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Abstract

Precipitation is very important for both the environment and its inhabitants.
Agricultural activities mostly depend on precipitation and its availability.
Therefore, the ability to predict future precipitation values at specific stations
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is key for environmental and agricultural decision making. This research de-
veloped Autoregressive Integrated Moving Average (ARIMA) models for se-
lected stations with Integrated component and Autoregressive Moving Aver-
age (ARMA) for selected stations without Integrated component at Louisiana
State. The ARIMA module is represented as ARIMA(p, d, q)(P,D,Q). The se-
lected lag order for the Autoregressive (AR) component is represented with p
and P for seasonal AR component, while the integrated form (number of
times data were differenced) is d and D for seasonal differencing, and the
Moving Average (MA) lag order is q and Q for seasonal MA component. Da-
ta from 1950 to 2020 were employed in this research. Results of the analysis
indicated that Baton Rouge (ARIMA (0,1,1) (0,0,2):;), Abbeville (ARMA
(0,0,1) (0,0,2)2), Monroe Regional (ARMA (0,0,1) (0,0,0):2), New Orleans
Airport (ARMA (1,0,0) (0,0,2)1,), Alexandria (ARMA (1,0,1) (0,0,0):,), Lo-
gansport (ARIMA (0,1,2) (0,0,0),2), New Orleans Audubon (ARMA (1,0,0)
(0,0,0)1,), Lake Charles Airport (ARMA (2,0,2) (0,0,0),,) are the best ARIMA
models for predicting precipitation in Louisiana. The models were used to
predict the average monthly rainfall at each station. The highest precipitation
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observed in Louisiana was recorded in 1991. The Precipitation in Louisiana
fluctuated over the years but has adopted a decreasing trend from the year
2000 to 2020. It was recommended that the government, researchers, and in-
dividuals take note of these models to make future plans to help increase the
production of agricultural commodities and prevent destructions caused by
excessive precipitation.
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1. Introduction

Precipitation is a key meteorological variable used by scientist in the studies of
the influence of climate change on water reserves [1] [2] [3]. [4] also clarifies the
fact that precipitation is one of the main variables used in hydrological model-
ling for predicting availability of water at various water bodies. In studying pre-
cipitation, measurement of precipitation taken at ground level is considered the
best values [5]; thus the values used in this study were measured from ground
level from gauging stations.

Agricultural or forestry activities are mostly planned with regards to availabil-
ity of rainfall [6]. Nonetheless, not only agricultural or forestry activities need
information on precipitation to make informed decision but sectors such as cli-
mate change, water management and even daily human activities [7].

It has been established by many studies that climate change has had a great
impact on all living ecosystems [8] [9] [10] [11] [12]. There has been a noticea-
ble upsurge in precipitation trend in some parts of Europe, America and the
central part of Asia [13]; yet some parts of the world precisely the south of Asia
and Africa are also experiencing a decline in precipitation [14]. The changes in
precipitation can also be attributed to the impact climate change has on all activ-
ities [15]. This change in precipitation leads to destructions such as flood and
hurricane including other challenges which in extreme terms destroy properties
and claim human lives [9]. This makes obtaining foreknowledge about precipi-
tation very key for environmental, agricultural, and all human activities.

Frequency analysis can be employed when studying the behavior of rainfall
over a longer period [16] [17] [18] [19] but the results from such studies discuss
only extreme values. Nonetheless, different methods have been employed by dif-
ferent researchers to study precipitation and its behavior around the world [20]
[21] [22]. Data availability is another issue that is being faced by researchers in
the field of natural resources. Obtaining historical data to examine is difficult in
most countries. Therefore, reaching accurate conclusion on seasonal or decade
trend becomes a real challenge for researchers.

In recent times, changes in precipitation and identification of its extreme val-

ues have gained more attention from researchers [21] [22]. Nevertheless, less at-
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tention has been given to time series models and their capability to identify
trends and predict future values in terms of precipitation. [23] conducted re-
search on the rainfall in Louisiana using log-Pearson Type 3 (LPEAR3) distribu-
tion and created maximum annual rainfall maps. [24] also studied Louisiana
rainfall using Multi-satellite Precipitation Analysis (TMPA) and detected rainfall
occurrence in real-time. Despite these researchers using Louisiana rainfall data
none has considered using powerful time series methods to predict rainfall in
Louisiana.

The ability to identify precipitation trends and predicting future precipitation
values are very important for both industrial and individual purposes. Therefore,
this research seeks to fill the gap in existing literature and contribute towards
using Autoregressive Integrated Moving Average (ARIMA) models in modelling
individual rain stations in Louisiana. This study investigates from the monthly
perspective, precipitation characteristics and trends and construct suitable mod-
els to forecast precipitation from data obtain from the interval 1970-2020 from

ten stations within Louisiana State in the United States of America.

2. Data and Methodology
2.1. Data

The data for 10 stations in Louisiana State over the range of 70 years (1950-2020)
were obtained from the National Oceanic and Atmospheric Administration
(NOAA); National Centers for Environmental Information online dataset dis-
covery (NOAA, 2020). Two stations (Buras in Plaquimines and Chauvin) had
more than 50% of data missing, therefore were omitted from this study. Few
imputations were carried out to fill in 5% missing data in Abbeville and Lake
Charles International Airport. This missing data was resolved through mean
imputation as described by [25]. The study was based on eight stations shown on
Table 1 together with their longitude and latitude.

The stations and their respective locations at Louisiana are shown in Figure 1

below.

Table 1. Stations and locations.

Station Latitude Longitude
Baton Rouge Metro Airport, La Us 30.5372 -91.1469
Abbeville, La Us 29.9688 -92.1169
Monroe Regional Airport, La Us 32.5155 —92.0405
New Orleans Airport, La Us 30.03333 -90.0333
Alexandria, La Us 31.3205 -92.4611
Logansport, La Us 31.9672 —94.0002
Lake Charles Regional Airport, La Us 30.12472 -93.2283
New Orleans Audubon, La Us 29.9166 -90.1302
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Figure 1. Map of Louisiana state with selected rainfall stations.

2.2. Statistical Methods

The data were divided into two parts, the training data (1950-2017) for con-
structing the model and the test data (2018-2020), this practice was adopted in
order to test the best models constructed and measure accuracy of predicted
values.

Lowess smooth curve was employed to analyze the long-term trend of all the
stations. In order to perform a time series analysis, the stationarity of the data
should be determined, and in this study, the Augmented Dickey-Fuller test
(ADF) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) were employed. If the
data is not stationary then it must be transformed in order to obtain stationarity
in both mean and variance. After obtaining stationarity, Autocorrelation Func-
tions (ACF) and Partial Autocorrelation Functions (PACF) are constructed to
obtain the best lag for constructing the model with help of Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC).

An Autoregressive Integrated Moving Average (ARIMA) model was used in
this research. ARIMA model is described by two modules Autoregression (AR)
and Moving average (MA) and sometimes an integrated module when the data
are not stationary but differenced to achieve stationarity.

The Autoregression (AR) is the module which assumes that the recent value is
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the immediate previous plus random white noise.
V=&tV (1)

», =time event under discussion at time ¢

& = Immediate random white noise

t
¥,, = time event under discussion at time ¢

¢ = coefficient of y,,

Moving average (MA) modules assumes that an immediate value is the pre-

vious value plus some white noise.

y, =& +0s,_, (2)

», =time event under discussion

¢ = immediate random white noise

t

&,_, = one lagged random white noise
0 = coefficient of ¢,
The combination of the AR and MA modules results in Autoregressive Mov-
ing Average (ARMA)

Y :¢1yt—l +"'+¢pyt—p +&, +91‘9t—1 +"'+9qgt—q (3)

The ARIMA module is represented as ARIMA(p, d, ¢)(P,D,Q). The lag order
AR component is represented with p and P for seasonal AR component, the in-
tegrated form that is number of times data were differenced is d and D for sea-
sonal differencing, and the MA lag order is g and Q for seasonal MA compo-
nent.

The Box-Jenkins method [26] was employed to build the ARIMA models in
this research. This method follows these steps; Identification, Estimation, Diag-
nostics, and Forecasting. The accuracy of the selected model is then measured
using Root Mena Square Error (RMSE) and Mean Absolute Error (MAE).

3. Results and Discussion
3.1. Preliminary Analysis

Table 2 shows the significant differences in precipitation within the cities in
Louisiana State. Over the range of 70 years Baton Rouge recorded the highest
monthly precipitation of 30.96. The table also indicates that, there were different
months where all stations did not experience any form of precipitation at all.
The mean values of precipitation over the years under study are also recorded in
Table 2. The standard deviation indicates that the precipitation values are not
too far from their mean whiles the skewness indicates that the data for each sta-
tion is slightly skewed positively but do not have great impact on the normality

of the data since the data are slightly huge.

3.2. Time Series Analysis

The time series plot represented in Figure 2 shows the pattern of precipitation
in all the stations are similar, indicating that high and low altitude of precipita-

tion turn to have the same trend over the years. The Lowess curve on the time
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Figure 2. Time series plot of precipitation.
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Table 2. Descriptive statistics of precipitation in Louisiana state.

Station Min Max Mean StDev Skewness

Baton Rouge 0.000 30.960 4.956 3.266 1.63
Abbeville 0.000 23.300 5.329 3.041 1.45
Monroe Regional 0.000 24.370 4.393 2.963 1.40
New Orleans Airport 0.000 25.930 5.130 3.545 1.42
Alexandria 0.000 20.800 4.851 3.067 1.07
Logansport 0.000 19.820 4.468 2.660 1.33
New Orleans Audubon 0.000 23.250 5.192 3.573 1.44
Lake Charles Airport 0.000 25.330 4.789 3.089 1.91
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series graph of Baton Rouge indicates precipitation has been fluctuating over
time but has adopted an increasing trend in the last decade under study. The
precipitation at Abbeville tends to increase and then decrease but keeps a linear
trend in the last decade except for some few extreme precipitation values. The
time series plot of precipitation for Monroe Regional over the years also shows
that precipitation adopted an increasing trend until the 1990s when it dropped
but surges again from 2010. Again Figure 2 shows a gradual decrease in the pre-
cipitation trend for New Orleans Airport, New Orleans Audubon, Logansport at
Desoto, Alexandria International Airport, and Lake Charles International Air-
port but it is also discovered that all these stations display a steady trend in pre-
cipitation but Logansport at Desoto had a fluctuating characteristic from 1990 to

2010 until it obtained its steadiness for the years after.

3.3. Data Stationarity

In order to obtain the best fit model for the data, stationarity for the data must
be obtained. Augmented Dickey-Fuller (ADF) test and Kwiatkowski-Phillips-
Schmidt-Shin (KPSS) test were used to check for the stationarity of the data and
the results displayed below.

Table 3 gives information about stationarity of the training data. The ADF
test shows that all data are stationary in their original state. The KPSS test also
indicates same except for Baton Rouge and Logansport which failed the KPSS
test. In order to avoid any doubt, the Baton Rouge and Logansport data were
transformed through differencing and they became stationary at first difference.
This means the data has qualified for the assumption of stationarity and can be

used to construct a suitable model.

3.4. Model Identification and Selection

ACF plot helps identify the moving average (MA) component of the model
whiles PACF plot identify the auto regressive (AR) component of the model for
the data.

Table 3. Stationarity test.

ADF Test KPSS Test
Area Test Critical Value Test Critical Value
Statistic (5%) Statistic (5%)
Baton Rouge —-7.3595 -1.95 0.8592 0.463
Abbeville —6.2553 -1.95 0.1311 0.463
Monroe Regional -7.5205 -1.95 0.2288 0.463
New Orleans Airport -7.2118 -1.95 0.2980 0.463
Alexandria —7.2492 -1.95 0.3071 0.463
Logansport —6.5043 -1.95 0.4758 0.463
New Orleans Audubon —7.149 -1.95 0.0769 0.146
Lake Charles Airport —6.7857 -1.95 0.0408 0.146
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Figures 3-6 give detailed information on ACF and PACF of all stations. These
graphs would lead to the identification of tentative ARIMA models for each sta-
tion. The ACF plot for Baton Rouge and Logansport from Figure 5 and Figure 6
respectively, show a cut off after lag 1 while the lags from the PACFs fade gradu-
ally, but the spike at lag 12 indicates the presence of seasonality in the data of
Baton Rouge and Logansport.

The ACF and PACEF lags for Abbeville, Monroe Regional, New Orleans Air-
port, Alexandria, New Orleans Audubon and Lake Charles Airport cut off
sharply after lag one but PACF plots for Abbeville and New Orleans Audubon
show a significant spike at lag 12 which suggests the presence of seasonality in
dataset for Abbeville and New Orleans Audubon.

Table 4 gives the tentative models for each station obtained from Figures 3-6.
Amongst the many possible models, the models with the smallest information
criteria are presented. The model with the least AIC and BIC values are then se-
lected as the best.

Table 4. Tentative ARIMA models.

Area Tentative Model AIC BIC
ARIMA (0,1,1) (1,0,0)12 4206.626 4216.008
Baton Rouge ARIMA (1,1,1) (1,0,0)12 4208.385 4222.458
ARIMA (1,1,2) (1,0,1)12 4209.192 4227.956
ARMA (1,0,0) (0,0,2)12 4047.963 4062.039
Abbeville ARMA (1,0,1) (0,0,2)12 4049.748 4068.517
ARMA (0,0,1) (0,0,2)12 4047.75 4061.826
ARMA (0,0,1) (0,0,0)12 4025.361 4039.437
Monroe Regional ARMA (1,0,1) (0,0,0)12 4027.363 4046.131
ARMA (1,0,0) (0,0,0)12 4025.558 4039.635
ARMA (0,0,1) (0,0,2)12 4314.213 4328.289
New Orleans Airport, ARMA (1,0,1) (0,0,2)12 4315.18 4333.948
ARMA (1,0,0) (0,0,2)12 4313.685 4327.761
ARMA (0,0,1) (0,0,0)12 4098.667 4112.743
Alexandria ARMA (1,0,1) (0,0,0)12 4095.968 4114.737
ARMA (1,0,0) (0,0,0)12 4098.95 4113.026
ARIMA (1,1,1) (0,0,0)12 3845.953 3859.975
Logansport ARIMA (0,1,1) (0,0,0)12 3846.859 3856.24
ARIMA (0,1,2) (0,0,0)12 3845.943 3860.016
ARMA (0,0,1) (0,0,0)12 4333.322 4347.398
New Orleans Audubon ARMA (1,0,1) (0,0,0)12 4333.761 4352.529
ARMA (1,0,0) (0,0,0)12 4332.68 4346.756
ARMA (1,0,2) (0,0,0)12 4075.573 4099.033
Lake Charles Airport ARMA (2,0,1) (0,0,0)12 4075.827 4099.287
ARMA (2,0,2) (0,0,0)12 4072.522 4100.674
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Figure 3. ACF and PACEF plots for Abbeville and Monroe regional airport.
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Figure 4. ACF and PACEF plots new Orleans airport and Alexandria.
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Figure 5. ACF and PACF plots for Logansport (Desoto) and new Orleans Audubon.
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Figure 6. ACF and PACEF plots for lake Charles regional airport and baton rouge.

DOI: 10.4236/0js.2021.115039 664

Open Journal of Statistics


https://doi.org/10.4236/ojs.2021.115039

Y. A. Twumasi et al.

The best models out of the tentative models have been identified by the AIC
and BIC from Table 4 for each station. The accuracy of the models is represented
in Table 5. Both the RMSE and MAE have less values hence values forecasted
would be nearer to or exact as their actual values. This indicates that the models
developed are good fit for precipitation data from Louisiana and can be used to
generate future precipitation values to help in decision making in the State by

government and individuals.

3.5. Forecasting

Forecasted values were generated from each selected model. The values esti-
mated are near compared to the original precipitation values and fall within the
upper and lower limit intervals as depicted below in Tables 6(a)-(h).

In order to ascertain the accuracy of the forecasted values, the precipitation
values of the year 2020 were used as a base for comparison. If the forecasted val-
ues are close to the actual values, and follow a similar trend, then the model is
said to be performing better [27] [28] [29]. Tables 6(a)-(f) shows that the fore-
casted values follow the same pattern as the original values. This is a good indi-

cator as established earlier that the model constructed is good model.

4. Discussions

New Orleans Airport and New Orleans Audubon observed the most precipita-
tion whiles the least precipitation was recorded at Monroe Regional Airport. The
two stations at New Orleans are both in the coastal zone. This can be a key con-
tribution to the high precipitation at these stations. The time series plot shows
that both New Orleans Airport and New Orleans Audubon recorded the highest
precipitation in 1991 and since has been fluctuating between 40 mm and 80 mm
per year. Abbeville, Monroe Regional Airport, and Alexandria also recorded
their highest precipitation in 1991 after series of fluctuations in the precipitation
values at these stations. Logansport and Lake Charles Airport recorded their
peak values in 1997 and 2004 respectively. Precipitation at these two stations
fluctuates between 76 mm and 26 mm per year. All these characteristics were all
captured in the established models for each of the stations.

Table 5. Accuracy of the selected models.

Area Tentative Model RMSE MAE
Baton Rouge ARIMA (0,1,1) (1,0,0)12 3.2827 2.4522
Abbeville ARMA (0,0,1) (0,0,2)12 2.9694 1.9088
Monroe Regional ARMA (0,0,1) (0,0,0)12 2.9284 2.2484
New Orleans Airport, ARMA (1,0,0) (0,0,2)12 3.5019 2.6308
Alexandria ARMA (1,0,1) (0,0,0)12 3.0557 2.3604
Logansport ARIMA (0,1,2) (0,0,0)12 2.6199 1.8052
New Orleans Audubon ARMA (1,0,0) (0,0,0):2 3.5435 2.6505
Lake Charles Airport ARMA (2,0,2) (0,0,0)12 3.5435 2.6505
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Table 6. (a) Forecast for the year 2020; (b) Forecast for the year 2020; (c) Forecast for the
year 2020; (d) Forecast for the year 2020; (e) Forecast for the year 2020; (f) Forecast for
the year 2020; (g) Forecast for the year 2020; (h) Forecast for the year 2020.

(a)
Alexandria 95% Limits
Actual
Period Forecast Lower Upper
Jan 20 4.70 -1.15 10.88 8.61
Feb 20 4.92 -1.17 10.86 5.40
Mar 20 4.78 -1.16 10.87 4.70
Apr 20 4.87 -1.17 10.86 6.67
May 20 4.82 -1.16 10.87 6.20
Jun 20 4.85 -1.16 10.86 5.36
Jul 20 4.85 -1.16 10.87 5.43
Aug 20 4.84 -1.16 10.86 8.35
(b)
Abbeville 95% Limits
Actual
Period Forecast Lower Upper
Jan 20 5.59 -0.32 11.51 6.88
Feb 20 4.89 -1.02 10.80 2.52
Mar 20 4.68 -1.23 10.60 3.08
Apr 20 5.67 -0.25 11.58 5.23
May 20 5.35 -0.57 11.26 5.27
Jun 20 5.42 -0.49 11.34 6.61
Jul 20 6.34 0.42 12.25 10.27
Aug 20 5.69 -0.22 11.60 6.28
()
Baton Rouge 95% Limits
Actual
Period Forecast Lower Upper
Jan 20 5.49 -0.90 11.88 5.18
Feb 20 5.47 -0.92 11.86 6.22
Mar 20 5.44 -0.96 11.83 2.2
Apr 20 5.63 -0.76 12.02 7.23
May 20 5.63 -0.77 12.02 4.9
Jun 20 5.58 -0.82 11.97 8.74
Jul 20 5.57 -0.83 11.97 8.91
Aug 20 5.58 -0.81 11.98 4.61
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(d)
New Orleans Airport 95% Limits
Actual
Period Forecast Lower Upper
Jan 20 4.54 -2.33 11.41 4.41
Feb 20 4.83 -2.07 11.72 3.94
Mar 20 4.92 -1.99 11.83 1.07
Apr 20 5.16 -1.75 12.07 5.42
May 20 4.90 -2.01 11.81 8.36
Jun 20 5.18 -1.73 12.09 10.16
Jul 20 5.19 -1.72 12.10 15.22
Aug 20 5.38 -1.53 12.29 6.28
(e)
Monroe Regional 95% Limits
Actual
Period Forecast Lower Upper
Jan 20 4.35 -1.42 10.11 10
Feb 20 4.38 -1.43 10.18 9.2
Mar 20 4.38 -1.43 10.18 5.7
Apr 20 4.38 -1.43 10.18 7.19
May 20 4.38 -1.43 10.18 4.2
Jun 20 4.38 -1.43 10.18 4.87
Jul 20 4.38 -1.43 10.18 4.78
Aug 20 4.38 -1.43 10.18 3.11
®
New Orleans Audubon 95% Limits
Actual
Period Forecast Lower Upper
Jan 20 5.06 -1.88 12.0 4.52
Feb 20 5.16 -1.81 12.1 6.64
Mar 20 5.17 -1.80 12.8 0.37
Apr 20 5.17 -1.80 12.8 6.93
May 20 5.17 -1.80 12.8 8.14
Jun 20 5.17 -1.80 12.8 12.8
Jul 20 5.17 -1.80 12.8 15.06
Aug 20 5.17 -1.80 12.8 6.87
(8
Logansport 95% Limits
Actual
Period Forecast Lower Upper
Jan 20 4.47 -1.31 10.24 6.06
Feb 20 4.51 -1.30 10.33 8.43
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Continued
Mar 20 4.51 -1.30 10.33 5.26
Apr 20 4.51 -1.30 10.33 10.26
May 20 4.51 -1.30 10.33 6.87
Jun 20 4.51 -1.30 10.33 2.00
Jul 20 4.51 -1.30 10.33 8.49
Aug 20 4.51 -1.30 10.33 10.01
(h)
Lake Charles Airport 95% Limits
Actual
Period Forecast Lower Upper
Jan 20 4.32 -1.72 10.36 6.28
Feb 20 4.64 -1.40 10.68 2.84
Mar 20 5.19 -0.86 11.24 1.67
Apr 20 4.61 -1.46 10.67 3.92
May 20 4.68 -1.39 10.74 6.63
Jun 20 4.98 -1.08 11.05 5.41
Jul 20 4.72 -1.35 10.79 4.95
Aug 20 4.72 -1.35 10.79 5.25

Alexandria and Monroe Regional Airport observes the most precipitation in
the first quarter (January-March) over the years. Logansport also records high
precipitations values during the second quarter (April-June) of each year. These
stations decline in precipitation from the first quarter to the third quarter (Ju-
ly-September) of the year and then increase during the fourth quarter (Octo-
ber-December) of the year.

Baton Rouge, Abbeville, New Orleans Airport, New Orleans Audubon and
Lake Charles Airport all record their highest values in the third quarter of each
year. These stations develop an increasing trend from first quarter to the third
quarter of the year and then decline sharply when approaching the fourth quar-
ter of the year. All the stations record their least precipitation values during the
fourth quarter.

Generally, the accuracy test was judicious since the forecasted values obtained
from the models are very close to the actual values and all fall within the confi-
dence interval, therefore the models are said to be good fit for their respective
datasets. The forecasted values for Logansport and Monroe Regional Airport
seem to deviate a little from the out-of-sample raw data but fitted the in-sample
data greatly. The model for Baton Rouge performed well as the forecasted values
for in-sample and out-of-sample are all very close to the original data, hence it
can be concluded that there is no significant difference between the forecasted
values and the original data.

The models built for Abbeville, Alexandria and Lake Charles Airport were al-

DOI: 10.4236/0js.2021.115039

668 Open Journal of Statistics


https://doi.org/10.4236/ojs.2021.115039

Y. A. Twumasi et al.

so found to be good fit from the accuracy values generated. This was further
confirmed by the forecasted values generated by each of the models for their re-
spective data. The forecasted values were very close to the actual data for each
station.

New Orleans Airport and New Orleans Audubon models generated forecast
values which were very close to both in-sample and out-of-sample data, but
some few data points were out of the 95% confidence interval, this is due to the
excess precipitation at the stations during the third quarter of the year. These
two stations must be given great attention since they are found around the
coastal zone, therefore predicting future precipitation values for these stations
would help curb many disasters that is caused by excessive precipitation. Far-
mers can also benefit greatly from the model since most farming activities de-

pend on precipitation.

5. Conclusion

As stated earlier, precipitation plays a key role in decision making in agriculture,
hydrology, and even climate change. The study showed that in the long term,
precipitation follows a linear and increasing trend in all stations except for New
Orleans which had a decreasing trend. Again, the suitable models identified were
Baton Rouge (ARIMA (0,1,1) (0,0,2),2), Abbeville (ARMA (0,0,1) (0,0,2).2), Mo-
nroe Regional (ARMA (0,0,1) (0,0,0)1,), New Orleans Airport (ARMA (1,0,0)
(0,0,2)12), Alexandria (ARMA (1,0,1) (0,0,0)12), Logansport (ARIMA (0,1,2)
(0,0,0)12), New Orleans Audubon (ARMA (1,0,0) (0,0,0):,), Lake Charles Airport
(ARMA (2,0,2) (0,0,0):2) and each model was found to be a good fit for model-
ling precipitation data from Louisiana State. It is recommended that govern-
ment, researchers, and individuals take note of these models to make future
plans to help increase production of agricultural commodities and prevent de-

structions caused by excessive precipitation.
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