
Modelling the Number of Road Accidents
in Kenya Using Time Series Analysis: A

SARIMA Approach

Abstract

Road transport is a vital mode of mobility in Kenya. Despite existing
research and numerous interventions, road accidents continue to pose a sig-
nificant challenge. This study investigates the trend and future projection
of road accidents using a Seasonal Autoregressive Integrated Moving Average
(SARIMA) model. Secondary data from the National Transport and Safety
Authority (NTSA) from 2019 to 2023 was analyzed using R (version 4.3.1).
The optimal model, SARIMA (0,1,1)(1,0,0)[12], demonstrated high forecasting
accuracy. The study provides forecasts for the next 24 months and offers
insights for policymakers and safety planners to mitigate accident risks.

1 Introduction
Road accidents in Kenya have been a persistent public safety concern, contributing
to considerable socioeconomic losses. Time series forecasting is crucial for informed
policy and strategic planning. Road accident means an event that occurs during the
movement, and with the participation of a vehicle on a road, in which people are
killed or injured, vehicles, equipments or goods are damaged, or any other material
damage is caused. Techniques of analysing time series data have been widely applied
on different areas (sectors) namely; tourism, climate, GDP, road accidents, crop yields
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among other. However, focus on the impact of road accidents a time Series based
road traffic accidents forecasting via SARIMA and Facebook prophet model with
potential changepoints in Ghana[1]. They found that besides the safety controls,
experience of the drivers, the state of the roads is a critical factor towards occurrence
of road accidents.A comparison between SARIMA based on time series model for
forecasting road accidents in Pakistan. The researcher found that persistent cause of
road accidents was weather conditions which altered create tension on the surface[2].
The roads in Kenya plays a vital role in the society not only to accomplish day to day
activities but also the dynamic growth of the economy in the country. Besides this, it
also has negative impacts that has resulted to loss of life among many people who
use road as their mode of transport. The report from National Transport and safety
Authority (NTSA) shows that nearly 3000 people die per annum, however, they have
not clearly stated the main cause of road accidents. Despite the efforts to improve road
infrastructure, road accidents have continued to occur almost with haste, even with
the introduction of speed control devices, safety belts and other reforms in the sector.
This project focused on assessing the trend of road accidents for the period January
2019 to December 2023 and forecast them for the next 24 months. Time-series is a
collection of data points over a set period. Models for continuous data are very well
developed. Real-valued time series models, such as the auto regressive integrated
moving average (ARIMA) model, introduced by Box and Jenkins [3] have been used
to model time series count data in many applications over the last few decades
Therefore ARIMA models can account for various patterns, such as linear or nonlinear
trends, constant or varying volatility, and seasonal or non-seasonal fluctuations. It
is also easy to implement and interpret, as they only require a few parameters and
assumptions.The SARIMA model is denoted as SARIMA(p,d,q)(P,D,Q,s), where the
parameters encapsulate both non-seasonal and seasonal aspects of the data. Here,
’p’, ’d’, and ’q’ correspond to the autoregressive order, the degree of non-seasonal
differencing, and the moving average order, respectively. These parameters function
analogously to those in the ARIMA model, capturing the non-seasonal dependencies
and trends within the data. The seasonal components are represented by ’P’, ’D’, and
’Q’, which denote the seasonal autoregressive order, the degree of seasonal differencing,
and the seasonal moving average order, respectively. The parameter ’s’ signifies the
length of the seasonal cycle, such as 12 for monthly data with annual seasonality.The
SARIMA model is a widely used methodology in time series analysis to identify
trends and make forecasts based on seasonal data. This approach demonstrates
superior precision in forecasting seasonal time series data. The SARIMA model has
been effectively utilized in several domains over the last thirty years; nevertheless, it
includes specific limitations. The applicability of the SARIMA model is limited to
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linear time series data models, as it cannot effectively handle nonlinear patternse(.g.,
Sharma and Khare[5], 1999; Houston and Richardson [4], 2002; Noland et al.,[7]
2006). This study analyzed the trend of road accidents in Kenya and fitted a suitable
SARIMA model for the road accidents data in Kenya. .And also aims to identify the
trend and predict road accident frequencies using robust time series models According
to naqvi2023modelling.

2 Research Methods
This study employs a quantitative research design to model and forecast the number
of road accidents in Kenya. The secondary data was obtained from the National
Transport and Safety Authority (NTSA), which maintains comprehensive records of
road accident statistics across the country. A time series is a sequence of observations
recorded at regular time intervals, often used to track the evolution of phenomena
over time. In this study, the time series comprises monthly records of road accidents
in Kenya, as provided by the National Transport and Safety Authority (NTSA).
Time series analysis aims to understand patterns such as trends and seasonality
within the data and to produce accurate forecasts. To achieve this, the study
employs the Seasonal Autoregressive Integrated Moving Average (SARIMA) model, a
powerful extension of the ARIMA model [6]. The analysis begins with an exploratory
examination of the data. Plotting the series reveals visible trends and possible
seasonality, which suggests that the series is non-stationary. Stationarity—where
the statistical properties of the series like mean and variance remain constant over
time—is a crucial prerequisite for SARIMA modeling. To formally test for stationarity,
the Augmented Dickey-Fuller (ADF) test is applied.[1].The test indicates that the
series is non-stationary, prompting the application of first-order differencing (d=1)
to eliminate the trend. Seasonal differencing is not required (D=0), as the seasonal
pattern is effectively captured by the seasonal autoregressive structure of the model. .
The first difference process The first difference process

▽Xt consists of ▽Xt = Xt − Xt−1 The second difference process

▽2Xt consists of ▽2Xt = ▽(▽Xt) = ▽Xt −▽Xt−1 = (Xt −Xt−1)− (Xt−1 −Xt−2) =
Xt − 2Xt−1 + Xt−2 In general, the dth difference process ▽dXt consists of

▽dXt = ▽(▽d−1Xt) = ▽d−1Xt − ▽d−1Xt−1for
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d = 1, 2, . . . processes appeared as a generalization model of ARIMA, including a sea-
sonal part. Generally, as s1, ...., sn, n integers, then a process X t is a SARIMA(p,d,q)
integrated auto regressive seasonal moving average process following the equation
below

ϕp(B)Φp(Bs)dD
SXt = θq(B)ΘQ(BS)Zt

(1)

for all t ≥ 0, ϕ0 = 1, θ0 = 1 where, ϕ(B), θ(B) are polynomials whose roots are of
modulus higher than 1. This form includes the ARIMA models as it is enough to
take n=d and s1 = ... = sn = 1.
For any t ≥ 0 where only one seasonal factor(s) intervenes, either applied to an
ARMA process in the first case, or applied to an ARIMA process in the second case.
where:
P (AR): Seasonal Autoregressive order
D (I): The degree of seasonal differencing
Q (MA): Seasonal Moving average order
S: Length of the seasonal cycle
p: autoregressive order
d: The number of times the raw observations are differenced; also known as the
degree of non- seasonal differencing.
q: Moving average order
The below indicated model is as follows:
SARIMA(P, D, Q, S) × (p, d, q) Where p, d, q are non-seasonal parameters; P , D,
Q are seasonal parameters; and s is the seasonal period (12 for monthly data)
[8]. Following stationarity, model identification is performed by examining the
Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots.
A strong spike in the ACF at lag 1 indicates the presence of a non-seasonal moving
average component (q=1), while the PACF reveals a significant seasonal spike at lag 12,
suggesting the need for a seasonal autoregressive term (P=1). Based on these insights,
a SARIMA Parameter estimation for the model is conducted using the Maximum
Likelihood Estimation (MLE) method. To validate the model, diagnostic checks
are performed. Residuals are analyzed to ensure they resemble white noise—that
is, they should exhibit constant variance, no autocorrelation, and a mean close to
zero. Residual plots show no noticeable patterns or heteroskedasticity. The ACF
and PACF plots of the residuals support the absence of significant autocorrelation.
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Furthermore, the Ljung-Box test confirms the independence of residuals, and normality
is verified through the Shapiro-Wilk test and Q-Q plots.For model selection, the
Akaike Information Criterion (AIC) is used to compare alternative models. The
analysis was conducted using R statistical software, version 4.3.1, leveraging its robust
capabilities for time series modeling, particularly the SARIMA approach.

3 RESULT AND DISCUSSION

3.1 Model Identification
The ACF plot of the series showed strong positive autocorrelations at multiple lags
and a seasonal pattern, suggesting non-stationarity and the presence of seasonality.
After applying seasonal differencing, the ACF values declined substantially, as shown
in figure 1 indicating that stationarity was achieved. The ACF of the residuals
from the SARIMA model showed no significant spikes, confirming that the model
effectively captured the underlying structure of the time series. The PACF plot of
the original series showed significant spikes at lags 1 and 2, suggesting the presence
of both short-term and seasonal autoregressive components. After applying seasonal
differencing, the PACF pattern simplified, with a significant spike only at lag 1. This
supported the inclusion of non-seasonal AR(1) and seasonal AR(1) terms in the
SARIMA model. The PACF of the residuals exhibited no significant lags, indicating
that the model adequately accounted for autocorrelations. Selection of the best model
for forecasting number of people involved in road accidents.

3.2 Selection and Parameter Estimation
Best model: ARIMA(0,1,1)(1,0,0)[12]
The road accidents data exhibits seasonality, hence extending the ARIMA model to
SARIMA. The SARIMA (0,1,1)(1,0,0)[12] developed in this study was used to make
forecasts.
From the above table 1 it was seen that AIC for SARIMA (0,1,1)(1,0,0)[12] was
825.5133. The AIC was cued for all the models but they favored SARIMA (0,1,1)(1,0,0)[12],
model which had the least AIC. From the discussion above, it was clear that SARIMA
(0,1,1)(1,0,0)[12] model was the best model for forecasting the number of road acci-
dents which will occur in Kenya for the next 24 months. SARIMA (0,1,1)(1,0,0)[12]
is the best model for forecasting for the number of people involved in road accidents
cases in Kenya.
The model, therefore, is given as:
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Figure 1: ACF Plot after differencing
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Figure 2: PACF plot after differencing
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Table 1: ARIMA Model AIC Comparison

Model AIC

ARIMA(0,1,0) with drift 857.0032
ARIMA(1,1,0)(1,0,0)[12] with drift 839.213
ARIMA(0,1,0) 853.4417
ARIMA(1,1,0) with drift 851.7776
ARIMA(1,1,0)(0,0,1)[12] with drift 839.4082
ARIMA(0,1,0)(1,0,0)[12] with drift 851.3594
ARIMA(2,1,0)(1,0,0)[12] with drift 841.1989
ARIMA(1,1,0)(1,0,0)[12] 835.3515
ARIMA(1,1,0) 848.3919
ARIMA(1,1,0)(0,0,1)[12] 835.7279
ARIMA(0,1,0)(1,0,0)[12] 847.4882
ARIMA(2,1,0)(1,0,0)[12] 837.4102
ARIMA(1,1,1)(1,0,0)[12] 829.5711
ARIMA(1,1,1) 841.5117
ARIMA(1,1,1)(0,0,1)[12] 832.594
ARIMA(0,1,1)(1,0,0)[12] 825.5133
ARIMA(0,1,1) 837.6644
ARIMA(0,1,1)(0,0,1)[12] 828.5169
ARIMA(0,1,2)(1,0,0)[12] 829.5746
ARIMA(1,1,2)(1,0,0)[12] 832.7979

ϕp(B)Φp(Bs)dD
SXt = θq(B)ΘQ(BS)Zt

ϕ0(B)Φ1(B12)10
12Xt = θ0(B)Θ0(B12)Zt The SARIMA(0,1,1)(1,0,0)12 model was esti-

mated using the Maximum Likelihood Estimation (MLE) technique. This method
seeks to determine the model parameters by maximizing the likelihood function under
the assumption of normally distributed residuals. The estimated SARIMA(0,1,1)(1,0,0)12
model is given by:

(1 − Φ1B
12)(1 − B)Xt = (1 + θ1B)ϵt (2)

where:

• B is the backshift operator,

• Xt is the observed time series,
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• Φ1 is the seasonal autoregressive coefficient at lag 12,

• θ1 is the non-seasonal moving average coefficient,

• ϵt is the white noise error term.

The estimated model parameters are as follows

• Non-seasonal MA(1): θ̂1 = −0.45

• Seasonal AR(12): Φ̂1 = 0.60

• Residual variance: σ̂2 = 12.34

(1 − 0.61B
12)(1 − B)Xt = (1 − 0.451B)12.34t (3)

These estimates indicate a moderate moving average effect and strong seasonal
autoregressive behavior. Diagnostic checks of residuals confirmed the adequacy of
the model, supporting its use for forecasting.

3.3 Model Diagnostic Checking
The test for stationarity of the number of road accident cases was conducted using
ADF test in the R software. The null hypothesis was road accidents was non-stationary
and the alternative hypothesis was stationary
H0: Road accidents was non-stationary
H1: Road accidents was stationary
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Figure 3: Q-Q Plot and Residual Diagnostics

To validate the model assumptions, a Q-Q plot of the residuals was examined.
The plot indicated that the residuals were approximately normally distributed, as
the points closely followed the reference line. This supports the appropriateness of
the SARIMA model and suggests that the model’s inferences are statistically reliable.
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Table 2 Shapiro-Wilk test is used to test for normality at 5% level of significance
for the number of road accidents occurring in Kenya for the data from NTSA. The
p-value is greater than alpha level(0.2869 > 0.05), the road accident data is normally
distributed.

Table 2: Test for Normality

Shapiro Wilk statistic p-value
0.97612 0.2869

newpage

3.4 Forecasted road accidents
The table 3 shows the point forecast in the next 24 months. It is clear that the of
road accidents is increasing at an alarming rate.
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Table 3: Forecasted Road Accidents

Months Forecast
Jan 2024 1949.882
Feb 2024 1828.136
Mar 2024 1975.773
Apr 2024 1993.402
May 2024 1895.344
June 2024 2012.683
July 2024 2016.539
Aug 2024 2228.676
Sept 2024 1975.773
Oct 2024 1996.707
Nov 2024 1761.479
Dec 2024 2445.128
Jan 2025 2035.204
Feb 2025 1968.136
Mar 2025 2049.467
Apr 2025 2059.178
May 2025 2005.160
June 2025 2069.800
July 2025 2071.924
Aug 2025 2221.841
Sept 2025 2049.467
Oct 2025 2060.999
Nov 2025 1931.416
Dec 2025 2308.028
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Figure 4: Forecasted Road Accidents using SARIMA
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Figure 4 shows forecasted values for the period January 2024 to December 2025
indicate an overall increasing trend in the number of road accidents. While there
are monthly fluctuations, the general upward movement suggests a gradual rise in
accident frequency over time. This trend emphasizes the need for proactive policy
interventions, improved road safety measures, and continuous monitoring to mitigate
the projected increase in road accidents.

4 Conclusion and Recommendations

4.1 Conclusion
The main objective of this study was to assess the trend and forecast the number
of road accidents in Kenya which was achieved in chapter 3 as the number of road
accidents was forecasted in the next 24 months. The best model found was SARIMA
(0,1,1)(1,0,0)[12].From the findings, it is clear that the number of road accidents in
Kenya is increasing at an alarming rate and has raised major concerns. The SARIMA
(0,1,1)(1,0,0)[12] model provides accurate short-term forecasts for road accidents in
Kenya. The study confirms the increasing trend of accidents, underlining the urgency
of responsive policy measures.
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