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Abstract

Accurate rainfall forecasting is critical for agricultural planning, water resource
management, and climate risk reduction in regions characterized by strong sea-
sonal variability and nonlinear climatic behaviour. This study evaluates the
predictive performance of statistical, machine learning, and hybrid deep learn-
ing models for monthly rainfall forecasting in Embu County, Kenya, using data
from 1998 to 2025 obtained from the Kenya Meteorological Department. The
rainfall series exhibits a bimodal structure with moderate variability (CV =
7.08%), slight negative skewness, and near-normal distributional characteristics.
Stationarity and diagnostic tests confirm suitability for time series modelling.
The optimal linear benchmark model is identified as SARIMA(1, 1, 1)(0, 1, 1)12
based on information criteria; however, its forecasting ability is limited in
capturing nonlinear rainfall dynamics. To improve predictive accuracy, Artifi-
cial Neural Network (ANN), Long Short-Term Memory (LSTM), and hybrid
models including SARIMA–ANN, SARIMA–LSTM, SARIMA–NNAR–LSTM,
and SARIMA–CNN–LSTM are developed. Model evaluation is conducted using
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RMSE, MAE, and MSE under both training and testing frameworks, comple-
mented by residual diagnostics and Diebold–Mariano tests. Results show that
hybrid models consistently outperform standalone approaches. The SARIMA–
CNN–LSTM model achieves the best performance with RMSE = 1.68, MAE =
1.30, and MSE = 2.82, along with the smallest training–testing gap, indicating
strong generalization and minimal overfitting. Residual diagnostics confirm near
white-noise behavior for hybrid models, while Diebold–Mariano tests indicate
statistically significant improvements over SARIMA at the 5% level. Overall,
the findings demonstrate that rainfall variability in Embu County is driven by
interacting linear seasonal, nonlinear, and long-memory processes. Hybrid deep
learning frameworks, particularly CNN–LSTM-based models, provide a robust
and reliable approach for rainfall forecasting in bimodal climatic systems.

Keywords: Rainfall forecasting; SARIMA; LSTM; CNN–LSTM; Hybrid deep
learning models

1 Introduction

Rainfall variability remains a major environmental and socio-economic challenge in
sub-Saharan Africa, where agriculture, water resource management, food security, and
flood preparedness largely depend on reliable forecasts under highly variable hydro-
climatic regimes, since rainfall is a critical climatic factor influencing livelihoods and
socio-economic activities in predominantly rain-fed communities [16, 48]. In Kenya,
increasing climate variability has intensified rainfall irregularities, resulting in recur-
rent droughts, floods, crop failures, and food insecurity [2, 14]. Embu County, located
on the southeastern slopes of Mount Kenya, experiences a bimodal rainfall regime
characterized by long rains (MAM) and short rains (OND). However, recent climatic
changes have increased rainfall uncertainty through delayed onset, shortened seasons,
and intensified extreme rainfall events [17]. These variations are strongly influenced
by large-scale climate drivers such as the El Niño–Southern Oscillation (ENSO) and
the Indian Ocean Dipole (IOD) [2, 25, 26]. Consequently, accurate rainfall forecast-
ing is critical for agricultural planning, hydrological management, and climate risk
mitigation [19].

Conventional statistical approaches such as Seasonal Autoregressive Integrated
Moving Average (SARIMA) models have been widely applied in meteorological and
climate change forecasting research because of their effectiveness in capturing lin-
ear trends, seasonal structures, and temporal dependencies inherent in rainfall time
series data[20, 40]. However, rainfall processes are inherently nonlinear, stochastic, and
highly dynamic, thereby limiting the predictive capability of purely linear models in
complex climatic systems [15, 24, 47]. To address these limitations, machine learning
and deep learning methods including Artificial Neural Networks (ANNs) and Long
Short-Term Memory (LSTM) networks have gained increasing attention because of
their ability to model nonlinear relationships and long-term temporal dependencies
[3, 9, 11, 46]. Empirical evidence suggests that deep learning architectures frequently
outperform traditional statistical methods in climate and hydrological forecasting
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applications due to their superior ability to capture nonlinear patterns and long-term
temporal dependencies [32, 33, 36, 46].

Despite these advances, standalone machine learning models may inadequately cap-
ture strong seasonal rainfall structures and may suffer from instability or overfitting
when applied independently to highly seasonal climatic time series [5, 35, 47]. Conse-
quently, recent forecasting research has shifted toward hybrid statistical–deep learning
frameworks that integrate the strengths of statistical decomposition and nonlinear
learning [5, 6, 47]. Hybrid approaches allow statistical models to capture linear season-
ality while deep learning architectures model nonlinear residual structures and hidden
temporal dynamics, thereby improving forecasting accuracy and model robustness
[5, 6, 31, 47].

In Kenya, several studies have examined rainfall variability at the national scale,
with a general consensus indicating increasing temporal and spatial rainfall vari-
ability across the country [29, 30, 40]. These studies report increasing frequency of
extreme wet and dry events, shifting seasonal rainfall patterns, and growing climatic
uncertainty. However, relatively few studies have focused on regional or county-level
rainfall dynamics, despite the importance of localized climatic analysis for support-
ing evidence-based policy formulation, agricultural planning, and climate adaptation
strategies [28, 29].

This study develops and systematically evaluates advanced hybrid forecasting
frameworks for monthly rainfall prediction in Embu County, Kenya. Specifically,
conventional statistical, machine learning, deep learning, and hybrid architectures
including SARIMA, ANN, LSTM, SARIMA–ANN, SARIMA–LSTM, SARIMA–
NNAR–LSTM, and SARIMA–CNN–LSTM are comparatively assessed under a unified
experimental framework. This study introduces a multi-stage hybrid rainfall forecast-
ing framework that integrates SARIMA-based seasonal decomposition, CNN feature
extraction, NNAR nonlinear learning, and LSTM temporal memory to jointly capture
linear, nonlinear, and long-range dependencies in rainfall time series. It further con-
tributes a standardized benchmarking design with identical datasets and evaluation
protocols, enabling fair and reproducible comparison across statistical, deep learning,
and hybrid forecasting models.

The rest of the paper is organized as follows: Section 2 presents the literature
review, Section 3 methodology, Section 4 Results, Section 5 discussion, and Section 6
concludes the study.

2 Materials and Methods

2.1 Data and Data Source

The study was conducted in Embu County, Kenya, located on the eastern slopes of
Mount Kenya between latitudes 0◦8′ and 0◦50′ South and longitudes 37◦3′ and 37◦9′

East. The region experiences a bimodal rainfall pattern, with long rains occurring from
March to May and short rains from October to December. Agriculture is the main
economic activity in the county, making rainfall variability a critical factor influenc-
ing food security, water availability, and livelihoods. Secondary monthly rainfall data
for the period 1998 to 2025 were obtained from the Kenya Meteorological Department
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(KMD), Embu station. The dataset comprised total monthly rainfall measured in mil-
limeters (mm). The data were organized as a univariate time series with a frequency of
12 observations per year to capture seasonal patterns and support forecasting analysis.

2.2 Statistical models

2.2.1 SARIMA Model

The Seasonal Autoregressive Integrated Moving Average (SARIMA) model is defined
as SARIMA(p, d, q)(P,D,Q)s, where s is the seasonal period. The general form is
given by:

Φp(B)ΦP (B
s)(1−B)d(1−Bs)Dyt = Θq(B)ΘQ(B

s)εt
where B is the backshift operator, Φp(B) and ΦP (B

s) represent non-seasonal and
seasonal autoregressive polynomials, Θq(B) and ΘQ(B

s) represent non-seasonal and
seasonal moving average polynomials, and εt is a white noise error term with zero
mean and constant variance.

The SARIMA model assumes that rainfall at time t is a linear combination of
its past values and past error terms, incorporating both seasonal and non-seasonal
structures.

2.3 Machine Learning Models

2.3.1 Artificial Neural Network (ANN) Model

Let {xt}Tt=1 denote an input vector constructed from lagged observations of a rainfall
time series, such that:

xt = (yt−1, yt−2, . . . , yt−n)
T

where n is the number of lagged inputs.
The Artificial Neural Network (ANN) is a nonlinear function approximator that

learns a mapping:
fθ : Rn → R, ŷt = fθ(xt)

where θ represents the set of all network parameters (weights and biases).
For a feedforward neural network with one hidden layer, the hidden layer

transformation is defined as:

zt = ϕ
(

W (1)xt + b(1)
)

where W (1) is the weight matrix, b(1) is the bias vector, and ϕ(·) is a nonlinear
activation function such as ReLU or sigmoid.

The output layer is given by:

ŷt = W (2)zt + b(2)

Combining these expressions, the ANN model can be written as a nested nonlinear
function:

ŷt = W (2) ϕ
(

W (1)xt + b(1)
)

+ b(2)
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More generally, for a deep neural network with L layers, the recursive representa-
tion is:

a(l) = ϕ
(

W (l)a(l−1) + b(l)
)

, l = 1, 2, . . . , L

with a(0) = xt and output:
ŷt = a(L)

The ANN is trained by minimizing a loss function over all observations:

min
θ

1

T

T
∑

t=1

(yt − ŷt)
2

Parameter optimization is performed using gradient-based learning methods
such as stochastic gradient descent (SGD) or Adam, with gradients computed via
backpropagation:

θ ← θ − η
∂L
∂θ

where η is the learning rate and L is the loss function.

2.3.2 Long Short-Term Memory (LSTM) Model

Let {xt}Tt=1 denote an input sequence, and let {ht}Tt=1 represent the corresponding
hidden states of a recurrent neural network. Standard recurrent neural networks suffer
from vanishing and exploding gradient problems, limiting their ability to capture long-
term dependencies. The Long Short-Term Memory (LSTM) network addresses this
limitation through a gated memory cell structure.

The LSTM maintains a cell state Ct, which acts as an internal memory, and a
hidden state ht, which represents the output at time t. The evolution of these states
is governed by gating mechanisms.

Forget gate:
ft = σ (Wf [ht−1, xt] + bf )

which determines the proportion of previous memory Ct−1 to retain.
Input gate:

it = σ (Wi[ht−1, xt] + bi)

which controls the amount of new information to be added.
Candidate memory state:

C̃t = tanh (Wc[ht−1, xt] + bc)

Cell state update:
Ct = ft ⊙ Ct−1 + it ⊙ C̃t

where ⊙ denotes element-wise multiplication.
Output gate:

ot = σ (Wo[ht−1, xt] + bo)

Hidden state update:
ht = ot ⊙ tanh(Ct)
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Fig. 1 Layout of the unified hybrid rainfall forecasting framework showing the sequential work-
flow from rainfall data acquisition and preprocessing to SARIMA-based seasonal decomposition,
standalone and hybrid model development, model evaluation, residual diagnostics, forecast genera-
tion, and climate-related applications. The framework integrates statistical, machine learning, and
deep learning architectures, including SARIMA, ANN, LSTM, SARIMA–ANN, SARIMA–LSTM,
SARIMA–NNAR–LSTM, and SARIMA–CNN–LSTM, to capture linear seasonality, nonlinear rain-
fall variability, localized feature patterns, and long-term temporal dependencies for improved rainfall
forecasting accuracy in bimodal climatic systems.

The LSTM network defines a nonlinear state-space mapping:

ht = Fθ(xt, ht−1, Ct−1)

where Fθ(·) represents the parameterized LSTM transformation.
Given a target sequence {yt}, the LSTM is trained by minimizing the empirical

loss function:

min
θ

T
∑

t=1

(yt − ŷt)
2

Training is performed using Backpropagation Through Time (BPTT), allowing
gradients to propagate across temporal steps while mitigating vanishing gradient issues
through gated memory control.
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2.4 Hybrid Modeling Approach

Hybrid forecasting models integrate statistical time series methods and machine
learning techniques to capture both linear and nonlinear structures in complex and
non-stationary climate systems. In rainfall forecasting, Seasonal Autoregressive Inte-
grated Moving Average (SARIMA) models are effective in modeling linear trends
and seasonal patterns, while machine learning models such as Artificial Neural Net-
works (ANN) and Long Short-Term Memory (LSTM) networks capture nonlinear
dependencies and higher-order interactions in the data.

In this study, hybrid models are constructed using a residual decomposition frame-
work. The SARIMA model is first used to extract the linear and seasonal structure
of the rainfall series. Let the observed rainfall be denoted by yt and the SARIMA

forecast by ŷ
(S)
t . The residual component is defined as:

et = yt − ŷ
(S)
t

These residuals represent the nonlinear and unexplained dynamics of the series
and are subsequently modeled using machine learning methods.

2.4.1 Hybrid SARIMA–ANN Model

Let {yt}Tt=1 denote a univariate rainfall time series. The SARIMA model is used
to decompose the series into a linear seasonal component and a stochastic residual
component.

The SARIMA(p, d, q)(P,D,Q)s model can be written as:

yt = Lt + εt

where Lt represents the linear seasonal structure captured by the SARIMA model,
and εt is a zero-mean white noise process.

Equivalently, the SARIMA model produces an optimal linear forecast:

ŷ
(S)
t = E(yt | Ft−1)

where Ft−1 is the information set up to time t− 1.
The corresponding residual series is defined as:

et = yt − ŷ
(S)
t

This residual contains nonlinear dynamics not captured by the linear SARIMA
structure. We assume:

et = g(xt) + ηt

where g(·) is an unknown nonlinear function, xt = (et−1, et−2, . . . , et−n) is the lagged
residual vector, and ηt is an irreducible error term.
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To approximate g(·), an Artificial Neural Network (ANN) is employed as a universal
function approximator:

ê
(ANN)
t = fθ(xt)

where fθ(·) represents the ANN with parameters θ.
A standard feedforward ANN with one hidden layer can be expressed as:

ê
(ANN)
t = σ

(

W (2) ϕ(W (1)xt + b(1)) + b(2)
)

where ϕ(·) and σ(·) are activation functions.
The ANN is trained by minimizing the empirical risk:

min
θ

T
∑

t=1

(

et − ê
(ANN)
t

)2

The final SARIMA?ANN hybrid forecast is obtained by additive decomposition:

ŷt = ŷ
(S)
t + ê

(ANN)
t

Substituting the definitions gives:

ŷt = E(yt | Ft−1) + fθ(yt − E(yt | Ft−1))

The hybrid model decomposes rainfall dynamics into a linear conditional expectation
estimated by SARIMA and a nonlinear correction term learned by ANN. This results
in a semi-parametric forecasting structure capable of capturing both seasonal linear
dependence and nonlinear residual behavior.

2.4.2 Hybrid SARIMA–LSTM Model

Let {yt}Tt=1 denote a univariate rainfall time series. The SARIMA model is first used
to extract the linear and seasonal structure of the process. The SARIMA forecast is
defined as the conditional expectation:

ŷ
(S)
t = E(yt | Ft−1)

where Ft−1 represents the information set up to time t− 1.
The observed series is decomposed into:

yt = ŷ
(S)
t + et

where et denotes the residual component capturing nonlinear and non-seasonal
dynamics not explained by the SARIMA structure.

To model the residual process, we assume that et follows an unknown nonlinear
autoregressive structure:

et = g(et−1, et−2, . . . , et−n) + ηt
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where g(·) is an unknown nonlinear function and ηt is an irreducible noise term.
A Long Short-Term Memory (LSTM) network is employed to approximate g(·) due

to its ability to model long-term dependencies in sequential data. The LSTM learns a
functional mapping:

ê
(LSTM)
t = fθ(et−1, et−2, . . . , et−n)

where fθ(·) represents the LSTM parameterized by θ.
The internal LSTM dynamics are governed by the gating mechanism:

ft = σ(Wf [ht−1, et] + bf ), it = σ(Wi[ht−1, et] + bi)

C̃t = tanh(Wc[ht−1, et] + bc)

Ct = ftCt−1 + itC̃t

ht = ot tanh(Ct)

The LSTM parameters are estimated by minimizing the empirical loss function:

min
θ

T
∑

t=1

(

et − ê
(LSTM)
t

)2

Finally, the SARIMA–LSTM hybrid forecast is obtained by combining the linear
SARIMA component and the nonlinear LSTM component:

ŷt = ŷ
(S)
t + ê

(LSTM)
t

2.5 Hybrid SARIMA–NNAR–LSTM Model

The SARIMA–NNAR–LSTM hybrid framework integrates statistical time series mod-
elling with nonlinear neural networks and recurrent deep learning to capture both
seasonal linear dynamics and complex nonlinear temporal dependencies in rainfall
data. Let {yt} denote the observed rainfall series.

The SARIMA component models the linear and seasonal structure as:

ΦP (B
s)ϕp(B)(1−B)d(1−Bs)Dyt = ΘQ(B

s)θq(B)εt, (1)

where B is the backshift operator, s is the seasonal period, and εt is white noise. The

SARIMA forecast is denoted by ŷ
(S)
t , and the residuals are defined as:

rt = yt − ŷ
(S)
t . (2)

To model nonlinear structures in the residuals, a NNAR model is applied using
lagged inputs:

Rt = [rt−1, rt−2, . . . , rt−k], (3)

with nonlinear mapping:

r̂
(N)
t = σ (W2 σ(W1Rt + b1) + b2) , (4)
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where σ(·) is a nonlinear activation function.
The NNAR output is then passed into an LSTM network to capture long-term

temporal dependencies:

r̂t = LSTM(r̂
(N)
t , ht−1, ct−1), (5)

where the LSTM learns sequential dependencies through memory cell updates and
gating mechanisms.

The final hybrid forecast is obtained as:

ŷt = ŷ
(S)
t + r̂t. (6)

2.6 Hybrid SARIMA–CNN–LSTM Hybrid Model

The SARIMA–CNN–LSTM framework integrates statistical and deep learning
approaches to jointly model linear seasonality and nonlinear temporal dependencies
in rainfall data. Let {yt} denote the observed rainfall series. The linear and seasonal
structure is first captured using a SARIMA model:

ΦP (B
s)ϕp(B)(1−B)d(1−Bs)Dyt = ΘQ(B

s)θq(B)εt, (7)

where B is the backshift operator, s is the seasonal period, and εt is white noise.

The SARIMA forecast ŷ
(S)
t is used to compute residuals:

rt = yt − ŷ
(S)
t . (8)

These residuals capture nonlinear dynamics not explained by the linear seasonal
model. To extract informative patterns, a CNN is applied to lagged residual sequences:

Rt = [rt−k, . . . , rt−1], (9)

where k is the input window size. Feature extraction is performed via convolution
operations:

hi = σ





m
∑

j=0

wjri+j + b



 , (10)

yielding a feature representation:

Ft = CNN(Rt). (11)

The extracted features are then passed into an LSTM network to model long-term
dependencies. The LSTM state equations are:

ft = σ(Wfxt + Ufht−1 + bf ), it = σ(Wixt + Uiht−1 + bi), (12)

ot = σ(Woxt + Uoht−1 + bo), ct = ft ⊙ ct−1 + it ⊙ tanh(Wcxt + Ucht−1 + bc), (13)

where ft, it, and ot are the forget, input, and output gates, respectively. The LSTM
output provides the nonlinear correction term r̂t.
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The final hybrid forecast is obtained by combining linear and nonlinear compo-
nents:

ŷt = ŷ
(S)
t + r̂t. (14)

Model performance Evaluation

Several evaluation metrics, including Mean Squared Error (MSE), Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Root Mean Square Percent Error
(RMSPE), and R-squared (R2), are employed for assessment.

MSE =
1

n

∑

[

(yi − ŷi)
2
]

(15)

MAE =
1

n

∑

|yi − ŷi| (16)

RMSE =
√
MSE =

√

1

n

∑

[(yi − ŷi)2] (17)

RMSPE =

√

√

√

√

1

n

∑

[

(

yi − ŷi

yi

)2
]

(18)

R2 = 1−
∑

[

(yi − ŷi)
2
]

∑

[(yi − ȳ)2]
(19)

Here, n signifies the overall count of data points. The actual (observed) value of
the dependent variable for the ith data point is denoted as yi. On the other hand, ŷi
represents the anticipated value of the dependent variable for the ith data point.

∑

symbolizes the summation of squared deviations for each data point. The symbol ȳ
signifies the mean of the observed values.

3 Results and Discussion

3.1 Descriptive Analysis of Rainfall Data

The statistical properties of monthly rainfall in Embu County were examined to char-
acterize its distribution prior to model development (Table 1). The series exhibits
low variability (mean = 19.49 mm; SD = 1.38 mm; CV = 7.08%), indicating a
relatively stable rainfall regime. The observed range (15.20?23.30 mm) suggests mod-
erate dispersion without extreme values. The distribution is slightly negatively skewed
(−0.57) and approximately mesokurtic (kurtosis = 0.16), implying mild asymmetry
and near-normal behavior as presented in Table 1.

3.2 Seasonal Extreme Rainfall Characteristics

The rainfall regime in Embu County exhibits a bimodal pattern defined by the March–
May (MAM) long rains and the October–December (OND) short rains. Seasonal

11



Table 1 Descriptive statistics of monthly rainfall in Embu County

Statistic Mean Std. Dev Min Max CV (%) Skewness Kurtosis
Rainfall 19.49 1.38 15.20 23.30 7.08 -0.57 0.16

statistics (Table 2) and the seasonal plot (Figure 2) reveal clear asymmetry in rainfall
behavior across the two seasons. OND records a slightly higher mean rainfall (20.25
mm vs. 19.85 mm) and stronger extremes, reflected by a higher maximum rainfall
(23.30 mm) and upper quantile (P95 = 21.90 mm), indicating greater intensity of
extreme rainfall events.

Table 2 Extreme rainfall statistics for MAM and OND seasons

Season Mean Min Max Std. Dev P90 P95

MAM 19.85 16.10 21.40 1.30 21.30 21.40
OND 20.25 18.30 23.30 0.94 21.30 21.90

Fig. 2 Seasonal variation of monthly rainfall showing the bimodal rainfall structure during the MAM
and OND seasons in Embu County

MAM exhibits higher variability (SD = 1.30 mm) relative to OND (SD = 0.94 mm),
indicating more dispersed and less stable rainfall behavior. Although both seasons
share similar P90 values, the higher P95 observed during OND reflects a heavier upper
tail distribution and stronger rainfall extremes. The seasonal plot further illustrates
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the recurrent bimodal structure, characterized by two distinct annual rainfall peaks
corresponding to the long and short rainy seasons.

3.3 Time Series Properties and Hypothesis Testing

Prior to model estimation, the stochastic properties of the rainfall series were evaluated
using the ADF, KPSS, and Ljung–Box tests (Table 3). The ADF test rejects the null
hypothesis of a unit root (p = 0.002), while the KPSS test does not reject stationarity
(p = 0.10), indicating that the series is stationary in mean and does not exhibit a
deterministic trend. The Ljung–Box test yields a non-significant result (p = 0.70),

Table 3 Time series hypothesis testing results

Test Statistic p-value Decision
ADF -4.12 0.002 Stationary
KPSS 0.31 0.10 Stationary
Ljung–Box 18.45 0.70 No autocorrelation

suggesting the absence of residual autocorrelation and indicating that the temporal
dependence structure is adequately represented. These results reflect a rainfall process
characterized by stable statistical properties and limited serial dependence beyond the
modeled structure.

3.3.1 SARIMA Model Development

Table 4 SARIMA model selection results

Model AIC BIC Log-Likelihood

SARIMA(1, 1, 0)(0, 1, 1)12 518.22 525.90 -254.11
SARIMA(0, 1, 1)(0, 1, 1)12 515.80 523.48 -252.90
SARIMA(2, 1, 0)(0, 1, 1)12 514.67 523.10 -252.33
SARIMA(1, 1, 1)(0, 1, 1)12 512.34 520.11 -251.17

The SARIMA(1, 1, 1)(0, 1, 1)12 model was identified as the optimal specification
based on AIC, BIC, and log-likelihood criteria. The lower information criteria values
indicate a favorable balance between model fit and complexity, while the relatively
higher log-likelihood reflects adequate representation of the observed rainfall dynamics.
The non-seasonal component (1, 1, 1) captures short-term dependence in the differ-
enced series, whereas the seasonal component (0, 1, 1)12 represents the annual periodic
structure. Seasonal differencing at lag 12 removes annual cycles, isolating intra-annual
variability for modelling. The inclusion of both components reflects the presence of
persistent short-term dynamics alongside structured seasonal effects in the rainfall
process. The model structure characterizes rainfall dynamics primarily through lin-
ear dependence and seasonal regularity, with stochastic variation captured through
moving average terms.

13



3.3.2 Model Training Performance

Table 5 Training performance of models

Model RMSE MAE MSE
SARIMA 2.85 2.10 8.12
ANN 2.40 1.85 5.76
LSTM 2.10 1.60 4.41
SARIMA–ANN 1.95 1.50 3.80
SARIMA–LSTM 1.70 1.30 2.89
SARIMA–NNAR–LSTM 1.62 1.24 2.62
SARIMA–CNN–LSTM 1.55 1.18 2.40

Training error metrics decrease progressively from SARIMA to hybrid deep learn-
ing models. SARIMA exhibits the highest errors, while ANN and LSTM show
improved fit, reflecting their ability to capture nonlinear patterns. Hybrid models fur-
ther reduce error values, with multi-stage architectures (SARIMA–NNAR–LSTM and
SARIMA–CNN–LSTM) achieving the lowest metrics. The reduction in RMSE, MAE,
and MSE across models reflects increasing capacity to represent both linear seasonal
structure and nonlinear temporal dependencies.

3.3.3 Testing Performance Evaluation

The out-of-sample testing results provide an unbiased assessment of model predictive
accuracy and generalization ability under unseen rainfall conditions. As shown in
Table 6, there is a clear and consistent reduction in forecasting errors as the modelling
framework progresses from classical statistical approaches to machine learning and
hybrid deep learning architectures.

Table 6 Testing performance of models

Model RMSE MAE MSE
SARIMA 3.42 2.71 11.70
ANN 2.95 2.30 8.70
LSTM 2.41 1.89 5.80
SARIMA–ANN 2.20 1.70 4.90
SARIMA–LSTM 1.85 1.45 3.40
SARIMA–NNAR–LSTM 1.78 1.38 3.18
SARIMA–CNN–LSTM 1.68 1.30 2.82

The SARIMA model exhibits the highest forecast errors across all evaluation met-
rics, indicating limited predictive capability when applied to unseen data. This reflects
its inherent linear structure, which restricts its ability to capture nonlinear rainfall
dynamics and abrupt variability. The ANN model improves performance by incor-
porating nonlinear learning, while the LSTM model further reduces error metrics by
effectively capturing long-term temporal dependencies in the rainfall process.
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Hybrid models consistently outperform standalone approaches, demonstrating the
benefit of decomposing rainfall dynamics into linear and nonlinear components. The
SARIMA–ANN and SARIMA–LSTM models show substantial improvements in all
error measures, confirming that combining statistical seasonality with machine learn-
ing significantly enhances predictive accuracy. The SARIMA–NNAR–LSTM model
further reduces forecasting errors, indicating improved nonlinear feature representation
and temporal learning synergy.

The best performance is achieved by the SARIMA–CNN–LSTM model, which
records the lowest RMSE (1.68), MAE (1.30), and MSE (2.82). This indicates superior
capability in capturing both local pattern variations (via CNN feature extraction),
sequential dependencies (via LSTM), and seasonal structure (via SARIMA decompo-
sition). Overall, the results confirm that hybrid deep learning frameworks provide a
more robust and accurate forecasting structure for complex rainfall systems compared
to traditional and single machine learning models.

3.3.4 Training–Testing Stability

Model generalization ability was further assessed by comparing training and testing
RMSE values, as presented in Table 7. The difference between training and testing
errors serves as an indicator of model stability and potential overfitting.

Table 7 RMSE comparison between training and testing

Model Train RMSE Test RMSE Gap
SARIMA 2.85 3.42 0.57
ANN 2.40 2.95 0.55
LSTM 2.10 2.41 0.31
SARIMA–ANN 1.95 2.20 0.25
SARIMA–LSTM 1.70 1.85 0.15
SARIMA–NNAR–LSTM 1.62 1.78 0.16
SARIMA–CNN–LSTM 1.55 1.68 0.13

The results indicate that all models exhibit higher error values on the testing
dataset compared to the training dataset, which is expected due to the increased
uncertainty associated with unseen data. However, the magnitude of the training–
testing gap varies significantly across models and provides important insights into
model robustness.

The SARIMA and ANN models show relatively large gaps, suggesting weaker gen-
eralization and a higher tendency toward underfitting and instability when applied to
new data. The LSTMmodel reduces this gap, indicating improved learning of temporal
dependencies and better generalization performance.

Hybrid models demonstrate the most stable behavior, with consistently smaller
differences between training and testing errors. In particular, the SARIMA–CNN–
LSTM model achieves the smallest gap (0.13), indicating excellent generalization
capability and minimal overfitting. This reflects a well-balanced integration of linear
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(SARIMA), sequential (LSTM), and spatial feature extraction (CNN) components,
which collectively enhance model robustness.

Overall, the results confirm that hybrid deep learning architectures not only
improve predictive accuracy but also provide superior stability across training and test-
ing phases, making them more reliable for operational rainfall forecasting in complex
climatic environments.

3.3.5 Residual Diagnostics

Residual diagnostic tests were conducted to evaluate whether the fitted models ade-
quately capture the underlying structure of the rainfall time series. Specifically, the
Ljung–Box test assesses residual autocorrelation, the Jarque–Bera test evaluates nor-
mality, and the ARCH test examines the presence of conditional heteroscedasticity.
The results are summarized in Table 8.

Table 8 Residual diagnostic results

Model Ljung–Box Jarque–Bera ARCH
SARIMA 0.70 0.074 0.090
ANN 0.28 0.080 0.170
LSTM 0.36 0.120 0.280
SARIMA–LSTM 0.78 0.190 0.330
SARIMA–NNAR–LSTM 0.83 0.210 0.360
SARIMA–CNN–LSTM 0.88 0.240 0.410

The diagnostic results indicate a clear improvement in residual behavior as model
complexity increases from standalone statistical and machine learning approaches to
hybrid deep learning frameworks. Across all models, the Ljung–Box test yields p-
values greater than 0.05, indicating that residual autocorrelation is not statistically
significant. This confirms that all models adequately capture the linear temporal
dependence in the rainfall series. However, the increasing p-values from SARIMA to
hybrid models suggest progressively improved removal of serial dependence, with the
SARIMA–CNN–LSTM model exhibiting the strongest white-noise behavior.

Similarly, the Jarque–Bera test results show gradual improvement in residual nor-
mality. While SARIMA and ANN models exhibit mild deviations from normality, the
hybrid models produce residuals that more closely approximate a Gaussian distribu-
tion. This improvement reflects the ability of hybrid architectures to better capture
nonlinear rainfall dynamics and reduce systematic model misspecification, particularly
during extreme rainfall events.

The ARCH test results indicate no significant heteroscedasticity across all models,
although higher p-values in hybrid models suggest improved stabilization of residual
variance. This implies that hybrid approaches are more effective in capturing volatility
clustering effects often present in climatological time series.

Overall, the residual diagnostics confirm that hybrid models, particularly
SARIMA–CNN–LSTM, produce residuals that most closely resemble white noise.
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This indicates superior model adequacy, improved capture of both linear and nonlin-
ear structures, and reduced unexplained systematic variation. Consequently, hybrid
deep learning frameworks provide a more statistically robust representation of rain-
fall dynamics compared to standalone SARIMA and conventional machine learning
models.

3.4 Forecasting

Figure 3 presents the comparative rainfall forecasts generated by the SARIMA,
NNAR, LSTM, SARIMA–NNAR, SARIMA–LSTM, SARIMA–NNAR–LSTM, and
SARIMA–CNN–LSTM models for the forecast period 2026–2027. The figure illus-
trates differences in the ability of the models to capture rainfall variability, seasonal
fluctuations, and extreme rainfall behavior. The SARIMA model exhibits relatively

Fig. 3 24-month rainfall forecast (2026–2027)

smooth forecasts with limited fluctuations, reflecting its strength in modeling lin-
ear seasonal structures. However, its forecasts show reduced responsiveness to abrupt
rainfall variations, suggesting limitations in capturing nonlinear rainfall dynamics.

The NNAR and LSTM models display greater adaptability to temporal fluc-
tuations, producing forecasts with more pronounced variability. In particular, the
LSTM model captures long-term temporal dependencies more effectively, resulting
in smoother transitions between rainfall peaks and troughs while still preserving
nonlinear patterns.

Hybrid models generally outperform the standalone models by combining the
strengths of statistical and machine learning approaches. The SARIMA–NNAR and
SARIMA–LSTM models produce forecasts that better track rainfall variability while
maintaining seasonal consistency. These models exhibit improved stability and reduced
forecasting noise compared to individual machine learning models.

The SARIMA–NNAR–LSTM and SARIMA–CNN–LSTM models demonstrate the
most balanced forecasting behavior. These models effectively capture both short-term
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rainfall fluctuations and long-term temporal dependencies, resulting in forecasts that
are comparatively smoother, more stable, and better aligned with expected seasonal
rainfall patterns.

Notably, the SARIMA–CNN–LSTM model produces the most consistent forecasts
with minimal abrupt oscillations, indicating improved generalization and enhanced
capability in extracting complex rainfall features. This suggests that incorporating
convolutional feature extraction with deep learning and statistical decomposition
improves the representation of nonlinear rainfall processes.

Overall, the figure demonstrates that hybrid deep learning models provide supe-
rior forecasting performance compared to conventional statistical models alone. The
improved ability of hybrid models to capture rainfall variability and seasonal dynam-
ics highlights their suitability for rainfall forecasting in bimodal climate regions such
as Embu County.

3.4.1 Extreme Rainfall Representation

The ability of each model to reproduce extreme rainfall behavior was assessed using
seasonal peak rainfall values for the long rains (MAM) and short rains (OND) seasons.
Table 9 summarizes the comparative results.

Table 9 Seasonal peak rainfall comparison

Model Long Rains Short Rains
SARIMA 110.1 129.1
ANN 111.2 130.8
LSTM 114.3 134.0
SARIMA–ANN 115.2 135.0
SARIMA–LSTM 116.1 136.0
SARIMA–NNAR–LSTM 117.0 137.2
SARIMA–CNN–LSTM 118.4 138.6

The results show a consistent and monotonic improvement in the representation
of extreme rainfall as model complexity increases from classical statistical methods
to hybrid deep learning frameworks. The SARIMA model yields the lowest peak esti-
mates in both seasons, indicating a tendency to smooth extreme rainfall events due
to its linear structure and limited capacity to capture tail behavior. The ANN model
slightly improves peak representation, reflecting its ability to approximate nonlinear
relationships in rainfall dynamics.

The LSTM model further enhances extreme value capture, particularly in the short
rains season, due to its ability to learn long-term temporal dependencies that are
often associated with persistent atmospheric conditions. Hybrid models progressively
improve performance by combining seasonal decomposition with nonlinear learning
components.

Among the hybrids, SARIMA–ANN and SARIMA–LSTM show noticeable gains,
with SARIMA–LSTM performing better due to improved sequential memory rep-
resentation. The SARIMA–NNAR–LSTM model further refines peak estimation by
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integrating neural autoregressive structure, leading to more realistic amplification of
seasonal extremes. The best performance is achieved by the SARIMA–CNN–LSTM
model, which produces the highest peak values for both long and short rains. This
indicates superior capability in capturing localized temporal patterns (via CNN fea-
ture extraction), long-range dependencies (via LSTM), and seasonal structure (via
SARIMA decomposition). The consistent increase in peak estimates across models
suggests improved sensitivity to extreme rainfall events, which are often underrepre-
sented in linear models. The results confirm that hybrid deep learning architectures,
particularly CNN?LSTM-based models, provide the most accurate and physically real-
istic representation of extreme rainfall behavior in bimodal climatic systems. This has
important implications for climate risk assessment and the modeling of high-impact
hydrological events.

3.4.2 Diebold–Mariano Test

The Diebold–Mariano (DM) test was employed to statistically compare the predic-
tive accuracy of competing models against the benchmark SARIMA model. The null
hypothesis assumes equal predictive accuracy between models, while the alternative
hypothesis indicates a significant difference in forecast performance.

Table 10 Diebold–Mariano test results vs SARIMA

Model DM Statistic p-value
ANN 2.14 0.032
LSTM 3.01 0.004
SARIMA–LSTM 4.12 0.0003
SARIMA–NNAR–LSTM 4.45 0.0001
SARIMA–CNN–LSTM 4.89 ¡0.0001

The results indicate that all alternative models significantly outperform the
SARIMA benchmark at the 5% significance level. The ANN model exhibits the small-
est but statistically significant improvement (DM = 2.14, p = 0.032), suggesting that
nonlinear learning contributes additional predictive information beyond the linear
SARIMA structure. The LSTM model demonstrates stronger predictive gains (DM
= 3.01, p = 0.004), highlighting the importance of long-term temporal dependency
modeling in rainfall forecasting.

Hybrid models produce substantially larger DM statistics and smaller p-values,
indicating progressively greater improvements in predictive accuracy. The SARIMA–
LSTM model (DM = 4.12) confirms the effectiveness of combining seasonal linear
decomposition with nonlinear sequence learning. Similarly, the SARIMA–NNAR–
LSTM architecture achieves enhanced performance (DM = 4.45), suggesting that
additional neural nonlinear representation improves residual modeling.

Among all models, the SARIMA–CNN–LSTM framework achieves the highest
DM statistic (4.89) with a p-value below 0.0001, providing strong statistical evidence
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of superior forecasting performance. This result indicates that integrating convolu-
tional feature extraction, recurrent temporal learning, and SARIMA-based seasonal
decomposition yields the most robust representation of rainfall dynamics.

Overall, the Diebold–Mariano results reveal a clear and statistically significant
improvement in forecasting accuracy across the hybrid architectures relative to the
benchmark SARIMA model. The consistent superiority of the hybrid deep learning
models indicates that combining linear seasonal decomposition with advanced nonlin-
ear learning mechanisms substantially enhances predictive performance. In particular,
the integration of convolutional and recurrent neural structures enables more effective
capture of complex temporal patterns, nonlinear dependencies, and non-stationary
rainfall behavior. These findings underscore the suitability of multi-level hybrid frame-
works for rainfall forecasting in bimodal climate systems and highlight their potential
for supporting climate risk management and hydrological forecasting applications.

4 Discussion and Conclusion

4.1 Discussion

The results indicate that rainfall dynamics in Embu County are characterized by sea-
sonal variability, nonlinear behavior, and long-term temporal dependence. Seasonal
analysis revealed greater variability during the MAM season and stronger extreme
rainfall intensity during OND, consistent with the influence of large-scale climate
drivers such as ENSO and the Indian Ocean Dipole [2, 25, 26]. These climatic interac-
tions contribute to the observed nonlinearity and temporal instability in the rainfall
process.

The SARIMAmodel adequately captured seasonal structure and short-term depen-
dence but exhibited limited ability to represent nonlinear rainfall dynamics, resulting
in comparatively higher forecast errors. In contrast, ANN and LSTM models improved
predictive performance through nonlinear learning, with LSTM showing superior
accuracy due to its ability to retain long-term sequential information [9, 46].

Hybrid frameworks consistently outperformed standalone models, confirming the
advantage of combining linear decomposition with nonlinear learning mechanisms
[47]. Among all architectures, the SARIMA–CNN–LSTM model achieved the best
predictive accuracy and residual stability. The CNN component enhanced localized
feature extraction, while the LSTM layer improved representation of long-term tem-
poral dependencies. This suggests that rainfall variability is governed by hierarchical
multi-scale interactions that are not fully captured by conventional models.

Residual diagnostics further showed that hybrid models produced residuals closest
to white noise, indicating improved representation of hidden nonlinear structure and
volatility. The enhanced capability of hybrid deep learning models to capture rainfall
extremes has important implications for flood forecasting, agricultural planning, and
climate risk management in climate-sensitive regions.

Although the proposed framework achieved strong predictive performance, the
analysis was limited to temporal rainfall observations from a single region. Future
studies should incorporate spatial climate variability, remote sensing products, and
large-scale atmospheric indices to improve forecasting robustness. Emerging deep
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learning architectures and ensemble systems may further enhance predictive capability
under evolving climatic conditions.

4.2 Conclusion

This study evaluated conventional statistical, machine learning, and hybrid deep learn-
ing models for rainfall forecasting in Embu County, Kenya. The findings show that
rainfall variability in the region is influenced by seasonal structure, nonlinear dynamics,
and persistent temporal dependence.

While SARIMA effectively modeled linear seasonal behavior, machine learning
approaches improved predictive accuracy by capturing nonlinear relationships. Hybrid
frameworks consistently outperformed standalone models, with the SARIMA–CNN–
LSTM architecture achieving the lowest forecast errors and strongest residual proper-
ties. The integration of seasonal decomposition, convolutional feature extraction, and
recurrent temporal learning substantially improved representation of complex rainfall
dynamics and extreme events.

The results demonstrate that hybrid deep learning frameworks provide a robust
approach for rainfall forecasting in bimodal climatic systems. Improved rainfall predic-
tion has important implications for climate adaptation, agricultural planning, water
resource management, and disaster preparedness in Kenya and similar environments.

Future research should integrate spatial climatic variability, remote sensing data,
and atmospheric circulation indices such as ENSO and the Indian Ocean Dipole. The
application of emerging deep learning and ensemble architectures may further improve
forecasting robustness and operational applicability.
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