
American Journal of Theoretical and Applied Statistics 

2026, Vol. 15, No. 4, pp. 149–163 

https://doi.org/10.11648/j.ajtas.20261504.14  

 

 

 

Received: 30 June 2026; Accepted: 14 July 2026; Published: 6 August 2026 

 

Copyright: © The Author(s), 2026. Published by Science Publishing Group. This is an Open Access article, distributed 

under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which 

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited. 
 

Research Article 

Modelling Dekadal Rainfall Dynamics in Kenyan 

Subnational Regions Using Sarima Model 

Linnet Chege* , Peter Gachoki, Joseph Eyang’an Esekon  

Department of Pure & Applied Sciences, Kirinyaga University, Kerugoya, Kenya 

 

Abstract 

Kenya is very weather sensitive, and the seasonality and variability of rainfall has a significant impact on agricultural 

productivity, water resource management and food security. Therefore, precise rainfall prediction is a key requirement for climate 

risk management and decision-making. Most Kenyan rainfall studies have been of monthly and/or annual rainfall, which may 

not be sensitive enough to the intra-seasonal variability in rainfall seen at dekadal (10-day) time scales. The aim of this study 

was to model and forecast dekadal rainfall dynamics in selected Sub-national regions of Kenya using Seasonal Autoregressive 

Integrated Moving Average (SARIMA) models. The quantitative time series research design adopted involved Box–Jenkins 

methodology with data on dekadal rainfall from 2021 to 2025 from the Humanitarian Data Exchange (HDX). The five regions 

namely Manyatta, Mbeere North, Igembe Central, Marsabit and Isiolo were chosen for analysis. Data was analyzed by R 

statistical software. Logarithmic transformation and differencing were used to stabilize the variance and to make the data 

stationary as verified by the Augmented Dickey–Fuller test. Autocorrelation Function (ACF) and Partial Autocorrelation 

Function (PACF) were used to identify the candidate SARIMA models, while Akaike Information Criterion (AIC) and Bayesian 

Information Criterion (BIC) were used to select the models. Model adequacy was checked with residual diagnostics and Ljung–

Box test, and the forecasting performance was judged based on RMSE, MAE, MAPE, and MASE. The results showed that 

SARIMA (1,0,0) (1,1,1)36 was the most suitable model for regions51348,51352, and51364, whereas SARIMA (1,0,0) (0,1,1)36 

provided the best fit for regions 51357 and 51363. Residual diagnostics also showed that the models estimated were appropriate 

to represent the temporal dependence in the rainfall series, as the residuals were in the form of white noise. High MAPE values 

were observed, which were mostly related to the intermittent nature of the rainfall data, but satisfactory forecasting performance 

was shown by RMSE, MAE and MASE. Forecasts for the coming year reproduced the observed seasonal rainfall pattern and 

showed greater uncertainty in the longer-term forecasts. In general, the chosen SARIMA models were successful in modelling 

dekadal rainfall patterns and can be a valuable tool for agricultural planning, water resource management, and climate risk 

preparedness for Kenya. 
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1. Introduction 

Rainfall variability in Eastern Africa is influenced by com-

plex interactions between oceanic and atmospheric drivers, 

which shape both interannual and intra-seasonal variability. 

Relation between Indian Ocean Dipole and ENSO moderate 

rainfall anomalies in Eastern Africa and influence when sea-

sonal rainfall occur and its intensity [1]. Regional contrasts in 

rainfall over Africa, based on long-term satellite measure-

ments, emphasize the role of localized rainfall modelling 

methods that are able to capture sub-seasonal variability that 

can be of value in agricultural and water management deci-

sion-making [2]. 

An intermediate temporal scale such as dekadal rainfall pro-

vides a convenient balance between time and data continuity. 

Dekadal aggregation preserves the information on the onset, 

offset and persistence of dry spells in daily rainfall series, 

while reducing random noise present in daily rainfall series. 

The study by [3] revealed that the variability of seasonal rain-

fall in East Africa is strongly correlated to the global sea sur-

face temperature deviations, indicating that the sub-seasonal 

rainfall processes are responsive to large-scale climate driv-

ers.[4], further identified dekadal rainfall variability over East 

Africa associated with oceanic forcing mechanisms. These re-

sults suggest that the variability of rainfall exists at several 

time scales, and therefore, dekadal data can be used to extract 

significant climate variants that can be used to forecast the 

seasons. 

The study by [5], evaluated the applicability of SARIMA 

models to examine and predict the trend in monthly rainfall in 

Embu County, Kenya using data on monthly rainfall that was 

available in 1998-2017. Prior time-series analysis indicated a 

high level of non-stationarity and high seasonality at the 

yearly level, which indicate the presence of a bimodal rainfall 

regime in the region. In order to address these characteristics, 

the authors used both non-seasonal and seasonal differencing, 

ACF and PACF plots to guide model identification. A number 

of SARIMA models were fitted and analyzed using Akaike 

Information Criterion (AIC) and residual diagnostic inspec-

tion. SARIMA (1,1,1) (0,1,2)12 was the best model identified 

in the study since the residuals in the model showed white-

noise behavior and the model gave precise forecasts for short-

term rainfall. The results showed that SARIMA models can 

account for seasonal variations in rainfall, and provide an ef-

fective forecasting instrument in agricultural planning, 

drought preparedness and water-resource management in 

Embu County and similar regions. 

Although a number of studies have been done using 

SARIMA models to forecast rainfall in Kenya and neighbor-

ing East African nations, there are still gaps. Dekadal rainfall 

series have been underreported, as most studies have investi-

gated monthly or annual data, which limits understanding of 

intra-seasonal variability critical for agriculture and water re-

source management. Existing studies are often localized, cov-

ering only single counties or stations, which does not neces-

sarily allow the research to capture spatial variability in sea-

sonal rainfall patterns. There is limited research on whether a 

single SARIMA system can be effective in different climatic 

areas in Kenya. The objectives of this study were to fit a 

SARIMA model to dekadal rainfall data, to assess model per-

formance using diagnostic measures and to generate rainfall 

forecasts with quantified uncertainty. 

2. Methodology 

Rainfall data, covering the period January 2021 to Decem-

ber 2025, that was used in this study was accessed through 

Humanitarian Data Exchange (HDX) which provided the 

dekadal (10-day) rainfall estimates on the subnational level 

in Kenya. The dekadal time resolution yielded 36 observa-

tions in a year and therefore was appropriate in SARIMA 

modelling. 

2.1 Data Pre-processing 

2.1.1. Exploratory Data Analysis 

Summary statistics per region were computed and the se-

lection of regions was done based on statistical parameters 

such as the coefficient of variation, standard deviation and the 

mean rainfall. 

2.1.2. Time Series Visualization 

The plotting of the rainfall series provided the ability to de-

termine the seasonal peaks, dry seasons, and extreme rainfall 

seasons which are major features that are focused on in 

SARIMA models. Visual inspection was used in spotting out-

liers, missing values and structural breaks that could impact 

on the model performance and forecast accuracy. 

2.1.3. Variance Transformation 

Let the dekadal rainfall time series be defined as: 

{𝑅𝑡}, 𝑡 =  1, 2 … , 𝑛                  (1) 

Where; 

𝑅𝑡= rainfall (mm) recorded in the t-th dekad (10-day period) 

𝑛= total number of dekads observed 

To stabilize variance, a logarithmic transformation was ap-

plied: 

𝑋𝑡 = log(𝑅𝑡 +  1)                   (2) 

where 𝑋𝑡 is the transformed rainfall series. 
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2.1.4. Stationarity and Differencing 

The rainfall series was tested for stationarity using the Aug-

mented Dickey-Fuller (ADF) test. 

Δ𝑋𝑡 = 𝛼 + 𝛽𝑡 + 𝛾𝑋𝑡−1 + ∑ 𝛿𝑖
𝑘
𝑖=1 Δ𝑋𝑡−𝑖 + 𝜀𝑡      (3) 

The hypotheses for the test were: 

𝐻0: 𝛾 = 0                      (4) 

𝐻1: 𝛾 < 0                      (5) 

Where the null hypothesis 𝐻0: 𝛾 = 0  means the series has 

a unit root, indicating non stationarity whereas 𝐻1: 𝛾 < 0  

means the series does not have a unit root hence stationary. If 

non-stationarity was detected, the rainfall series was to be dif-

ferenced to achieve stationarity prior to model estimation. 

2.2. Model Identification and Selection 

After reaching stationarity, the Autocorrelation Function 

(ACF) and Partial Autocorrelation Function (PACF) of the 

differenced series were plotted to determine the right kind of 

orders of the SARIMA model. Model selection was based on 

AIC and BIC. 

2.3. Model Diagnostics 

Residual time series plots were examined to ensure that the 

trend of the time series plots fluctuated randomly around zero 

without evident trend or seasonality. The assumption of nor-

mality was evaluated with the use of histograms and normal 

Q-Q plots. Analysis of ACF and PACF of the residuals was 

implemented to identify the presence of any remaining serial 

correlation. To have a sufficient model, the autocorrelation co-

efficients ought to all be within the approximate 95% confi-

dence limits. To test the overall residual independence for-

mally, the Ljung-Box Q-test was used. 

A SARIMA model was to be considered if there was no 

significant autocorrelation in the residuals, the Ljung-Box test 

value was not statistically significant, the variance of the re-

siduals was constant and had zero mean and the parameters 

that were estimated were statistically significant. 

2.4. Model Validation and Forecast Accuracy 

The rainfall time-series was divided into two subsets: a 

training (estimation) sample and a validation (testing) sample. 

Typically, the model was estimated to use 80% of the obser-

vations and the rest 20% was set aside to verify the model. 

SARIMA models were to be fitted to the training data, to gen-

erate out-of-sample forecasts over the validation period. The 

number of forecasts was generated iteratively at each dekad, 

making them consistent with the forecasting conditions in real 

time. Both point forecasts and prediction intervals were ob-

tained to evaluate forecast accuracy and uncertainty. 

The accuracy of the forecast was determined using the com-

parison of the observed and the predicted values of the rainfall 

in the validation sample. The accuracy measures used in-

cluded: 

Mean Absolute Error (MAE) 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣𝑛

𝑡=1 𝑋𝑡 − 𝑋̂𝑡 ∣              (6) 

Root Mean Square Error (RMSE) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (

𝑛

𝑡=1
𝑋𝑡 − 𝑋̂𝑡)2           (7) 

Mean Absolute Percentage Error (MAPE) 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑ ∣

𝑋𝑡−𝑋̂𝑡

𝑋𝑡
∣

𝑛

𝑡=1
            (8) 

Mean Absolute Scaled Error (MASE) 

𝑀𝐴𝑆𝐸 =
1

𝑛
∑∣𝑒𝑡∣

1

𝑛−1
∑∣𝑋𝑡−𝑋𝑡−1∣

                (9) 

Where: 

𝑋𝑡= Actual observed value at time 𝑡 

𝑋̂𝑡= Forecasted (predicted) value at time 𝑡 

𝑒𝑡 = 𝑋𝑡 − 𝑋̂𝑡= Forecast error at time 𝑡 

𝑛= Number of observations used in model evaluation 

𝑡= Time index (𝑡 = 1,2, … , 𝑛) 

𝑋𝑡−1= Actual observed value at the preceding time period 

2.5. Forecasting 

After the estimation and validation of the fitted SARIMA 

models, prediction was done to test the predictive strength of 

the models and to forecast future rainfall trends. In this analy-

sis, predictions were made with a horizon of 36 dekads, which 

is equivalent to one year ahead. The predictions were calcu-

lated using the log-transformed rainfall records. Exponential 

transformation was then applied to the forecasted values to get 

them back to the original rainfall scale (mm). 

3. Results and Discussion 

3.1. Fitting the SARIMA Model to Dekadal 

Rainfall Data 

3.1.1. Time Series Visualization 

Summary statistics per region were computed and the se-

lection of regions was done based on statistical parameters 

such as the coefficient of variation, standard deviation and the 
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mean rainfall. Five areas were then selected because they had 

high coefficients of variation and good data completeness. 

The selected regions (Adm id: 51363, 51364, 51357, 51348, 

and 51352) represent Igembe Central, Marsabit County, Man-

yatta, Mbeere North, and Isiolo County, respectively. These 

areas were characterized by a high level of rainfall fluctuations, 

which was why they could be modelled with the use of 

SARIMA. The results are presented in Table 1. 

Table 1. Summary statistics of dekadal rainfall data. 

Adm Id Mean Rainfall Standard Deviation Coefficient of Variation 

51363 11.9038 25.9519 2.1801 

51364 11.4258 23.1979 2.0303 

51357 15.1064 29.2093 1.9336 

51348 10.4450 19.1667 1.8350 

51352 8.8832 15.7167 1.7693 

 

The mean rainfall values reveal that Manyatta had the high-

est mean rainfall value of 15.11 mm, indicating that the area 

is relatively wetter than the other study areas. In contrast, Isi-

olo County had the lowest mean rainfall of 8.88 mm, signify-

ing comparatively dry conditions. The results are in line with 

those of the study by [6], which showed that there was a sig-

nificant variation in the distribution of rainfall across the re-

gional climatic conditions and topography of Kenya. 

The values of the standard deviation show that rainfall varies 

considerably among all the selected areas. Manyatta was found 

to have the highest standard deviation of 29.21 mm which 

means there were large variations in rainfall amounts from one 

time to another. In like manner, the standard deviations for 

Igembe Central (25.95 mm) and Marsabit County (23.20 mm) 

were high, further corroborating the unstable rainfall patterns 

with irregular rainfall distribution. Isiolo County on the other 

hand had the lowest standard deviation with value of 15.72 mm, 

indicating relatively low fluctuations in rainfall. [7], reported 

that rainfall in Kenyan basins in general exhibits alternating wet 

and dry spells with emphasis on arid/semiarid areas. 

The highest coefficient of variation (CV) was in Igembe Cen-

tral (CV = 2.18) followed by Marsabit County (CV = 2.03) 

which shows very high rainfall variability in relation to their 

mean rainfall amounts. This indicates that rainfall is quite irreg-

ular in these areas, and there are significant variations from the 

mean amount of rain. High variability was also observed in 

Manyatta and Mbeere with CV values of 1.93 and 1.84 respec-

tively. Rainfall distribution coefficient of variation (CV = 1.77) 

was the lowest in Isiolo County, but it is seen that there is still 

high variability in rain distribution in the County. The results 

corroborate those of [8], which noted the high rainfall variabil-

ity and unreliable rainfall regimes in semi-arid regions of Kenya. 

In general, the output indicates that rainfall frequency is 

very irregular over the years, with coefficient of variation val-

ues over 1 in all the regions analyzed. There is a higher likeli-

hood of irregular occurrences of rainfall in some regions such 

as Marsabit County and Igembe Central that may include ex-

treme rainfall events and periods of drought. Isiolo County, on 

the other hand, has more stable rainfall conditions although 

the average amount of rainfall received is lower. The observed 

results are consistent with recent observations by [9], that rain-

fall uncertainty increases as there is enhanced climate varia-

bility in Kenya, especially in the arid and semi-arid areas 

where livelihoods are heavily reliant on rainfall dependent ac-

tivities. 

To determine how dekadal rainfall changed over time in the 

selected regions, time series plots were created. 

Figure 1 shows the time series plots of the selected regions. 

There are uniform trends in the rainfall estimate which show 

variability in all regions. The series are marked by the low 

baseline values, with sharp and intermittent spikes, especially 

around 2023 and 2024, which indicates the impact of common 

external factors. The highest peaks of 51357 and 51363 are 

over 200, whereas Regions 51348 and 51352 are lower. The 

timing and strength are also irregular although there are occa-

sional peaks with similar intervals, which shows there may be 

weak seasonality. 
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Figure 1. Dekadal rainfall series for selected regions. 

3.1.2. Transformation 

Rainfall time series data were transformed using logarith-

mic transformation to stabilize the variance and minimize the 

effect of extreme values. To evaluate the change in the vari-

ance stability and the general data behavior, the transformed 

series were then plotted to visually assess the improvement in 

the variance stability and general data behavior before model 

estimation. 

 
Figure 2. Log-transformed rainfall series. 
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Figure 2 shows the logarithmic transformation of the selected 

regions. The original series is highly variable with sharp peaks 

and skewed to the right, which means non-constant variance. 

After the logarithmic transformation, the extreme values were 

squeezed, leading to a more symmetric distribution and better 

variance stability. The change improves the appropriateness of 

the data to be used in further time series modelling by improv-

ing the normality and homoscedasticity assumptions. 

3.1.3. Stationarity and Differencing 

After the logarithmic transformation, the first order differ-

encing was done to eliminate any residual non-stationarity in 

the mean. The transformed series were more stable, and the 

fluctuations were around a constant level indicating that the 

mean structure had been stabilized sufficiently. To evaluate 

the stationarity of the rainfall time series in all the regions, the 

Augmented Dickey Fuller test was used. The preliminary ex-

amination of the rainfall data revealed that it had trends and 

seasonal effects and thus had to be transformed and differ-

enced so as to fit the model. Table 2 shows the results. 

Table 2. Augmented Dickey Fuller test results. 

Region ADF Statistic P-Value Decision 

51363 -8.0116 0.01 Stationary 

Region ADF Statistic P-Value Decision 

51364 -7.6915 0.01 Stationary 

51357 -7.4921 0.01 Stationary 

51348 -7.1506 0.01 Stationary 

51352 -7.4230 0.01 Stationary 

The results of the ADF test show that each of the regions is 

stationary following transformation. This is found on the basis 

of the very negative ADF test statistics, with the range of 8.01 

to -7.15, and the p-values of 0.01 of all series. Small p-values 

are truncated at 0.01 in R, which limits the ability to determine 

their exact values. However, this limitation does not affect the 

stationarity conclusion since all reported p-values were below 

the chosen significance level. The null hypothesis of the pres-

ence of a unit root was rejected because the p-values are lower 

than the standard level of significance of 0.05. This means that 

the series are stationary and they have a constant time mean. 

Therefore, the data can be modeled with SARIMA. 

3.1.4. Model Identification 

Model identification of the regions chosen was done by 

making use of the ACF plots of the log-transformed and dif-

ferenced series. 

 

 
Figure 3. Autocorrelation Function plots of the selected regions. 
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The Auto Correlation Function (ACF) plots of the selected 

regions are shown in figure 3. The general pattern is a low to 

moderate autocorrelation for the rainfall series, with most of 

the correlation coefficients near to zero but some positive val-

ues occurring on the intermediate and higher lags. This means 

that there is weak temporal dependence, high rainfall variabil-

ity and low persistence of rainfall events throughout the re-

gions. There is no evidence of any slow decay in the autocor-

relation functions, which means that the transformed and dif-

ferenced series is stationary and can be used in SARIMA mod-

elling. The high values at the higher lags (particularly regions 

51357 and 51363) indicate seasonal dependence, namely an-

nual rainfall cycles. The results are in line with those of pre-

vious studies carried out in the Kenya region where loss of 

coherence of inter-seasonal temporal patterns, weak, but per-

sistent seasonal autocorrelation structures, particularly in arid 

and semi-arid regions have been reported [6-11]. 

PACF plots were then plotted to determine the appropriate 

order of the AR component. 

 
Figure 4. Partial Autocorrelation Function plots of the selected regions. 

The Partial Autocorrelation Function (PACF) plots of the 

selected regions are shown below in Figure 4. The rainfall se-

ries are mostly weakly to moderately AR dependent, with pos-

itive and negative peaks occurring in the series and decreasing 

in magnitude with the lag. They are oscillatory patterns re-

flecting short-term limited persistence, as well as climatic sea-

sonal influences resulting from large-scale climatic processes. 

Seasonal persistence is relatively stronger in regions 51357 

and 51363 with sharper peaks at higher lags, but relatively 

weaker and higher rainfall variability in other regions. The 

partial autocorrelations rapidly decrease, indicating that low-

order autoregressive components are enough for modelling 

the rainfall series, which justifies the application of SARIMA 

models. The results are in line with other studies conducted in 

Kenya and the rest of East Africa that found that rainfall series 

are weakly autoregressive, highly variable, and sensitive to the 

seasonality in the atmosphere, including the Intertropical Con-

vergence Zone (ITCZ) and ENSO [5-8, 11, 12]. 

3.1.5. Model Selection 

A number of SARIMA models were estimated on the log-

transformed rainfall data of each of the selected regions. The 

patterns in the ACF and PACF plots were used to define the 

candidate models. The AIC and BIC were used to select mod-

els. 
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Table 3. Candidate SARIMA models. 

Region Model AIC BIC RMSE 

51348 SARIMA (1,0,0) (1,1,1)36 288.4007423 300.2521208 0.44705165 

51348 SARIMA (0,0,2) (1,1,1)36 288.9737266 303.7879498 0.443114152 

51348 SARIMA (2,0,0) (1,1,1)36 290.0999044 304.9141275 0.444693049 

51348 SARIMA (1,0,1) (1,1,1)36 290.2065062 305.0207293 0.444917323 

51348 SARIMA (2,0,1) (1,1,1)36 290.5298334 308.3069012 0.442953918 

51352 SARIMA (1,0,0) (1,1,1)36 292.321006 304.1723845 0.454452909 

51352 SARIMA (2,0,0) (1,1,1)36 294.0630678 308.877291 0.453467045 

51352 SARIMA (1,0,1) (1,1,1)36 294.0966407 308.9108638 0.453551041 

51352 SARIMA (0,0,1) (1,1,1)36 294.2346896 306.0860681 0.459488182 

51352 SARIMA (0,0,2) (1,1,1)36 294.3660078 309.180231 0.455599572 

51357 SARIMA (1,0,0) (0,1,1)36 320.909477 329.7980109 0.531420296 

51357 SARIMA (2,0,0) (0,1,1)36 320.9102977 332.7616762 0.527680834 

51357 SARIMA (2,0,0) (1,1,1)36 320.9902052 335.8044284 0.507549281 

51357 SARIMA (1,0,0) (1,1,1)36 321.3268755 333.178254 0.512982708 

51357 SARIMA (0,0,2) (0,1,1)36 321.326879 333.1782576 0.528440844 

51363 SARIMA (1,0,0) (0,1,1)36 282.3509044 291.2394383 0.464209207 

51363 SARIMA (1,0,0) (1,1,1)36 282.7458305 294.597209 0.448552228 

51363 SARIMA (2,0,0) (0,1,1)36 283.2337881 295.0851666 0.462385335 

51363 SARIMA (1,0,1) (0,1,1)36 283.4401762 295.2915547 0.46271469 

51363 SARIMA (2,0,0) (1,1,1)36 283.6086186 298.4228418 0.446835138 

51364 SARIMA (1,0,0) (1,1,1)36 300.8473512 312.6987298 0.469572074 

51364 SARIMA (2,0,0) (1,1,1)36 302.011739 316.8259622 0.468915187 

51364 SARIMA (1,0,1) (1,1,1)36 302.1531437 316.9673669 0.469187263 

51364 SARIMA (2,0,2) (1,1,1)36 302.7728214 323.5127338 0.468310133 

51364 SARIMA (1,0,0) (0,1,1)36 302.80601 311.6945439 0.49848314 

The best model based on AIC was chosen as the best model in each region due to its superior performance in forecasting-

oriented time series modeling. Results are presented in Table 4. 

Table 4. Selected SARIMA models. 

Region Model AIC BIC RMSE 

51348 SARIMA (1,0,0) (1,1,1)36 288.4007423 300.2521208 0.44705165 

51352 SARIMA (1,0,0) (1,1,1)36 292.321006 304.1723845 0.454452909 

51357 SARIMA (1,0,0) (0,1,1)36 320.909477 329.7980109 0.531420296 

51363 SARIMA (1,0,0) (0,1,1)36 282.3509044 291.2394383 0.464209207 

51364 SARIMA (1,0,0) (1,1,1)36 300.8473512 312.6987298 0.469572074 
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SARIMA (1,0,0) (1,1,1)36 was found to be best suited for 

region 51348, 51352 and 51364 in which seasonal AR and 

MA components were found after applying seasonal differ-

encing. This means that there are periodic seasonal rainfall cy-

cles in these regions. The study conducted by [13], also re-

vealed that the seasonal AR and MA components of SARIMA 

models were able to describe the seasonality of rainfall in Port 

Harcourt, Nigeria. 

By contrast, SARIMA (1,0,0) (0,1,1)36 was found to be the 

best model for region 51357 and 51363, where only the MA 

was seasonal was the only component that was significant, 

suggesting weak seasonal persistence. The inclusion of sea-

sonal MA terms indicates that previous seasonal shocks still 

have an impact on the current rainfall. Similar findings were 

reported by [14], who concluded that seasonal MA compo-

nents are very suitable in capturing the variability of rainfall 

in Mt. Kenya region. 

3.2. Assessing Performance of the Fitted 

SARIMA Model 

3.2.1. Model Diagnostics 

Model diagnostics were performed to investigate the suita-

bility of the fitted SARIMA models. This was done by exam-

ining the residual plot, examination of autocorrelation of the 

residual, and the Ljung box test which was done to determine 

whether the residual was acting as white noise. 

 
Figure 5. Residual diagnostics for region 51348. 
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Figure 6. Residual diagnostics for region 51352. 

 
Figure 7. Residual diagnostics for region 51357. 
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Figure 8. Residual diagnostics for region 51363. 

 
Figure 9. Residual diagnostics for region 51364. 
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The residual diagnostic plots for the fitted SARIMA models 

for the selected regions are shown in Figures 5-9. Overall, the 

residuals are randomly distributed around zero and do not 

show any obvious pattern or seasonality, thus showing that the 

models captured the temporal structure of the rainfall series 

reasonably well. The residual ACF plots indicate that most of 

the autocorrelation coefficients are within the 95% confidence 

limits which serve as a test for serial correlation in the residu-

als, and no strong serial correlation appears. In addition, the 

residual histograms are roughly symmetric and centered 

around zero, which is a reasonable assumption of normality. 

Some isolated residual peaks can be seen but this can be ob-

served in hydroclimatic data as occasional extreme rainfall 

events and does not imply systematic lack of model skill. The 

combined diagnostic results indicate that both the fitted 

SARIMA (1,0,0) (1,1,1)36 and SARIMA (1,0,0) (0,1,1)36 mod-

els are adequate for representing the dynamics of rainfall and 

are suitable for forecasting. The results are in line with previ-

ous studies that claimed that residuals of well-fitted SARIMA 

rainfall models are random, have no significant autocorrela-

tion and are close to normality [13-17]. 

For the L-Jung test, the null hypothesis is that the distribu-

tion of the residuals is independent (there is no autocorrela-

tion), the alternative hypothesis is that there is autocorrelation. 

The findings are given in Table 5. 

Table 5. Ljung-Box Test Results for Residual Diagnostics. 

Region Model ID LB Statistic P-Value Decision 

51348 SARIMA (1,0,0) (1,1,1)36 12.2517 0.9071 No autocorrelation 

51352 SARIMA (1,0,0) (1,1,1)36 18.2334 0.5720 No autocorrelation 

51357 SARIMA (1,0,0) (0,1,1)36 20.7957 0.4092 No autocorrelation 

51363 SARIMA (1,0,0) (0,1,1)36 21.5211 0.3671 No autocorrelation 

51364 SARIMA (1,0,0) (1,1,1)36 16.8083 0.6654 No autocorrelation 

 

The Ljung–Box test results indicate that all fitted SARIMA 

models adequately captured the serial dependence in the rain-

fall series since all p-values were greater than 0.05. Region 

51348 exhibited the highest p-value (0.9071), implying very 

strong residual independence and an excellent model fit. Re-

gions 51352 and 51364 also showed high p-values, confirm-

ing that the SARIMA (1,0,0) (1,1,1)36 models successfully re-

moved autocorrelation from the rainfall data. Similarly, Re-

gions 51357 and 51363 fitted with SARIMA (1,0,0) (0,1,1)36 

produced non-significant Ljung–Box statistics, indicating that 

the residuals behaved approximately as white noise. These 

findings are consistent with [14], who reported that adequate 

SARIMA rainfall models should yield residuals with insignif-

icant Ljung–Box statistics and no remaining autocorrelation, 

confirming the reliability of the models for rainfall forecasting. 

3.2.2. Model Validation 

The fitted SARIMA model’s predictive performance was 

evaluated by model validation. The data set was separated into 

a training set and a testing set of which 80 percent of the data 

was utilized in estimating the model and the rest of the 20 per-

cent of the data was used in validation. Forecasts were then 

made using the fitted models and compared to the observed 

values in the test set to evaluate predictive accuracy. To assess 

the accuracy of the forecasts, the error measures that were 

used were RMSE, MAE, MAPE and MASE. 

Table 6. Forecast Accuracy Measures for the Selected Regions. 

Region RMSE MAE MASE MAPE 

51363 0.8490 0.6687 1.1028 121.7738 

51364 1.0693 0.9119 1.6095 133.1581 

51357 1.2686 1.0586 1.5679 167.2014 

51348 1.1896 1.0409 1.8426 1990.7113 

51352 1.0117 0.8588 1.4782 133.6153 

High MAPE values were observed which may be explained 

by the nature of rainfall data, which frequently are highly var-

ied and contain very small or zero values. Due to this case, 

MASE was also considered in this study. The forecast accu-

racy measures show the differences in the goodness of fit be-

tween the fitted SARIMA model for the five regions. The val-

ues for region 51363 were the lowest, indicating compara-

tively better forecast skill. The forecasting performance in re-

gions 51364, 51357 and 51352 were moderate, but the MAE 

and MASE values for region 51348 were relatively high and 

therefore achieved relatively larger forecasting errors. 

http://www.sciencepg.com/journal/ajtas


American Journal of Theoretical and Applied Statistics http://www.sciencepg.com/journal/ajtas 

 

161 

3.3. Forecasting 

After the estimation and validation of the fitted SARIMA 

models, prediction was done to test the predictive strength of 

the models and to forecast future rainfall trends. In this analy-

sis, predictions were made with a horizon of 36 dekads, which 

is equivalent to one year ahead. The predictions were calcu-

lated using the log-transformed rainfall records. Exponential 

transformation was then applied to the forecasted values to get 

them back to the original rainfall scale (mm). The trends of 

the forecasts are graphically presented in the figures below, 

which illustrate the forecast trajectories for each region to-

gether with their corresponding uncertainty bounds. Each plot 

shows the point forecast (solid line) and the 95% prediction 

intervals (dashed lines). 

 
Figure 10. Forecast for region 51348. 

The forecast for region 51348 has a "U" shape. At the start 

of the horizon, rainfall declines followed by several periods of 

reduced rainfall, and then an abrupt increase in rainfall to-

wards the end of the horizon. The final forecast is above 20 

mm, meaning that wetter weather is likely following a long 

dry spell. The transition is relatively smooth, but there is still 

significant uncertainty, compared to other regions. 

 
Figure 11. Forecast for region 51352. 

The weather forecast is more complex in region 51352. 

During the early and middle forecast period rainfall is rela-

tively low, generally less than 5 mm, thus continuing the dry 

conditions. In the last periods the rate of increase is much 

higher, with forecast rainfall reaching about 24 mm, then 

slightly decreasing in the final period. This indicates that in-

tense rainfall will occur in the area for a short time. The pre-

diction intervals are more irregular and wider than in the other 

regions, reflecting increased uncertainty and a greater histori-

cal variability in rainfall in this region being less predictable. 

 
Figure 12. Forecast for region 51357. 

The forecast for region 51357 shows persistently low rain-

fall throughout the entire forecast period, except for minor 

variations during the early forecast days. There is a significant 

rise expected after about period 187. The point forecast is 

steeply increasing and shows the highest forecast values in all 

regions, surpassing 40 mm at the end of the forecast period. 

This means that region 51357 could receive heavy rain during 

the rainy season. The intervals are also much wider in the case 

of higher rainfall amounts, indicating greater uncertainty, but 

the general trend is that there will be a prolonged rainy season. 

 
Figure 13. Forecast for region 51363. 
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Rainfall is predicted to be below average and fairly con-

sistent over the first few forecast periods in region 51363. The 

pattern of rising rainfall starts to increase after period 186. As 

the forecasted period reaches the final period, the amount of 

rainfall is expected to substantially increase with values above 

40 mm for the final forecast periods. This means that the re-

gion could experience a lot of rain after a dry season. The in-

creasing confidence intervals suggest that the onset of the 

rainfall increase is fairly consistent, but the intensity remains 

uncertain. 

 
Figure 14. Forecast for region 51364. 

The 51364 region forecast shows that the rainfall will be 

very low for the next few forecast periods with values near 

zero. This indicates that the dry spell may be prolonged. The 

model predicts a gradual rise in rainfall starting from forecast 

period 187, with a steep rise in the last two periods where rain-

fall is projected to be greater than 30 mm. The pattern is typi-

cal of the end of dry season and start of wet season. The pre-

diction intervals are significantly larger at the end of the fore-

cast period, reflecting the greater uncertainty about the size of 

the rainfall increase. 

In all five regions, the forecasts generally indicate a shift 

from dry conditions to much more precipitation at the end of 

the forecast period. Regions 51357 and 51363 are expected to 

see the highest increase, while 51352 faces the highest uncer-

tainty and short-term fluctuations. In general, all regions are 

expected to have significantly wetter weather in later forecast 

periods, although the exact magnitude varies and is subject to 

increasing uncertainty. 

4. Conclusion 

In conclusion, the study shows that SARIMA models can 

be used effectively to capture and predict dekadal rainfall var-

iability over the regions under study in Kenya. The obtained 

results showed that rainfall patterns are highly variable both 

in space and time and identified SARIMA models were capa-

ble of capturing both short-term and seasonal variations. The 

models generated reasonably accurate forecasts and gave use-

ful information on future rainfall trends despite some limita-

tions arising from the high variability of rainfall. Thus, 

SARIMA modelling can be useful for supporting agricultural 

planning, water resource management, and climate risk pre-

paredness, and future studies using longer data sets and in-

cluding more climatic variables could benefit further forecast-

ing performance. 

Abbreviations 

ACF Autocorrelation function 

ADF Augmented Dickey Fuller 

AIC Akaike Information Criteria 

AR Auto Regressive 

BIC Bayesian Information Criterion 

CV Coefficient of Variation 

ENSO El Nino Southern Oscillation 

MA Moving Average 

MAE Mean Absolute Error 

MAPE Mean Absolute Percentage Error 

MASE Mean Absolute Scaled Error 

PACF Partial Autocorrelation Function 

RMSE Root Mean Square Error 

SARIMA Seasonal Autoregressive Integrated Moving 

Average 
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