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Abstract. Efforts to estimate air temperatures play an important role in predicting climate impact on
ecological, industrial, and agricultural fields. Accurate temperature prediction benefits the
government, industry, and the public for planning activities. Moreover, the temperature forecasts
provide people with safeguard life and property. This paper conducts an exploratory data analysis of
the temperature time series data, taking New York City as a representative. The time series data
contains the daily temperature in New York City from 1995 to May 2020. The considerable time
scope is so comprehensive that it makes a forecast based on the periodic performance similar in
approximately 20 years. In this work, the autoregressive integrated moving average (ARIMA) model
is leveraged to forecast future values based on past periods. Its hyperparameters are determined by
autoregressive correlation function, partial autoregressive correlation function, and Bayesian
Information Criterion. The ARIMA model assumes that the future performance will resemble the past,
and the temperature in different time stamps is similar, which makes it a suitable model in this case.
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1. Introduction

This research is necessary because big data is the most familiar friend to people nowadays,
providing people with immeasurable information. Indeed, it is ambiguous for people to see a large
quantity of data presented in a table and sometimes may make them dizzy to see those bunch numbers.
However, achieving data analysis and visualizing the data will clarify everything. For several years,
research has shown that the world temperature has been growing because of artificial destruction to
the environment, such as fossil fuel combustion, deforestation, and automobile exhaust. Those
damage to the atmosphere causes greenhouse gases exhausting to the air day by day and increases the
world temperature [1]. Given the data that has shown that the ground temperature is continuously
growing, this research chooses the temperature of New York City specifically to verify the negative
effects of global warming on a metropolis, and more importantly it forecasts the future temperature
of New York City using machine learning models. This research collects the time series temperature
data in New York City from 1995 to 2020. It also presents the change in temperature in those years
by visualizing the data. Besides that, the primary method of forecasting the future temperature is the
autoregressive integrated moving average (ARIMA) model that predicts the value based on historical
data. By training the model several times and modifying the hyperparameters, the final predicted
temperature data has a 7.8 mean squared error, which is the least in a different tested model.

2. Theorem and Methodology

2.1. Dataset and Preprocessing

The temperature predicting analysis and forecasting uses Python programming. The temperature
data comes from and is authorized by the open-source website Kaggle [2]. The data collect the city
temperature around the world approximately from 1995 to 2020. Machine learning tasks of analyzing
and forecasting the temperature uses several Python tools and packages: Jupyter Notebook for coding,
Pandas for processing the data, Seaborn and Matplotlib for plotting, Statsmodels for building the

482



Highlights in Science, Engineering and Technology MMADP 2024
Volume 115 (2024)

ARIMA models, NumPy for processing working with arrays, Math and Scikit-learn for math
calculating [3].

First, use Pandas to read the downloaded data in a CSV file by dropping the index column and
using the standard date time format because it will become easy to analyze by indexing the DateTime.
The current raw data frame displays the average temperature around cities, see Table 1.

Table 1. Temperature data of the major cities in the world.
Region Country State City Month Day Year AvgTemperature

Africa Algeria NaN Algiers 1 1 1995 64.2
Africa Algeria NaN Algiers 1 2 1995 49.4

Africa Algerai NaN Algiers 1 3 1995 48.8

2.2. Data Cleaning and Sets Partitioning

Given the disorganized raw data, data cleaning is the first task. First, the project's mission is to
forecast only the temperature of New York City, so extracting the data of New York City by choosing
the rows containing the string "New York City". Secondly, dropping the abnormal values of
temperature data lower than 0 because there is no evidence proving that the temperature of New York
City was lower than 0 Fahrenheit for several decades. Furthermore, deleting the useless columns:
"Region”, "Country", "State", and "City", and renaming the column "AvgTemperature" to
"AvgTemp". A short column name makes the coding easier. The final thing of cleaning data is
transferring the date to DateTime format in Python. There are 9245 rows and 1 column in total. See
the cleaned data in Table 2.

In addition, partitioning the train set, validation set, and test set are essential procedures in machine
learning. A train set is used for training and evaluating the forecasting model, a validation set is used
for controlling the sophistication of the model parameters, and a test set is used for testing the
performance of the forecasting model and helping determine the final model [4]. Because the
parameters of the forecasting model are easy to decide on, the validation set is not used. The train set
and test set data are partitioned by date time, separately from the start of 1995 to the end of 2019 and
from the start of 2020 to May 2020. The final goal is to build the predicting model by the train set
and test the accuracy of the prediction by the test set.

Table 2. Cleaned temperature data of New York City from 1995 to 2020.

Datetime AvgTemp
1995-01-01 44.0
1995-01-02 41.8
2020-05-12 51.1
2020-05-13 51.8

2.3. Data Visualization and Analysis

One of the best and easiest ways of understanding the data is data visualization, which presents
what the data looks like through plotting. Figure 1 presents the visualization of the temperature data
using Matplotlib and Seaborn.

Time series forecasting requires the data to be regular. Otherwise, it is not possible to forecast the
data. Therefore, one of the most important tasks is determining whether the time series is stationary
or not.
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New York City Temperature Data from 1995-2020
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Fig 1. Temperature Data Visualization.

The trend and regularity of the temperature data shown above look accessible but still need to
check its stationarity using a statistical method. In statistics, the Dicky-Fuller test tests whether the
data is stationary or not. In this test, the null hypothesis is that that an an ARIMA model has unit root.
The alternative hypothesis is usually stationarity or trend-stationarity. Autoregression is one
component of the ARIMA model [5]. An autoregression model with a constant can be written as:

Ve =ag+ 6y_q +u; (1)

Where y.the temperature as a variable is, a, isthe constant, u, isthe error term. Whether a unit
root exist or not could be exploited for estimating the model, equivalent to testing 6=0. It is easy to
achieve the Dicky-Fuller test in Python by importing "adfuller” from Python Statsmodels and setting
the rolling mean and rolling standard deviation by seven days to remove errors and absoluteness in
the data as much as possible [6].

2.4. Modeling and Hyperparameters Selection

ARIMA model is constituted by the autoregressive model (AR model) and moving average model
(MA model). AR model explores the relationship between the current and previous values, and further
forecast the variable according to its previous values. It is necessary to satisfy the prerequisite of data
stationarity. The autoregressive function of p order is denoted as:

p
ye=u+ Z YiVe-i + €t (2)

=1

Where y, denotes the current value of the variable, which is the average temperature in this case,
u is the constant, p is order value, yi is the autoregressive coefficient, and €, denotes the error. The
autoregressive function describes the current value y, by accumulating the historic value y,_;
times the coefficient for p orders of data in the time series. On the other hand, the MA model focuses
more on the summation of the error term in the model, whose function of g order is denoted as:

q
Ye=Hn+ e+ Z Oi€c—i (3)
i=1
Where €, is the error of the current value, €,_; is the error of the previous values. The moving
average function can effectively eliminate the random fluctuation of the time series. Finally, if
integrating the two models after using the difference method, it will become the ARIMA model,
whose function can be written as:

p q
Ye=u+ 2 ViVe—i T €+ Z 0;€_i (4)
i=1 i=1

The principle of the ARIMA model is now apparent. It changes the series into stationary series
and then determines the dependent variable based on the current, previous values and the error.
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The next step is determining the hyperparameters, which is the orders in the model. It could be
achieved by the partial autoregressive correlation function (PACF) and autoregressive correlation
function (ACF), denoted as:

Corr(¥e, Ye-1) (5)

The two fucntions determine the hyperparameters p, g, and d in ARIMA model. When the
points of PACF locate in the confidence level after p order but those of ACF do not, so choose AR
model. When the points of ACF locate in the confidence level after q order but those of PACF do
not, so choose MA model. Therefore, p order can be seen in the PACF, and g order can be seen in
the ACF. The order of differencing d can be determined by the time of differencing to the time series

[7]1.

3. Results and Discussion

3.1. Results of Data Visualization

Figure 2 displayes the the result of the visualization in that there is no obvious and intense
fluctuation between the periods in those years. The average daily temperature conspicuously increases
to approximately 80 during summer and decreases to 20 to 30 in winter. Therefore, there is no obvious
global warming sign according to the time series data, at least in New York City.
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Fig 2. Dicky-Fuller time series stationary test plot.

3.2. Results of Dicky-Fuller Test

The rolling mean and rolling standard deviation is plotted in Figure 2. In the summary of results,
P-value is much lower than 0.05 for 95% confidence level, and the Dicky-Fuller t statistic is -6.9
much lower than the 1%, 5%, and 10% critical values in different degrees of rejecting the null
hypothesis, which indicates that it is reasonable to reject the null hypothesis, which means there is a
unit root in the model. Considering the time series is stationary, it is not necessary to stabilize the data
using the difference method but building the ARIMA model using it directly.

Table 3. Results of Dicky-Fuller Test.

Test Statistics -6.900383E+00
P-value 1.286578E-09

# lags used 3.800000E+01

NO. of observation used 9.206000E+03
Critical value (1%) -3.431061E+00
Critical value (5%) -2.861854E+00
Critical value (10%) -2.566937E+00

dtype: float 64
Reject HO, that the data has no unit root, the data is stationary.
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3.3. Model Hyperparameters Selection

In this case, d is 0 because the data is stationary without any differencing. The plots of ACF is
demonstrated in Figure 3 and the PACF is shown in Figure 4. In ACF, the points will never locate in
the confidence level (represented by the deep blue area in the figures). However, the points locate in
the confidence level after order 2 or maybe 10. As far as so, the hyperparameters are partially
determined: p is between 2 and 10, both g and d are 0. The suitable model is AR model.
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Figure 3. Autoregressive correlation function plot.
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Figure 4. Autoregressive correlation function plot.

But right now, what is the best value for p? Bayesian Information Criterion (BIC) [8] can help us
to determine that, whose function is denoted by:

BIC = kin(n) — 21In(L) (6)

Where k, n and L respectively denotes the number of hyperparameters, the number of data
samples, and the likelihood function. BIC helps to find the best hyperparameters in the model by
weighing the likelihood function and the number of data samples, and models with lower BIC is
preferred. Due to the bigger of the likelihood function the better, the lower k makes BIC lower. A
histogram is plotted presenting the BIC in different p order in Figure 5.
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Figure 5. Bayesian Information Criterion values in different parameters.

The result shows that BIC is lower when p is equal to 9 or 10. The next step is building two
models with two different p order values, which are 9 and 10, and training the data. The two training
summary results are shown in both the Table 4 and the Table 5.

Table 4. SARIMAX summary results of ARIMA model when p is9.

Dependent Var: AvgTemp # Observations: 9245
Method: ARIMA(9,0,0) Log Likelihood  -28411.27
Sample: 9245 AIC 56844.54
Covariance: opg BIC 56922.99
HQIC 56871.19
coefficient std err z P<|z| 0.025 0.975
const 0.000 50.86 61.087
L1 0.8921 0.009 98.68 0.000 0.87 0.910
L2 -0.2802 0.012 -22.98 0.002 0.01 0.064
L3 0.1789 0.013 13.30 0.089 -0.04 0.003
sigma2 27.3342 0.335 81.56 0.000 26.677 27.991
Ljung-Box (Q) : 0.03 Jarque-Bera (JB): 618.70
Prob (Q) : 0.86 Probability (JB) : 0.00
Heteroskedasticity (H) : 1.04
Probability (H) : 0.24

Table 5. SARIMAX summary results of ARIMA model when p is 10

Dependent Var: AvgTemp # Observations: 9245
Method: ARIMA(10,0,0) Log Likelihood -28407.618
Sample: 9245 AlC 56839.237
Covariance: opg BIC 56924.819
HQIC 56868.319
coefficient std error z P<|z| [0.025 0.975]
const 55.975 2.680 20.887 0.000 50.723 61.227
L1 0.8901 0.009 98.308 0.000 0.872 0.908
L2 -0.2805 0.012 -23.040 0.002 0.015 0.064
L3 0.1781 0.013 14.242 0.074 -0.048 0.002
sigma2 27.3131 0.335 81.638 0.000 26.657 27.969
Ljung-Box (Q) : 0.01 Jarque-Bera (JB): 616.15
Prob (Q) : 0.91 Probability (JB) : 0.00
Heteroskedasticity (H) : 1.04
Probability (H) : 0.26
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3.4. Interpreting the SARIMAX Results

AIC represents Akchi's information standard [9]. It is an indicator that helps assess model strength,
like BIC. The maximum likelihood values and number of parameters are also taken into consideration.
The large number of parameters is likely to boost the maximum likeluhood value. The ACI is helpful
for decreasing the overfitting problem, by penalizing the number of parameters. By using this
technique, the model with few parameter but good performance is obtained. HQIC denotes the
Hannan—Quinn information criterion [10], which is not used for parameter selection as frequently as
AIC or BIC.

The "stderr" column estimates the error in the predicted value. It shows how much the residuals
affect the estimated parameters. "z" equals the coefficient value divided by the standard error. The p-
values are below the given threshold (usually 0.05 significant level), so the model is good.

The Ljung-Box test is proposed for examing whether time series autocorrelations is 0, which tests
for overall randomness based on multiple lags [11]. The null hypothesis and alternative hypothesis
are usually given by: HO: The data are independently distributed. H1: The data are not independently
distributed; they exhibit serial correlation.

The test could be:

h 2
Q=nn+2) Y L @
k=1

Where n, p2,and h are the sample size, the sample autocorrelation at lag k, and the number of
lags being tested. Usually, the rejection threshold level « is:

Q > Xlz—a,h (8)

Where xZ_, p,is the(1 — ) quantile for the chi-squared distribution with h degrees of freedom.
In ARIMA model, the h —p — g should be considereed as the degree of freedom.

Therefore, for p is equal to 9, the degrees of freedom is 9236; and for p is equal to 10, the
degrees of freedom is 9235. The calculated chi-squared value is 36028.78 and 36028.80 separately,
which are both larger than the calculated Ljung-Box in summary table 0.03 and 0.01 so that it is
reasonable to not reject the hypothesis of randomness. The data are independently distributed.

3.5. Forecasting

Now, let’s predict the temperature data and compare each of them to the data in test set and plot
the results. See the plotting results in Figure 6 with p equals to 9 and in Figure 7 with p equals to 10.
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Figure 6. Predicted versus actual temperature data when p equals to 9.
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Predicted VS. Actual Temperature Data(p=10)
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Figure 7. Predicted versus actual temperature data when p equals to 10.

Mean squared error evaluates the goodness of fit [12]. Therefore, the lower MSE is preferred. By
calculating that of the two predicting models, the MSE of the model with p equals 9 is 7.9583, and
the MSE of the model with p equals 10 is 7.8687. The AR model with hyperparameters of p is 10 and
both of g and d are 0 is more accurate for forecasting. Finally, the low median value of the difference
between the predicted and actual temperature in the Excel sheet shows the forecasting is precise
thanks to the AR model.

Table 6. Actual and predicted temperature value.
Datetime AvgTemp PredTemp Absolute Difference  Absolute Deviation from the Actual Value (o)

2020/1/1 39.80 41.32 1.52 3.78
2020/1/2 39.80 42.68 2.88 2.42
2020/1/3 46.60 43.11 3.49 1.99
Min 21.50 41.32 0.13 0.008507463
Max 67.50 52.11 25.69 7.011492537
Median 45.05 48.79 4.57 3.75
Mean 45.10 48.31 6.05 3.631427935

4. Conclusion

ARIMA model, in this case, accurately predicts the average temperature on specific days. The
minimum difference of the forecasted temperature is 0.13, and the absolute deviation from the actual
value is very low as 0.0085. The mean absolute deviation from the actual value is 3.63, indicating
that the data, including the predicted temperature distribution values, is relatively close to the actual
values but not as close as possible. So that achieve more perfect and accurate temperature forecasting,
it is not reasonable to merely analyze the historical temperature data using the ARIMA model. The
temperature changes due to plenty of variables, and it often needs satellites to observe. Another
method of predicting temperature but not mentioned in this paper is multiple linear regression. Still,
it is the prerequisite that determining the correlation between the dependent and independent variables
and effectively observing them. More advanced methods could be using artificial intelligence or other
deep learning algorithms. Even though the ARIMA model cannot consider the factors affecting
temperature, it predicts the future temperature based on the historical time series.
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