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Abstract: Predicting nutrient loads is essential to understand and manage one of
environmental issues faced by the northern Gulf of Mexico-hypoxic zone which poses
severe threats to Gulf’s healthy ecosystem and economy. The development of hypoxia
in Gulf of Mexico is strongly associated with eutrophication process initiated by
excessive nutrient loads. Due to the complexities in the excessive nutrient loads to
Gulf of Mexico, it is challenging to understand and predict underlying temporal
variation of nutrient loads. The study was aimed at identifying an optimal predictive
machine learning model to capture and predict nonlinear behavior of the nutrient
loads delivered from the Mississippi/Atchafalaya River Basin (MARB) to Gulf of
Mexico. For this purpose, monthly nutrient loads (N and P) in tons were used
collecting from US Geological Survey (USGS) monitoring station 07373420 for a
period of 1980 to 2020. The machine learning models including autoregressive
integrated moving average (ARIMA), gaussian process regression (GPR), single-layer
multilayer perceptron (MLP), and a long short-term memory (LSTM) with the single
hidden layer were developed to predict the monthly nutrient loads and model
performances were evaluated by standard assessment metrics- Root Mean Square
Error (RMSE) and Correlation Coefficient (R). The residuals of predictive models
have been examined by Durbin-Watson statistic. The results showed that MLP and
LSTM persistently achieved the better accuracy in predicting monthly TN and TP
loads compared to GPR and ARIMA. In addition, GPR models achieved slightly
better test RMSE score than ARIMA models while their correlation coefficients are
much lower than ARIMA models. Moreover, MLP performed slightly better than
LSTM in predicting monthly TP loads while LSTM slightly outperformed for TN
loads. Furthermore, it was found that the optimizer and number of inputs didn’t show
effects on the LSTM performance while they exhibit impact on MLP outcomes. This
study explores the capability of machine learning models to accurately predict
nonlinearly fluctuating nutrient loads delivered to Gulf of Mexico. Further efforts
focus on im-proving the accuracy of forecasting using hybrid models which combine
several machine learning models with superior predictive performance for nutrient
fluxes throughout MARB.

Keywords: autoregressive integrated moving average (ARIMA); gaussian process
regression (GPR); long short-term memory (LSTM); Mississippi/Atchafalaya River
Basin (MARB); multilayer perceptron (MLP)

1.Introduction

Development of predictive models of nutrient loads may hold the key to understand
and manage the dynamics of hypoxia in the northern Gulf of Mexico. Hypoxic zone (or
dead zone) is an area where oxygen levels drop to 2 milligrams per liter or lower and
most marine life can no longer survive due to depleted oxygen levels [1]. Hypoxia
which occurs near the coastal Gulf of Mexico has attracted much attention because it
poses a threat to the coastal ecosystem and economy by destroying coastal wetland
habitats of numerous fish and wildlife species at an alarming rate [2]. Water quality is



deteriorated by increasing municipal and manufacturing needs [2]. The study shows
that the formation of hypoxia in the northern Gulf of Mexico is closely related to the
excess nutrients (N and P) from MARB [3]. It is desirable to forecast time series of
nutrient loads to effectively manage and precisely control excess nutrient export from
MARB. Time series of nutrient loads prediction, however, is complex and challenging
due to its volatile and nonlinear fluctuations caused by the uncertain sources of nutrient
loads relating to the changes in geomorphological natures of riverine and estuarine
systems and anthropogenic activities [4-5].

Extensive efforts have been made to pinpoint the critical sources of N and P
throughout the MARB, analyze trends of nutrient loads, identify the key influential
factors in the nutrient fluxes, investigate the spatial correlations of the distributions of
nutrient yields, and assess the effectiveness of nutrient reduction strategies using
various statistical approaches [6-23]. The simulation techniques such as SPAtially
Referenced Regression On Watershed attributes (SPARROW) models and The Soil and
Water Assessment Tool (SWAT) are the most commonly used to describe loads/yields
throughout the MARB, analyze the relative importance of various sources and evaluate
the effectiveness of management practices [24-27]. ARIMA model has been prevalently
applied in modeling economical and financial time series [28-31]. The working
principle of ARIMA is to investigate the correlations among the time series
observations and construct a model to describe the structures of the relationships. The
patterns in the correlations are assumed stationary over the time and then used to predict
the future values. However, assumption of stationarity poses limitations to the
effectiveness of the ARIMA model because, in practice, the time series may be non-
stationary [32]. Apart from its restrict assumption, it is hard for ARIMA model to
capture nonlinear variations in the time series [32]. The advancement in machine
learning architectures brings possibilities in developing sophisticated methods to
predict time series with nonlinear behaviors. The time series forecasting problems have
been addressed by various machine learning based approaches. For instance, algorithms
of deep learning and random forests have been applied to predict stock time series [33].
Deep learning-based modeling has been reported to be under-performed gradient-
boosted trees and random forests and it is difficult to train neural network. RNN-based
approach is introduced to predict time series of stock returns [34]. RNN-based methods
are per-formed for in predicting time series in financial market [34-35]. As a variant of
RNN, LSTM is designed to cope with the vanishing gradient situation [36].

In this study, the computational frameworks including ARIMA, GPR, MLP, and
LSTM were developed to predict monthly nutrient loads (N and P) from 1980 to 2020
and explore the optimal machine learning architecture for forecasts of time series of
nutrient loads. Moreover, to make comparison to ARIMA and GPR, neural networks
MLP and LSTM are restricted to be single hidden layered architecture. The study
showed that the neural network LSTM and MLP persistently lead in forecasting
competition as expected while GPR exhibits comparable performance better than
multi-criteria selected ARIMA. Furthermore, although GPR achieves better accuracy
than ARIMA, its R-squared score is the lowest while those of ARIMA are the highest.
The article is organized as follows. Section 2 describes the study site, data sources and
the mathematical formalism of ARIMA, GPR, MLP, and LSTM. Section 3 presents
descriptive statistics of nutrient loads and predictive performances of ARIMA, GPR,
MLP, and LSTM models of nutrient loads. Section 4 discusses the predictive models
and concludes the paper.

2.Materials and methods
Figure 1 shows the flowchart of the methodology, which will be explained in detail in the next
subsections
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Figure 1. Schematic diagram of methodology

2.1 Study site and data

Monthly TN and TP (total nitrogen) and TP (total phosphorus) loads from US
Geological Survey (USGS) gaging station 07373420 (Hydrologic unit: 08070100) were
download-ed from the government public data source
(https://www.sciencebase.gov/catalog/item/61c08ec5d34ee9cdS54ed3425). The USGS
07373420 is located on the Mississippi River in West Feliciana Parish, Louisiana in the
lower MARB, as shown in Figure 2. The nutrient loads data are presented monthly for
a period of 1980 - 2020 and recorded based on the water year (12-month period from
October 1 for a given year through September 30 of the following year). The monthly
nutrient loads are reported in tons and used for characterization of trends and seasonal
variation and development of predictive models.

ALABAMA ceorciA [

Figure 2. USGS water station 07373420 concerned in Mississippi/Atchafalaya River
Basin indicated by yellow placeholder. Table 1: USGS water stations used in the study
during 1980-2020
(https://www.sciencebase.gov/catalog/item/61c08ec5d34ee9cd54ed3425)
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2.1.1 Data processing

The dataset was divided into training (80%) and testing data (20%). The training
dataset was used for hyper-parameter tuning. The statistical software R was employed
to process and analyze the data collected at the water sampling stations to identify
optimal predictive ARIMA models of the nutrient loads. The analysis on MLP and
LSTM uses python (3.10.8) programming environment along with TensorFlow and
Keras APIs. The selections of optimal single-layer MLP and LSTM for forecasting
nutrient loads are conducted in a Jupyter Notebook (6.5.2). Comparison among water
quality data from different water stations were made.

2.1.2 Assessment Metric

ARIMA, GPR, single layer MLP, and single layer LSTM are implemented to predict
the monthly TN and TP loads. Prediction accuracy is assessed by RMSE and R scores
which measure the differences or residuals between actual and predicted values. The
formula for computing RMSE and R are as follows:

1
RMSE = J;Ei’il(yi Ok (1)

R — Zil\il(yi_m(yi_y_) (2)

\/Eiil(yi—?)z(yi—y)z

Where N is the total number of observations, y; is the actual observation, y; is the

predicated value, y is the average observation, and y is average prediction. The
RMSE score is used as a primary model selection criterion followed by R scores and
significance of residuals due to that RMSE is affected by large errors and scaled in the
same units as the forecast values (i.e., tons per month for this study). The smallest
RMSE along with the greatest possible R and insignificant residuals indicate the best
model. The randomness of the residuals is examined by Durbin-Watson statistic.
Comparison of performance among predictive models ARIMA, GPR, MLP, and
LSTM are made.

2.2. Description of ARIMA model

ARIMA [31] is a composite model of the time series observations. The model consists
of autoregressive component of order p (AR(p)) which describes the linear
dependencies of an observation on p lagged observations and moving average
component of order q (MA(q)) which is used to account for the dependency between
observations and q lagged error terms. Integrated step is to convert a non-stationary
time series into a stationary by differencing the time ordered observations (d). The
general ARIMA (p, d, q) model is expressed as

¢(B)(1 — B)?Y; = 6(B)e, A3)
Where Y; is the observation, B is backshift operator BY; = Y;_;, ¢(B) =1 — ¢,B —
¢,B*—...—¢,BP is a non-seasonal AR (p), 6(B) =1—6,B — 6,B*~...—0,B%isa

non-seasonal MA(q), and e, is the white noise term which follows Gaussian
distribution with mean zero and variance ¢2> 0. With seasonal time series data, the
seasonal factors are introduced by a multiplicative seasonal ARIMA model. The



mathematical expression of a seasonal ARIMA model with seasonal period S denoted
ARIMA(p, d, q) x (P, D, Q)s is given as,

¢(B)(1 — ®,B5—...—®pBP)(1 - B)4(1 - BPY, = 6(B)(1 -
0,B5—...—0,B%)e,

(4)
where P is the seasonal AR order, D is the seasonal differencing, Q is the seasonal MA
order, @ is a seasonal AR coefficient, and @ is a seasonal MA coefficient.

2.3. Description of GPR model

GPR is to use optimal probabilistic model in which the relationships between the
predictor variables and response variables are described by Gaussian distribution [37].
The predictive model is developed based on the assumption that the function to be
learned follows a Gaussian process. Explicitly, let x be the input variable, the
prediction from GPR model can be found by:.

f(x) ~ N (u(x), k(x,x)) )

where f'is the function to be learned, V' is Gaussian distribution, u is the mean
function, and k is variance matrix known as kernel function. The GPR model uses
Bayesian posterior distribution to predict unseen observations.

2.4. Description of MLP model

As a feedforward neural network, MLP is used to learn the relationship between the
input and output variables [38]. The architecture consists of an input layer where is
fed with observations of input variables, hidden layers, and an output layer with value
of output variables. The neurons in two consecutive layers are fully connected
through weighted combinations and a nonlinear activation function will be applied to
the values of the neurons before they are fed forward into the next layer in order to
introduce non-linearity to the model. Explicitly, the value of the i-th neuron in the n-
th layer z]* is related to the activations in the (n-1)-th layer by

zl' = 6(CmWimzm '+ b[") (6)

where o is activation function, wj}, is a weight relating activation of m-th neuron in
(n-1)-th layer to the i-th neuron in the n-th layer, and b}" is a bias for n-th layer. The
learning process is to seek optimal weights and bias which minimize the error
function of the predicted and actual observations.

minError(y,y) (7)
w,b



where ware weights, b are biases, y are actual observations, and y are outputs from
MLP. In this study, the final optimal model architecture of the single layer MLP is
selected by exploring a wide range of possibilities. Six models with 10, 30, 50, 100,
150, and 200 neurons are experimented with optimizers- adaptive moment estimation
(Adam), root mean squared propagation (Rmsprop), and Nesterov-accelerated
adaptive moment estimation (Nadam); the epoch number 10, 20, 50, 100, 150, 200,
250, 300, and 350; the batch sizes 1, 2, 4, 8, 16, 32; and the the number of inputs 1, 2,
3,4, 5, 6. The default learning rate 0.01 and activation function Relu are used for
entire study. Each combination of hyperparameters is executed 30 times.

2.5 Description of LSTM model

LSTM [39-41] is a variant of Recurrent Neural Network (RNN) capable of
remembering the observations from earlier stages for the future use. LSTM model
consists of input layer which takes in time sequence of data, output layer which
generates predicted values, and LSTM layers in between to produce hidden states (h;)
that is short term memory and cell state (c;) which is long term memory to encode the
most information from the input sequence. The architecture of LSTM layer consists of
four gates to update hidden state and cell state. Explicitly, for a given input at time t
(x,) , the hidden state at previous step (h;_1), weight (W), and bias (b), three gates:
input gate iy = o(Wix; + Wyih,_1 + b;), forget gate f, = o(Wx, + Wysh,_1 + by)

and change gate ¢, = a(W.x; + Wy h;_1 + b.), where o is the sigmoid function are
used to dispose, filter, and add the information into the memory. Taking account of the
results from three gates, the memory cell state ¢, is updated by

=l ®c1+itQc (8)
where the operator ) is the element-wise product. Using the output gate o, and
current memory cell state c¢;, the current hidden state h; is given by

h: = o @ tanh(c;) 9)
where o, = a(W,x; + Wyoht_1 + b,) and tanh represents hyperbolic tangent
function. The iterations continue until the final corresponding output hidden state Ay is
reached. Then, the final hidden state h, is used to make a prediction from LSTM.

3.Results

3.1 Annual variation

The monthly loads of total nitrogen (TN) and total phosphorus (TP) at USGS
monitoring station 07373420 from 1980 to 2020 are shown in Figure 3 and Figure 4,
respectively. As the Figure 3 shows, the mean monthly TN loads from 1980 to 2020

observed at Station 07373420 was 99323.61 1 23683.35 tons/month with a range of
54308.33 to 153916.67 tons/month. The mean monthly TN loads slightly decreased
from 109037.50 tons/month in 1980s to 105543.33 tons/month in 1990s, and
significantly declined to 83910.83 tons/month in 2000s, and then slightly increased to
98472.73 tons/month in 2010s. The peak mean monthly loads appeared in the 1980s,
showing a decreasing trend in the last three decades. From Figure 4, it can be seen
that the mean monthly TP loads from 1980 to 2020 observed at Station 07373420 was
9830.77 £ 2217.51 tons/month with a range of 4791.67 to 16003.33 tons/month. The
mean monthly TP loads increased from 8869.00 tons/month in 1980s to 9263.42
tons/month in 1990s, and slightly continuously increased to 9749.67 tons/month in
2000s, and then significantly increased to 11294.62 tons/month in 2010s. The peak
mean monthly loads appeared in the 2010s, showing a persistent increasing trend in
the last four decades. The pattern of variations in TN implies that excessive nutrient
fluxes are manageable through collective efforts [2].
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Figure 3. Boxplot of monthly total nitrogen from 1980 to 2020
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Figure 4. Boxplot of monthly total phosphorus from 1980 to 2020

3.2 Seasonal Variations

The seasonal variations in the mean monthly TN and TP loads at Station 07373420
are shown in Figure 5 and Figure 6. As shown in Figure 5 and Figure 6, the mean
monthly nutrient loads of autumn were lowest while those in spring were highest.
Among the four seasonal periods, the mean monthly TP nutrient loads was in the
order of spring > winter > summer > autumn while the mean monthly TN loads in
summer was slightly higher than that in winter. Similar to TP loads, TN loads in
spring consistently exceeded that in the other three seasons. A relatively high mean
monthly TN loads (154659.35 tons) was observed in spring, followed by summer
(99542.28 tons), winter (94913.82 tons), and autumn (47773.98 tons) while the
highest mean monthly TP loads in spring was 13273.90 tons, followed by winter
(10680.24 tons), summer (9472.11 tons), and autumn (5896.83 tons). The mean
monthly TN and TP loads for different seasons at Station 07373420 were calculated
using the data from 1980 to 2020 sampled in springs, summers, autumns, and winters.
The contributions of different season nutrient loads to the total nutrient loads varied
considerably. TN nutrient loads in spring made up the largest proportion (39%),
followed by summer (25%), winter (24%), and autumn (12%), while seasonal TP
loads was in the sequence of spring (34%), winter (27%), summer (24%), and autumn
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Figure 5. Box plot of monthly total nitrogen from 1980 to 2020 by seasons
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Figure 6. Box plot of monthly total phosphorus from 1980 to 2020 by seasons

3.3 Nutrient loads prediction

3.3.1 ARIMA prediction
An autoregressive integrated moving average (ARIMA) models were constructed for

the TN and TP nutrient loads forecast, respectively. For the monthly TN loads,
Augmented Dickey-Fuller test detected stationarity in the data set (p =0.01). Therefore,
ARIMA is suitable. The decomposition analysis suggests a seasonal component for the
model. Based on several selecting criteria including results of the autocorrelation
function (ACF), the partial autocorrelation function (PACF), significances of
coefficients (SC), Akaike information criterion (AIC) values, residuals of the fitted
model (RF) and test errors (TE) of all possible models, ARIMA (1,0,0) X (0,1,1), is
selected as the final model which is expressed as follows:
(1-¢:B)(1 = B5)(X; —w) = (L + 7B )w,  (9)

where B is backshift operator, B’ is seasonal backshift operator, ¢1: 0.6486 is the

coefficient of AR (1) term and 9§ =-0.9261 is the coefficient of seasonal MA (1) term.
The coefficients in the final model are all highly significant (p <0.0001). The residuals



of ARIMA (1,0,0) X (0,1,1),, for TN loads are shown in figure 7. The residuals plot
indicates that the multicriteria based model captures the time series attributes of
observations. The monthly TN forecasting load is shown in figure 8 along with
observations in the testing dataset.

Residuals from ARIMA(1,0,0)(0,1,1)[12]
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Figure 7. The residuals of ARIMA (1,0,0) X (0,1,1), for TN loads

Forecasts from ARIMA(1,0,0)(0,1,1)[12]
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Figure 8. The predictions from ARIMA (1,0,0) X (0,1,1),, for TN loads. The blue
line represents the predictions of TN loads.

For TP loads, Augmented Dickey-Fuller Test confirms the stationarity of the data set (p
=0.01). The final model is defined as ARIMA (1,0,0) X (5,1,0)1,

(1—¢:1B)(1 = ¢1BY —...—=p3B>(1 = BS)(X, — ) = w,  (10)

where B is backshift operator, B is seasonal backshift operator, ¢p;=0.5803 is highly
significant coefficient of AR (1) (p<0.0001). ¢3=-0.7636 (p<0.0001), 5= -0.6014
(p<0.0001), ¢35 = -0.3649 (p<0.0001), ¢; = -0.3152 (p<0.0001), ¢5 = -
0.1508(p<0.001) are the coefficient of seasonal AR(1), AR(2), AR(3), AR(4), AR(5)
terms, respectively. The residuals of ARIMA (1,0,0) x (5,1,0),, are shown in figure 8.
From figure 9, it can be seen that the model captured the characteristics of time series
observations of monthly TP loads. The conclusion of non-correlated residuals is



supported by the Durbin-Watson statistic of 1.7801 which falls between 1.5 and 2.5.
The forecasting values of loads are presented along with original observations in the
testing dataset in figure 10.

Residuals from ARIMA(1,0,0)(5,1,0)[12]
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Figure 9. The residuals of ARIMA (1,0,0) X (5,1,0),, for TP loads

Forecasts from ARIMA(1,0,0)(5,1,0)[12]
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Figure 10. The forecasts of TP loads from ARIMA (1,0,0) X (5,1,0);, .The blue solid
line represents the predictions of TP loads.

3.3.2 GPR prediction

The final optimal GPR model is selected by exploring all kernel functions available.
The best combination of hyper parameters and kernel functions for the predictions of
TN and TP loads are determined by the lowest RMSE score. To reach its best
forecasting performance, the kernel chosen is a combination of linear kernel, radial
basis function kernel, and exponential sine squared kernel. The optimal set of hyper
parameters (the variance and length scale) is determined using cross-validation. The
predictions of TN and TP loads from optimal GPR model are shown in Figures 11 and



12, respectively.
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Figure 11. The predictions from best single layer GPR for TN loads
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Figure 12. The predictions from best single layer GPR for TP loads

3.3.3 MLP prediction

Table 1 presented the best hyperparameters for all six single layer MLP models to
predict TN loads. Table 1 suggests that the model with 50 neurons outperforms in
RMSE of test data set while all six models present the similar R as shown in Table 1.
Thus, a sin-gle layer MLP model with 50 neurons may be considered as the most
likely best model to forecast TN loads. For the predictive model of TP loads, Table 2
suggests that the model with 200 neurons and the lowest RMSE can be considered as
the winner among other candidates. From table 1, it can be seen that RMSE decreases
on the range of neurons from 10 to 50, and then increases from 100 to 150, and then
slightly decreases from 150 to 200. Table 2 shows the steadily decrease of RMSE
from 10 to 200. All Durbin-Watson statistics ranging between 1.5 and 2.5 indicate that
there are no significant presence of autocorrelations in the residuals of models. Fig. 13
and Fig. 14 represent the original TN and TP loads together with predictions obtained
from the reproductions with the lowest RMSE score of the best single layer MLP
model, respectively. In Fig. 13 and Fig. 14, the dotted curve represents the actual



values, whereas the solid curves represent the predictions in the test data. It can be
seen that the prediction curves of over the test data set almost match with the curve of
the actual observations of TN and TP loads. This implies that the optimal MLP model
can learn nonlinear variations of the TN and TP loads quite well.

. Table 1. List of the best hyper parameters for single-layer MLP model for predictions
of TN loads

The
No. of A Durbin-
0.0 Optimiz No.of Batch No. Of verage Average  Watson
Neutro er Epoch Size Inputs Test R score Statistic
ns P P RMSE of
Residuals
10 Rmsprop 50 1 6 29779.76 0.656 1.7493
30 Nadam 50 1 5 29690.46 0.644 1.6609
50 Adam 50 1 5 29454.62 0.661 1.8440
100 Nadam 50 1 5 29463.61 0.661 1.8209
150 Adam 150 1 2 31195.69 0.619 1.7408
200 Adam 50 1 2 29614.52 0.620 1.7352
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Figure 13. The predictions from best single layer MLP (optimizer: Adam; neurons:
50; learning rate: 0.01; inputs: 5; epoch: 50; batch size: 1) for TN loads

Table 2. List of the best hyper parameters for single layer MLP model for predictions
of TP loads



The Durbin-
No.of Optimi No.of Batch No.Of Average Test Average Watson

Neutrons zer Epoch Size Inputs RMSE R score Statistic of

Residuals
10 Adam 100 2 6 3692.70 0.485 1.9298
30 Adam 100 1 5 3692.94 0.477 1.8508
50 Adam 100 2 5 3682.14 0.488 1.8604
100 Adam 50 4 5 3661.15 0.486 1.8574
150 Adam 50 2 5 3659.85 0.492 1.8736
Nad
200 ; 4 50 8 6 3645.58 0.492 1.8964
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Figure 14. The predictions from the best single layer MLP (optimizer: Nadam,;
neurons: 200; learning rate: 0.01; inputs: 6; epoch: 50; batch size: 8) for TP loads

3.3.4 LSTM prediction

Table 3 presented the best hyperparameters for all six single layer LSTM models to
predict TN loads. The results indicate that the model with 100 neurons outperforms in
RMSE while all six models present the similar R score. Thus, a single layer LSTM
model with 100 neurons may be considered as the most likely best model to forecast
TN loads. For the predictive model of TP loads, Table 4 suggests that the model with
30 neurons and the lowest RMSE can be considered as the winner among other
candidates. From table 3, it can be seen that RMSE decreases over neurons ranging
from 10 to 100, and then rises from 100 to 200. Table 4 shows the decrease of RMSE
from 10 to 30 and stay around 3730 from 30 to 200. The Durbin-Watson statistics of
all models fall between 1.5 and 2.5 and indicate that there is no significant
autocorrelation detected in the residuals. Fig. 15 and Fig. 16 represent the original TN
and TP loads together with predicted values obtained from the reproductions of the
optimal single-layered LSTM with the lowest test RMSE score, respectively. In Fig.
15 and Fig. 16, the dotted curve represents the actual observations, whereas the solid



curves represent the predictions in the test data. It can be seen that the predictions of
the TN and TP loads in the test data closely follow the variations of the true
observations. This indicates that the LSTM model is capable of capturing nonlinear
patterns in the variations of the nutrient loads

Table 3. List of the best hyper parameters for single layer LSTM model for

predictions of TN loads
The
Durbin-
No. of Ootimizer No. of Batch No.Of Average Average R Watson
Neutrons P Epoch Size Inputs Test RMSE score Statistic of
Residuals
10 Nadam 100 1 4 28199.36 0.685 1.5490
30 Nadam 100 1 4 27298.64 0.707 1.5024
50 Adam 100 4 4 27560.25 0.710 1.7185
100 Adam 100 8 4 27251.68 0.707 1.6255
150 Adam 100 1 4 28003.56 0.695 1.6555
200 Nadam 100 1 4 28015.95 0.696 1.7363
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Figure 15. The predictions from best single layer LSTM (optimizer: Adam; neurons:
100; learning rate: 0.01; inputs: 4; epoch: 100; batch size: 8) for TN loads in the test
dataset.

Table 4. List of the best hyper parameters for single layer LSTM model for
predictions of TP loads



The Durbin-

No. of Optimizer No. of B.atch No.Of Average  AverageR Wat_sop
Neutrons Epoch Size Inputs Test RMSE score Statistic of
Residuals
10 Nadam 200 4 2 3748.94  0.484 1.7189
30 Nadam 100 1 2 3684.78  0.482 1.5469
50 Rmsprop 100 1 5 3742.03 0.482 1.6803
100 Rmsprop 150 1 2 373491  0.469 1.8065
150 Adam 100 4 2 3704.34  0.486 1.5498
200 Rmsprop 50 1 1 3737.01 0.479 1.5694
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Figure 16. The predictions from best single layer LSTM (optimizer: Nadam; neurons:
30; learning rate: 0.01; inputs: 2; epoch: 100; batch size: 1) for TP loads in the test
dataset.

3.3.5 Evaluation of model performance

The best model performance of multi-criteria based ARIMA, GPR, MLP, and LSTM
models of TN and TP loads are summarized in Table 5 and Table 6, respectively. The
results show that LSTM persistently outperformed in the predictions of TN loads
while MLP slightly outperformed LSTM in the forecasts of TP loads. In addition,
although GPR has better test RMSE score, its R score is much lower than ARIMA.
Moreover, ARIMA achieved best R score compared to other three models. Overall,
MLP and LSTM persistently outperform GPR and ARIMA due to their abilities of
capturing nonlinearities and complexities in the variations of nutrient loads.
Furthermore, the optimal number of input observations in the predictive MLP and
LSTM model of TP loads are consistent with that of autoregressive order in ARIMA.
It is worth to highlight that the multi-criteria-based ARI-MA exhibits competitive
performance.



Table 5. Summarizes the best performances of the three models.

Model Type Test RMSE score R-squared score
ARIMA 34710.54 0.760
MLP 29454.62 0.661
LSTM 27251.68 0.707
GPR 33035.13 0.551

Table 6. Summarizes the best performances of the predictive models for TP loads.

Model Type Test RMSE R-squared score
score
ARIMA 4390.63 0.587
MLP 3645.58 0.492
LSTM 3684.78 0.482
GPR 4367.47 0.136

4. Discussion and Conclusions

The decreasing pattern of variations in TN from 1980 to 2020 implies that excessive
nutrient fluxes are manageable through collective efforts [3]. The nutrient loads
forecasting is one of research focuses in environmental science community. Precise
nutrient loads prediction, however, is a challenging because of its complex origins and
nonlinear behavior. There are several factors that can impact predictions of temporal
and spatial properties such as land usage, industrial activities, precipitation,
agricultural, and the distribution location of excess nutrient. In this study, ARIMA,
GPR, MLP, and LSTM model were developed to predict the nutrient loads at USGS
07373420. MLP and LSTM persistently achieved the better performance compared to
the ARIMA and GPR models because the neural network type models are capable of
capturing complex underlying processes and nonlinear nature in the variations of
nutrient loads. ARIMA, however, demonstrate the comparable forecasting ability if it
is selected based on multi-criteria which indicated that AIC value alone is not
adequate for selection of best ARIMA model while residuals of the fitted model and
significances of coefficients of model are the most influential factors which affect the
accuracy of predictions from ARIMA. In order to select ARIMA with best
performance, multiple selecting criteria including results of the autocorrelation
function, the partial autocorrelation function, significances of coefficients, Akaike
information criterion values, residuals of the fitted model and test errors should be
considered. The RMSE scores indicate that ARIMA (1,0,0) x(0,1,1) 12 and ARIMA
(1,0,0) x(5,1,0) 12 are best models in predictions of TN loads and TP loads,



respectively. By experimenting with wide range combination of hyper parameters,
the optimal architecture of the single-layer MLP for TN loads is identified as the
model with neurons of 50 while for TP loads, number of neurons is 200. For single-
layered LSTM, the model with best performance has number of neurons 100 for TN
loads and 30 for TP loads. In addition, the optimal numbers of input observations
needed in the predictive MLP and LSTM models of TP loads are consistent with those
of autoregressive order in ARIMA. Moreover, although GPR achieved slightly better
RMSE score than ARIMA which demonstrated the power of Bayesian inference in
prediction, R-squared scores are much lower than ARIMA. Furthermore, it is
surprisingly found that Rmsprop optimizer performed well in the LSTM models to
forecast TP loads instead of robust Adam optimizer. This study demonstrates the
combination of several criteria is an effective tool to select the ARIMA with the best
performance and explores the ability of machine learning models to accurately
reproduce nutrient loads delivered to Gulf of Mexico. Future plan is to improve the
accuracy of predictions by hybridizing models with superior performances and to
investigate the characteristics of the predictive models at upper, middle, and lower
Mississippi/Atchafalaya River Basin.
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