR system was equipped with sensors to monitor the trans 

membrane pressure (TMP), dissolved oxygen (DO), pH, and airflow 

rate. The sensors were digital pressure gauges, DO sensors (FOM 1400, 

Automatic system Research Co., Ltd, Japan), pH sensors (PE -22, CEM 

Corporation, Japan), and airflow sensors (FSM2 series, CKD 

Corporation, Japan). The temperature data used was the value 

measured by the internal temperature sensor of the DO sensor. A 

Raspberry Pi 3 Model B+ (Raspberry Pi Foundation, UK) with an ADC 

Pi (AB Electronics, UK) acquired data from the sensor at 10 second 

intervals, while mixed liquor suspended solids (MLSS) data was 
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measured manually using a handy sensor (SS-10Z, Kasahara Chemical 

Instruments Corp, Japan) every 2-3 days. 

In this study, the membrane flux was 14.89 LMH. The suction 

cycle of 8 min on and 2 min off was optimal for reducing membrane 

fouling and maintaining steady permeate flow based on preliminary 

experiments. The hydraulic retention time and solids retention time 

were 7 hours and 15 days, respectively. The air flow ranged from 8.36 

to 10.34 L/min. The system was operated at a stable temperature of 

25°C. 

 

2.2 Data preparation 

 

This study collected data from 800 hours of MBR operation, 

during which five parameters were monitored: DO, MLSS, TMP, pH, 

and airflow rate. The data collection frequency varied for different 

parameters. These parameters are related to the biological and physical 

processes that occur in the MBR system, such as oxygen transfer, 

membrane fouling, microbial activity, and sludge concentration. The 

MLSS data were obtained every 2-3 days, while the other parameters 

such as DO were measured every 10 seconds by the sensors installed 

at the MBR. To obtain a consistent and complete dataset, the MLSS 

data obtained were interpolated by third order polynomial to match the 

hourly time interval of the other parameters. The other sensor time 

series values were aggregated by taking the average value for each 

hour. Since each parameter had a different range of values, the Min-

Max scaling method was applied to normalize the data based on the 

minimum and maximum values of each parameter. This method scales 

the data to a range of 0 to 1, where 0 represents the minimum value and 

1 represents the maximum value. This method has been widely used in 

many studies on LSTM (Kuan et al., 2017; Qiao et al., 2021). 

Then the dataset was then divided into target variables and 

explanatory variables for the LSTM model. The target variables were 

the four parameters that were to be predicted by the model: DO, TMP, 

pH, and MLSS. The explanatory variables were the airflow rate and the 

targets variables. Due to the operation under the constant temperature, 

we didn’t use temperature data in this experiment. The dataset was also 

split into two subsets: a training subset (80% of the total data length, 

640 hours of MBR operation) and a testing subset (20% of the total 

data length, 160 hours of MBR operation). The training subset was 

used to train the LSTM model, while the testing subset was used to 

evaluate its performance. 

 

2.3 Long short-term memory model 

 

Recurrent neural networks (RNNs) are a class of neural networks 

that allow previous outputs to be used as inputs while having hidden 

states. The structure of RNN is shown in Figure 2. For each timestep t, 

the input data xt, the activation at and the output yt are expressed as 

below: 

𝑎𝑡 = 𝑔1(𝑊𝑎𝑎𝑎𝑡−1 + 𝑊𝑎𝑥𝑥𝑡 + 𝑏𝑎) .  .  .  . (1) 

𝑦𝑡 = 𝑔2(𝑊𝑦𝑎𝑎𝑡 + 𝑏𝑦) .  .  .  . (2) 

where 𝑊𝑎𝑎 , 𝑊𝑎𝑥 , 𝑊𝑦𝑎 , 𝑏𝑎 , 𝑏𝑦are coefficients that are shared temporally and 

𝑔1,  𝑔2 activation functions. In the training phase, the output 𝑦𝑡  is comared 

to the target time series value. When simple one-dimensional time series 

data { 𝑥1, 𝑥2 ,…. 𝑥𝑡}  is trained for one-step prediction, the output 𝑦𝑡  is 

compared to the next value 𝑥𝑡+1. That is, the weights W in the RNN is 

updated during the training process so that the square of this difference 𝑦𝑡 -

𝑥𝑡+1, as an error function, is minimized. 

 

Figure 2 A typical structure of RNN for time series data 

 

RNNs can learn from both long-term and short-term dependencies in 

the data and can adapt to changing patterns over time. However, during the 

operations, the RNN model has some disadvantages (ArunKumar et al., 

2021; Bas et al., 2022). As shown in Figure 2, in an RNN with a single 

hidden layer, the hidden layer increases over time, corresponding to a 

neural network with a very large number of layers. Therefore, a vanishing 

gradient problem arises that leads to large errors in prediction. These issues 

are significant challenges for the RNN model in proceeding long sequential 

time-series dataset. 

LSTM stands for Long Short-Term Memory, which is a type of 

RNN that can learn long-term dependencies in sequential data (Karnam 

et al., 2022). Through the additional memory unit, the long-term timing 

information is stored to capture the long-term dependencies in the data. 

As shown in Figure 3, the memory unit of the LSTM neural 

network has three gates at each time step: the forget gate, the input gate, 

and the output gate. These gates enable the LSTM neural network to 

perform filtering and information storage functions. The forget gate 

decides which information to discard from the previous cell state, the 

input gate decides which information to add to the current cell state, 

and the output gate decides which information to output from the 

current cell state. These gates are composed of sigmoid activation 

functions and element-wise multiplication operations. 

The forget gate combines the current input xt with the previous hidden 

state ht−1. All the input features are scaled through an activation function, 

and the scaling value is used to control the degree of forgetting of the 

previous cell state Ct−1. The equation of the forget gate is as follows: 

𝑓𝑡 = 𝜎(𝑊𝑓. ℎ𝑡−1 + 𝑉𝑓. 𝑥𝑡 + 𝑏𝑓) .  .  .  . (3) 

At the input gate, new candidate values 𝐶𝑡̃  are generated from the 

combination of xt and ht−1 via a tanh activation function. Then, like the 

forget gate, the scaled value controls the degree to which the candidate 

values are updated. The equation for the input gate is as follows: 

𝐶𝑡̃ = 𝑡𝑎𝑛ℎ(𝑊𝐶 . ℎ𝑡−1 + 𝑉𝐶 . 𝑥𝑡 + 𝑏𝐶) .  .  .  . (4) 

𝑖𝑡 = 𝜎(𝑊𝑖 . ℎ𝑡−1 + 𝑉𝑖 . 𝑥𝑡 + 𝑏𝑖) .  .  .  . (5) 

After that, the current cell state Ct is updated by the following equation: 

𝐶𝑡 = 𝑖𝑡 ○ 𝐶𝑡̃ + 𝑓𝑡 ○ 𝐶𝑡−1.  .  .  . (6) 

The output gate determines what part of the information is output for 

Ct. The equation of the output gate is as follows: 

𝑜𝑡 = 𝜎(𝑊𝑜 . ℎ𝑡−1 + 𝑉𝑜. 𝑥𝑡 + 𝑏𝑜).  .  .  . (7) 

ℎ𝑡 = 𝑜𝑡 ○ tanh (𝐶𝑡) .  .  .  . (8) 

𝑦𝑡 =  ℎ𝑡  .  .  .  . (9) 

, where the element-wise product symbol ○  is used. 
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In the formulas above, 𝑥𝑡  and 𝑦𝑡  is the input and output of LSTM 

model, respectively. 𝑖𝑡, 𝑜𝑡 and 𝑓𝑡 denote the input, output, and forget gate 

vector. ℎ𝑡 is a vector which denotes the hidden state of the cell while 𝐶𝑡 is 

the cell state. At time step 𝑡, the 𝐶𝑡̃ represents the cell state that is being 

determined to contain the important information or not, which will decide 

it can go to future processes or to be removed from the model memory. 𝑉𝑖, 

𝑏𝑖 , 𝑉𝑜 , 𝑏𝑜 , 𝑉𝑓 , 𝑏𝑓  and 𝑉𝐶 , 𝑏𝐶  are the weight matrix and bias vector 

corresponding to the current input, output, forget gate and cell state, 

respectively. 𝑊𝑖, 𝑊𝑜, 𝑊𝑓 and 𝑊𝐶  denote the weight matrices of the input 

gate, output gate, forget gate and cell state, respectively. 

Figure 3 Illustration of a LSTM cell 

 

The term “weight” in an LSTM model refers to the parameters that are 

learned during the training process. These parameters are used to transform 

the input data and hidden state into new values that are used to make 

predictions. In a typical LSTM model, there are three types of weights: 

input weights, recurrent weights, and bias weights. The input weights are 

used to transform the input data, while the recurrent weights are used to 

transform the hidden state from the previous time step. The bias weights 

are added to the transformed input and hidden state to produce the final 

output. The dimensions of these weight matrices depend on the number of 

input features, the number of hidden units, and the number of output 

features. The exact interpretation of these matrices can be complex, but they 

can be thought of as a set of linear transformations that map the input data 

and hidden state to new values. The process of fitting input data with known 

output data is called model training process. During this period, the model 

adjusts the weights to obtain minimum loss (the difference between 

predicted values and observed values in the known output data). 

The performance and efficiency of an LSTM model depend largely 

on the choice of layer structures and hyperparameters, which are the 

parameters that are not learned by the model but are specified before 

the training process (Greff et al., 2017). In this study, the LSTM model 

adopted four layers structure (an input layer, two hidden layers, and an 

output layer). The activation function, which is a nonlinear function 

that transforms the input of a neuron into its output, was set to 

hyperbolic tangent for all layers. The batch size, which is the number 

of samples processed in each iteration, was set to one. The dropout rate, 

which is the probability of randomly dropping out neurons during 

training to prevent overfitting, was set to zero. The input time series 

data Xt consists of five sensor data DO, TMP, pH, MLSS, and airflow. 

Four of these time series DO, TMP, pH, and MLSS were chosen as the 

target variables to be predicted by the LSTM model, while the 

remaining parameter (airflow) was used as an explanatory variable. 

The LSTM model was trained and tested on four different scenarios, 

each with a different target variable, but the same set of explanatory 

variables was used (Figure 4). This way, the LSTM model could learn 

the complex interactions and dependencies among the different 

parameters in the MBR system.  

 

Figure 4 Time series prediction procedure using LSTM model 

 

2.4 Model performance evaluation 

 

To evaluate the predictive performance of the model, simulations 

were conducted for 15 trials, with results averaged to obtain robust 

metrics. Two key statistics were calculated to assess model accuracy - 

the root mean square error (RMSE) and Pearson's correlation 

coefficient (R). RMSE indicates the average deviation between 

predicted and observed values, with lower values showing less error. 

Pearson's R measures the strength of correlation, with values closer to 

1 showing greater association between predictions and observations. 

Both metrics were computed using normalized data to enable 

standardized comparison across trials. 

 

2.5 Software 

 

The computational workflow for developing, training and 

evaluating the model utilized a computer workstation with an AMD 

RyzenTM 9 7900 CPU. Model implementation was performed in 

Python using TensorFlow and the Keras deep learning library. 

Additional Python packages for data handling and visualization 

included matplotlib (v3.7.1), seaborn (v0.12.2), pandas (v2.0.3), along 

with the core libraries of tensorflow (v2.10.1), keras (v2.10.0), and 

scipy (v1.10.1). 

 

3. Result and Discussion 

 

3.1 One-hour prediction 

 

The bench scale MBR was operated for 800 hours to collect time 
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series data of MBR operation status from the sensors (see Figure 4). 

The descriptive statistics (mean, standard deviation, min and max) 

of obtained data are shown in Table 1. 

 

Table 1 Mean, standard deviation min and max of obtained data  

LSTM model could predict the values one hour ahead in one step 

(refer to Figure 4). Figure 5 shows the original time series data and the 

time series of one hour ahead forecast values using different look back 

periods of 3, 9, and 15. It can be observed that the MLSS prediction 

curve well reproduced the observed MLSS changes for any look back 

period. For DO and pH, the LSTM model was also successful in 

predicting the tendency of rapid changes in observed values, but 

regardless of the look back period, both predicted values tended to be 

lower than the observed values. On the other hand, although the 

observed value of TMP showed a relatively simple change, the 

predicted curve did not sufficiently reproduce the trend of change in 

the observed value. In particular, as evident from Figure 5, the 

Figure 5 Observed data and one-hour prediction performance 

Parameters Mean 
Standard 
deviation 

Min Max 

DO (mg/L) 2.56 1.09 0.50 4.69 

pH 7.01 0.16 6.60 7.56 

MLSS (g/L) 4.06 0.14 3.81 4.40 

TMP (KPa) -5.21 3.48 -19.08 -2.78 

Airflow (L/min) 9.50 0.50 8.36 10.34 
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prediction curves showed different trends depending on the value of 

the look back period. During this training period, there was only one 

case where fouling occurred and TMP increased (in a negative 

direction), so it is thought that LSTM was not able to fully learn the 

dynamic characteristics of TMP. On the contrary, other parameters 

such as pH had relatively sufficient fluctuations, and the model was 

able to learn their dynamic characteristics.  

Look back period have a significant effect on the performance of 

the LSTM model (Chollet, 2021; Jeong et al., 2021). The optimal look 

back period depend on the characteristics of the data, such as the 

frequency, seasonality, trend, and noise. As shown in Figure 5, the 

prediction results varied depending on the look back period. Moreover, 

the look back period interacts with other parameters to affect the 

prediction accuracy. Generally, a larger look back period could capture 

more long-term dependencies and patterns in the data, and it also 

increased the complexity and computation time of the model. However, 

increasing the look back period too much could also reduce the 

effectiveness of the model by introducing irrelevant or redundant 

information (Koparanov et al., 2020). Figure 6 shows the RMSE values 

of the predictions for different look back periods. For DO and TMP, 

the RMSE was lowest with the look back period of 3 and increased as 

the look back period increased. For pH, which has low volatility and 

no clear trend, the optimal look back period is 9 hours, as shown by the 

lowest RMSE value among the different look back periods. However, 

the RMSE values do not vary significantly with the look back periods, 

suggesting that pH is not sensitive to the length of look back periods. 

For a smooth, moderately variable MLSS that the model could easily 

learn, a lookback period of 6 resulted in a low RMSE, and higher values 

did not make a significant difference in prediction accuracy. However, 

with the look back period of 3, the LSTM model may not have enough 

data to accurately predict MLSS, resulting in a higher RMSE than with 

the longer look back period. Therefore, to increase the accuracy and 

efficiency of the LSTM model, it seems important to select an 

appropriate look back period based on the characteristics of the data 

generation dynamics.  

Figure 6 Performance of one-hour prediction at difference look back period 
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The above results indicate that three look back period provides 

good prediction performance except for MLSS. The correlation plot 

shown in Figure 7 compares the predicted values of the LSTM model 

with a lookback period of 3 to the observed data for MLSS, TMP, pH, 

and DO. The LSTM model predicted the MLSS with very high 

accuracy (RMSE = 0.044, R = 0.993), as shown by the correlation plot 

close to the Y=X line. This result was expected, since MLSS is related 

to the microbial growth in the MBR system, which does not vary 

significantly on an hourly basis, but rather on a daily scale. Therefore, 

the interpolation method used for MLSS was reasonable. However, the 

curved shape of the correlation plot suggests that the LSTM model 

learned the properties of polynomial interpolation, rather than the 

underlying dynamics of MLSS. On the other hand, the LSTM model 

could not predict TMP well (RMSE=0.066, R=0.913). As already 

mentioned, the LSTM model only had one chance to learn the 

characteristic TMP changes (see Figure 5), which was not enough to 

train the network of LSTM model. The pH and DO predictions were 

also inaccurate (pH: RMSE=0.106, R=0.631 and DO: RMSE=0.145, 

R=0.649), as indicated by the low correlation coefficients and the 

underestimation of these variables. However, Figure 5 shows that the 

LSTM model captured some of the short-term fluctuations of pH and 

DO, which are influenced by various factors such as wastewater 

composition, aeration rate, and membrane fouling. Previous research 

has also demonstrated LSTM’s ability to capture these complex 

oscillations (Toffanin et al., 2023). 

 

3.2 Multi-hours prediction 

 

To extend the prediction range beyond 1 hour, the LSTM 

model adopted a recursive approach, as explained in Figure 4. The 

model can generate multi-step predicted values with this repeat. 

Obviously, predictions far into the future should be less accurate, 

Figure 7 Correlation of observed data and one-hour prediction (look back period = 3, R is Pearson’s correlation 
coefficient, RMSE is root mean square error) 
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and furthermore, the look back period of the LSTM model can 

influence the decrease in prediction accuracy after multiple steps, 

but their effects may not be always intuitive (Farhi et al., 2021). 

Figure 8 shows the change in RMSE of each predictor variable such 

as DO when the forecast horizon varies up to 6 hours (6 steps 

ahead) and the look back period varies up to 15 hours (15 steps 

backward).  

For DO prediction, the LSTM model achieved the lowest 

RMSE at all time steps with the three hours look back period, and 

the RMSE basically increased as the prediction period progressed. 

However, when the model predicted DO 5 and 6 hours ahead, the 

15 look back period had a lower RMSE. DO is influenced by the 

airflow rate and the microbial activity in the MBR system. As 

shown in Figure 5, air flow rate does not show large fluctuations 

like DO, so it is thought that microbial activity fluctuated greatly. 

The activated sludge system in MBR consists of a highly complex 

microbial ecosystem and is essentially a nonlinear system 

(Samsudin et al., 2014). Therefore, it is not surprising that DO 

exhibits chaotic behaviour. Predicting chaotic systems is not easy, 

even for short-term predictions, and the application of LSTM to 

predicting chaotic systems is at the forefront of research in the 

fields of nonlinear science (Chang et al., 2019; Fan et al., 2021; 

Sangiorgio & Dercole, 2020). For pH prediction, the optimal look 

back period was 9 hours, as discussed earlier. The RMSE also 

increased with the forecasting horizon as well as DO. However, the 

prediction performance was better than DO because the volatility 

of pH value was lower than DO. 

For TMP forecasting, the best look back period was 6 hours for 

the 1-hour ahead forecast, while the 5-hour ahead forecast was best 

for a 3-hour look back period. This is a somewhat strange result, as 

it goes against the general idea that prediction accuracy decreases 

the further into the future. This result may be due to the LSTM 

Figure 8 The performance of the model when using different look back period and time steps 
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model not learning the changes in TMP sufficiently. 

For MLSS forecasting, the optimal look back period depended 

on the forecasting horizon. Previous study also mentioned a similar 

phenomenon (Farsi et al., 2021). If the forecasting horizon was 2 

hours or less, the best performance was obtained with a 6-hour look 

back period. As the forecasting horizon was 3 hours or more, the 

performance improved with increasing look back period. 

As already mentioned, changes in MLSS are correlated with 

microbial cell proliferation and cell lysis, and the time scale of the 

changes is on the order of days. For this LSTM model, the update 

time interval for the iterative calculations was 1 hour, which was 

sufficient to track changes on a daily time scale. Moreover, the 

MLSS smoothly changed due to the interpolation by 3rd order 

polynomial. It is easy for LSTM to learn the characteristics of this 

change. In actual sludge management, it is sufficient to be able to 

predict daily changes in MLSS. On the other hand, with DO, the 

time scale of fluctuation is shorter than that of MLSS, as there are 

cases where the DO drops suddenly after several hours. In actual 

MBR management, it is necessary to change the aeration amount 

in a short period of time to stabilize DO. In that case, forecasting 

one hour ahead is sufficient. As with DO, it is sufficient to predict 

pH on an hourly basis. However, to track such hourly changes, the 

update time interval for iterative calculations must be as short as 

10 minutes. However, to track such changes over time, it is 

necessary to reduce the update interval between iterations of the 

LSTM model to approximately 10 minutes. Setting the time 

interval appropriately according to the time scale of the 

phenomenon is important in time series analysis models. Even in 

the LSTM model, since MLSS and DO or pH have different time 

scales, it is necessary to improve the calculation algorithm so that 

the update times can be set separately. Biological treatment 

systems such as activated sludge are complex nonlinear systems 

with many different time scales. The development of deep learning 

algorithms that can learn multidimensional time series based on 

these characteristics requires research that goes back to the basics, 

and close cooperation with the fields of data science and 

mathematical science is essential. 

 

4. Conclusion 

 

The LSTM model predicted MLSS one hour ahead with high 

accuracy, while it also reproduced the temporal fluctuation patterns 

of DO and pH to some extent. Nevertheless, the model tended to 

underestimate both DO and pH compared to the actual 

measurements. The model failed to reproduce the pattern of TMP 

changes well, despite having lower RMSE values than DO and pH. 

This might be because the membrane fouling of MBR, which 

affects TMP, occurred only once during the training period, and 

this single event was insufficient for training the LSTM model. 

The optimal lookback period for the LSTM model varied 

depending on the parameter and the prediction horizon. For MLSS, 

a lookback period of 6 was optimal for forecasting 1 and 2 hours 

ahead, and longer lookback periods performed better for longer 

horizons. On the other hand, for the parameter DO, a lookback 

period of 3 was optimal for forecasting 1 to 3 hours ahead, while a 

lookback period of 15 was found to be better for forecasting 4 to 6 

hours ahead. When it comes to pH, a lookback period of 9 gave the 

best results for forecasting 1 hour ahead, while a lookback period 

of 3 was optimal for forecasting 2 to 6 hours ahead. Finally, for the 

parameter TMP, a lookback period of 6 was optimal for forecasting 

1 to 2 hours ahead, and a lookback period of 3 was better for 

forecasting 3 to 6 hours ahead. 
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