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Abstract  

Analyzing the climatic 

condition is imperative 

to meteorologist for 

sustainable 

environmental 

development in Nigeria. 

This study aimed at 

identifying the 

characteristics of 

relative humidity of 

Zaria from 1993 to 2012 

using Seasonal 

Autoregressive 

Integrated Moving 

Average (SARIMA) 

modeling approach, this 

approach is done by 

model identification, 

parameter estimation, 

diagnostic checking and 

forecasting. The data 

was subjected to unit 

root test using ADF. The 

best candidate model 
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INTRODUCTION  

  Long-term planning 
especially in the area of 
technology is 
impossible without any 
idea of expected change 
of climate in future. 
Relative humidity 
represents the amount 
of water vapor which is 
in the atmosphere. They 
primarily come from 
the evaporation of 
surface water and 
superficial layers of soil, 
from plant and animal 
respiration and from 
some technological 
processes. The relative 
humidity is at 
maximum (100%) 
when the air becomes 
saturated. If the air 
becomes saturated, 
condensation of water 
vapor occur leading to 
the formation of tiny 
water droplets and 
Millions of such water 
droplets come together 
to form clouds and 
subsequently leads to 
precipitation (Tsoho, 
2008). Relative 
humidity and other 
meteorological and 
climatic variable affects 
human comfort and are 
already becoming a  
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among the competing 

models was selected 

based on information 

criteria as well as 

diagnostic checking and 

forecast accuracy 

measure. The model that 

emerge best among the 

competing models was 

SARIMA (1,0,1)(0,1,1)12 

as it has the least values 

of information criteria 

together with the 

forecast measure of 

accuracy and its 

portmanteau test reveals 

that the p-value is 

greater than alpha 

(0.05) level of 

significance which 

implies that the model is 

adequately fitted to the 

series, likewise the in 

sample forecast result 

provide a very closer 

values with the original 

series. This research 

could be useful to Nimet 

and researchers in the 

field of hydrology for 

monitoring process and 

future managerial 

decision. 

 

serious threat in most parts of the world especially in underdeveloped and 

developing countries such as Nigeria, unless immense orientation and precaution 

are taken by individuals and appropriate authorities. Modeling and forecasting 

relative humidity could serve as major tool to provide an insight of climate 

change in future. Zaria lies between Latitude 11003’ N and 11015’ N; Longitude 

7030’ E and 7045’ E in Kaduna State. Urban Zaria consists of six distinct 

settlements: Zaria City, Tudun Wada, Sabon Gari, Government Reservation Area, 

Palladan and Samaru. (Sawa and Buhari, 2011). Zaria is located on the high plains 

of Northern Nigeria, 652.6 meters above sea level; some 950 km away from the 

coast with a low temperature as 120C at night and in the afternoon up to 390C is 

sometimes recorded. (Zaria at a glance, 2014). Zaria 

experiences extreme seasonal variation in the perceived humidity. The muggier 

period of the year lasts from April to October. Climate change as defined by the 

Intergovernmental Panel on Climate Change (IPCC) (2007) as the change in the 

state of climate that can be identified by statistical tools or by changes in its mean 

or the variability of its properties” and that persists for a long time (usually 

decades or longer). The global economy is highly influenced by climate and 

weather conditions. In particular, the energy consumption and demand, the 

agricultural industry and the tourism sector are significantly affected by weather 

variables. The two most paramount building blocks of a time series model are the 

autoregressive (AR) model and moving average (MA) model. In an AR model, the 

forecast is a function of its past observations, while in a MA model the forecast is 

a function of its past errors. ARIMA model is usually denoted as ARIMA (p, d, q), 

where p and q are non-negative integers that correspond to the order of the 

autoregressive and moving average parameters of the model while d is the order 

of integration respectively. In addition ARIMA (p, d, q) are non-seasonal models 
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and some time series data are periodical in nature. The periodicity of periodical 

time series data is usually due to seasonal changes (including monthly, quarterly 

and degree of weeks change) at different cycle, the parameters P, D and Q are the 

relevant seasonal autoregressive, seasonal integrated and seasonal moving 

average. In practical applications, the order of the model SARIMA is usually not 

too large (Guo, 2009). If the period of time series equals 12, it can be denoted as 

SARIMA (p, d, q)(P, D, Q)12. 

 

Review of related literature 

Numerous researches have been conducted on meteorological variables in 

different places using time series analysis. Some of these are that of Emmanuel 

and Bakari (2015), apply time series analysis in modelling monthly Rainfall data 

for Maiduguri from 1981 to 2011 and come up with ARIMA (1,1,0) as the best 

model that provide a good fit for the rainfall data of Maiduguri and is appropriate 

for short term forest. Also Mahmood and Hubbard (2002)  developed a model 

that measured daily range of air temperature (maximum minus minimum) and 

with the help of it they estimated daily clear sky solar radiation, daily weather 

data (including solar radiation measurement) for nine stations with observations 

from 1990 to 1998 which was used for formulation of the final model. In addition, 

Chisimkwuo et al., (2014) used time series analysis and forecasting of the 

monthly maximum temperatures in South Eastern Nigeria that examines 1977-

2012 monthly temperature data using the metrological instrument and monthly 

forecast from 2013-2017 which showcased relatively stable temperature values 

within these years and the verification of the model using 2011-2012 data shows 

that the model is parsimoniously equitable which recommends that carefully 

applying mathematical models could help track future rise in monthly 

temperatures. Also Mahsin et al., (2012) used Seasonal Autoregressive 

Integrated Moving Average (SARIMA) model to study the patterns of monthly 

rainfall data in Dhaka division of Bangladesh. They concluded that the root mean 

square error values on test data are comparatively less and the predicted model 

for two years is reliable by comparing the fitted and actual data along with their 

95 % confidence interval that can help decision makers to established strategies, 

priorities and proper use of water resources in Dhaka. Yaya et al., (2015), assert 

that several features may be present in rainfall data and sophisticated time series 

procedures are needed for the analysis. These features are that of seasonality, 

long range dependence of observations and time trend, they latter used fractional 

integration techniques to analyze the monthly rainfall data of 37 meteorological 

stations across the six-geopolitical zones of Nigeria between 1981 to 2013. 
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Osabuohien (2013) applied Box-Jenkins SARIMA Model in rainfall forecasting 

and concluded that model building commences with the examination of the plot 

of the series together with the plot of the autocorrelation and partial auto 

correlation function to check for stationarity of the data and so forth. 

 

Materials and Methods 

This study is undertaken to examine the trends and variations of monthly mean 

relative humidity data of zaria. The data obtained for this research is from 

Institute for Agricultural Research, Ahmadu Bello University Zaria 

Meteorological Station for the period of January, 1993 to December, 2012. 

Several time series methods have been used for modeling and forecasting relative 

humidity data in literature but according to Pankratz (1983) the Box and Jenkins 

method is the most general way of approaching to forecast unlike other models. 

This method assumes that the time series data requires an in depth approach to 

exploit meteorological variables so as to provide a guide to the choice of an 

appropriate model for better modeling and forecasting. The R-2.15.1 statistical 

software package is used for the analysis. The data was tested for stationarity 

using the Augmented Dickey-Fuller (ADF) test with a null hypothesis that the 

data series is not stationary and it was modeled using the Seasonal 

Autoregressive Integrated Moving Average (SARIMA) model. The main stages in 

setting up SARIMA model includes model identification, parameter estimation, 

diagnostic checking of the identified model appropriateness and forecasting. 

Model identification stage is done by examining the Autocorrelation Function 

(ACF) and Partial Autocorrelation Function (PACF) of the series. The behavior of 

ACF and PACF plot of a series serve as a guide of where model can be built from 

and its corresponding model order. Once the tentative models were identified, 

then the Parameters and their corresponding Estimates can be estimated using 

statistical techniques such as least squares or maximum likelihood estimation 

method. This technique is done by estimating numerous competing models and 

the best model is selected based on minimum information criteria such as Akaike 

information criterion (AIC and AICC), Akaike (1978), and Bayesian information 

criterion (BIC). Diagnostic and forecasting stage is where the models estimated 

are subjected to statistical test to check for the overall adequacy of the model 

(goodness of fit) with the null hypothesis that the model is adequate. Ljung and 

Box,(1978). In addition, the Root Mean Square Error (RMSE), Mean Absolute 

Error (MAE) and Mean Absolute Percentage Error (MAPE).Were employed to 

measure the model forecast accuracy with the hope that the smaller the error, 

the better the forecasting ability of that model. The Seasonal Autoregressive 



 
INTERNATIONAL JOURNAL OF AFRICAN SUSTAINABLE DEVELOPMENT 

(VOL. 11 NO.2) DECEMBER, 2019 EDITIONS 
 

 
  
 

81 

Integrated Moving Average (SARIMA) model is an extension of the 

Autoregressive Integrated Moving Average (ARIMA) model to capture both 

seasonal and non-seasonal behavior in a time series data. The Seasonal 

Autoregressive Integrated Moving Average (SARIMA) Model is an extension to 

the class of ARMA models by adding the possibility to integrate a non-stationary 

process to a stationary one. The SARIMA model is a mathematical structural 

mixed model that starts from ARMA process as:  

 

Autoregressive (AR) models 

Autoregressive models are based on the idea that the current value of the series, 

xt, can be explained as a function of p past values, xt−1, xt−2. . . xt−p, where p 

determines the number of steps into the past needed to forecast the current value 

(Shumway and Stoffer, 2010). An autoregressive model of order p, abbreviated 

AR (p), can be written as: 

𝑥t = ф1𝑥𝑡−1 + ф2𝑥𝑡−2 + …+ ф𝑝𝑥𝑡−𝑝 + e t      (3.1) 

𝑥t − ф1𝑥𝑡−1  – ф2𝑥𝑡−2 – … – ф𝑝𝑥𝑡−𝑝 = e t     (3.2) 

By introducing the lag operator (𝐵) in equation (2.2) we obtain:  

𝑥t = 𝑥t𝐵0, 𝑥𝑡−1= 𝑥t𝐵1, 𝑥𝑡−2= 𝑥t𝐵2,…., 𝑥𝑡−p= 𝑥t𝐵P. from the characteristics 

polynomial of order p, The model in lag operators takes the following form 

The autoregressive operator ф(𝐵)is defined to be; 

ф(𝐵)=1–ф1𝐵 – ф2 𝐵2− … − ф𝑝 𝐵P           

 (3.3)                  

More concise the AR model can be expressed as ф(𝐵)𝑥t= e t     (3.4) 

 

Moving Average (MA) Models 

The Moving Average model is an alternative to the autoregressive representation 

in which the xt on the left-hand side of the equation are assumed to be combined 

linearly, 

A moving average model of order q, abbreviated as MA (q) can be written as: 

𝑥t = e t + θ1e 𝑡−1 + θ 2e 𝑡−2 + …+ θ qe 𝑡−q      (3.5) 

  

Where θ 1, θ 2 ..., θ q are the Moving Average (MA) parameters in the model and e 

t, e 𝑡−1, . . . , e 𝑡−q are the white noise. 

The Moving Average model in lag operator 𝐵 is of the form: e t=e t𝐵0, e 𝑡−1 = e t𝐵1, 

e 𝑡−2= e t𝐵2,…, e 𝑡−q=e t𝐵p. The model in lag operators takes the following form; 

𝑥t = e t (1 + θ1𝐵 + θ2 𝐵2+ … +θq𝐵P)     

 (3.6)    

The Moving Average operator θ(B) is of the form: 
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θ(B)= 1+ θ1B + θ2 B 2 + … + θqB q        (3.7) 

    

More concise the AR model can be expressed as 𝑥t = θ(𝐵)e 𝑡  (3.8) 

 

Seasonal Autoregressive Integrated Moving Average (SARIMA) Model 

This is an extension to the class of ARMA models by adding the possibility to 

integrate a non-stationary process to stationary with some modifications made 

to account for seasonal and non-seasonal behavior. A Seasonal ARIMA Model is 

denoted by ARIMA (p,d,q)(P,D,Q)S, the first set of bracket contains the order of 

non-seasonal operators and the second pair of bracket has the order of seasonal 

operators  which can be written in lag form as (Shumway and Stoffer, 2010): 

fP(B)Fp(BS)(1-B)d(1-Bs)D 𝑥t = θq(B)ѲQ(Bs)et 

Where; 

Xt represent the time series data at period t,   S represent the seasonal order 

B represent backward shift operator,   et represent error term at point t 

f(B)= 1- f1B- f2B2-….- fpBp are non-seasonal autoregressive (AR) operator or 

polynomial of order p and the fi, i = 1, 2, . . . , p are the non-seasonal AR 

parameters; 

(1 – B)d = Ñd is the non-seasonal differencing operator of order d. To produce 
non seasonal staionarity of the dth differenced data, usually d = 1 or 2; 
Fp (Bs ) =1-F1s B1s-F2s B2s -.....- F2 B2p  are the seasonal autoregressive (AR) 
operator or polynomial of order p and  Fpi = 1, 2, . .. , p are the seasonal AR 
parameters; 
(1 – Bs)D = Ñs D  is the seasonal differencing operator of order D to produce 
seasonal stationarity of the Dth differenced data, usually D = 1 or 2; 
 q (B) =1+q1 B+q2 B2 +...+qq Bq  are the non-seasonal moving average (MA) 
operator or polynomial of order q and qi , i = 1, 2, ..,q; 
 Ѳ(Bs ) =1+ Ѳ 1 B1s + Ѳ 2 B2s -......+ Ѳq BQS are the seasonal MA operator of order Q 
and  
ѲQi = 1, 2, . . . , Q are the seasonal MA parameters.  

 

Analysis and Discussion of Result  

The relative humidity series of Zaria metropolis was examine using the modeling 
approach of Box-Jenkins methodology. Figure 1, 2 and 3 shows a plot of the series, 
autocorrelation function (ACF) and partial autocorrelation function (PACF) of 
average monthly relative humidity data with an indication of seasonal behavior 
and non-stationary. The data was tested for stationarity using Augmented Dickey 
Fuller (ADF) test, the test confirmed non stationarity of the original series as the 
p-value (0.0758) is greater than alpha level of significance (0.05).The strength of 
the pattern suggests differencing the series at seasonal lag. Figure 4, 5 & 6 display 
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the seasonally differenced average relative humidity series, ACF and PACF of the 
differenced series. The data was further tested for stationarity after first 
differencing as the p-value (0.0056) is less than alpha level of significance (0.05), 
thus different competing models from SARIMA were fitted to the differenced data 
series and the best model was selected based on minimum values of parameter 
estimates, forecast accuracy as well diagnostic checking of the model. After a 
careful examination of Table 1 from the different dynamic competing models. The 
model that emerge best among the competing models was SARIMA 
(1,0,1)(0,1,1)12 because it has the least values of information criterion together 
with the forecast measure of accuracy and its portmanteau test reveals that the 
p-value is greater than alpha (0.05) level of significance for all lags which implies 
that the model is adequately fitted to the series as seen in table 2 and 3. Likewise 
the in-sample forecast in table 4 reveals a little margin compared to the original 
data series and this indicates the reliability of the model. 
 
Conclusion  

Relative humidity as a contributing factor to climate changes is imperative for 
proper guide and timely preparation against extreme events. The seasonal 
behavior of the Relative humidity in Zaria also drop to less than 15% in 
December/January and is always more than 60% from June to September. The 
result obtained from the analysis confirm the robustness of SARIMA 
(1,0,1)(0,1,1)12 as the most parsimonious model to forecast the Zaria monthly 
humidity pattern.. Thus this methodology has proved to be a useful technique 
that will helps decision makers to establish better strategies and to set up 
priorities for equipping themselves against upcoming weather challenges.    
 

Table 1: Dynamic Competing Models Parameters 

Relative humidity   AIC   AICC   BIC 

   SARIMA  (1,0,1) (1,1,1)12 1472.89 1473.30 1490.03 

   SARIMA   (1,0,1) (3,1,1)12 1475.82 1476.33 1499.82 

   SARIMA  (1,0,1) (1,1,2)12 1472.92 1473.32 1493.03 

   SARIMA   (1,0,1) (2,1,1)12 1474.56 1474.94 1495.14 

   SARIMA  (1,0,1) (0,1,1)12 1471.05 1471.23 1484.77 

   SARIMA  (1,0,2) (2,1,1)12 1476.55 1477.06 1500.56 

 

Table 2:  Accuracy Measure 

Relative humidity RMSE MAE MAPE 

SARIMA(1,0,1)(1,1,1)12 9.435510 7.25008 14.05135 

SARIMA (1,0,1) (0,1,1)12 5.543510 4.028098 12.71555 
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Table 3: Portmanteau test for the fitted model.   

Lag D.F Chi-square 

statistic 

P-value 

Relative humidity 12 7 13.3 0.065 

24 19 18.3 0.503 

36 31 26.7 0.688 

48 43 35.6 0.781 

 

Table 4: In Sample Forecast for Relative Humidity Series  

Year Original Series  In Sample Forecast 

2011:01 15.98 16.21 

2011:02 18.25 16.47 

2011:03 11.06 12.14 

2011:04 26.13 28.74 

2011:05 55.85 50.08 

2011:06 68.78 65.98 

2011:07 78.03 73.59 

2011:08 76.18 77.65 

2011:09 72.67 72.76 

2011:10 57.29 60.88 

2011:11 17.07 19.95 

2011:12 14.85 12.46 

2012:01 14.76 14.14 

2012:02 13.83 12.89 

2012:03 9.19 10.92 

2012:04 39.87 38.14 

2012:05 61.10 59.42 

2012:06 69.85 71.34 

2012:07 75.18 75.75 

2012:08 78.15 78.53 

2012:09 75.50 73.74 
2012:10 62.74 62.46 
2012:11 30.57 28.78 

2012:12 17.95 19.41 
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Figure1b:Monthly Reletive Humidity % in Zaria. 

 
Figure 2b: ACF of the Seasonal Monthly Relative Humidity %  in Zaria. 

 

 
Figure 3b: PACF of the Monthly Relative Humidity % in Zaria. 
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Figure 4b: Monthly Differenced Relative Humidity % in Zaria. 
 

 
Figure 5b: ACF of the Differenced Monthly Relative Humidity series % Zaria. 
 

 
Figure 6b:PACF of the Seasonal Differenced Monthly Relative Humidity series% 
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