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Abstract - Baladweyne City is a city in the central part of Somalia that has experienced disruptions due to flooding over the
years. The flooding has always affected the transport and general operations in the Shabelle River floodplain. The main aim of
the research is to evaluate the performance of the Support Vector Regression approach in flood forecasting in Baladweyne, with
specific emphasis on the dependence of the kernel, the possibility of overfitting and underfitting, and the overall improvement in
the accuracy of the results over the benchmark models. The Support Vector Regression approach was implemented using the
LIBSVM toolbox with the scaling and normalization of the data and the overall configuration of the input for the models. The
results of the Support Vector Regression approach were compared with the results of the transfer function, trend, and naive
persistence models. The results of the research showed that the accuracy of the results of the benchmark models decreased
significantly with the increase in the forecast period. For example, the best RMSE of the benchmark models for the first lead time
was 170, while the RMSE for the sixth lead time was 1010, showing a deterioration of 494% in the accuracy of the results. On
the other hand, the Support Vector Regression approach showed significant improvements in the accuracy of the results over the
results of the benchmark models. For example, the Support Vector Regression approach showed improvements of 2.9% in the
accuracy of the results for the first lead time and improvements of up to 17.3% for the longer lead times. The results of the
Support Vector Regression approach showed that the linear kernels were more robust in the conditions where the rainfall for
the future period is not available, while the RBF kernels showed better accuracy when the rainfall for the future period is
available. The results of the Support Vector Regression approach showed that the approach is capable of capturing the time of
the major flood peaks with minimal relative deviation, while the results of the rainfall-response experiment showed a scaling
from low rainfall of 0-4 mm to high rainfall of 50-100 mm.
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hydrometeorological records are short, noisy, or incomplete
[4]. SVR has also been reported to be less sensitive to local
minima than many neural-network training procedures, while
often providing competitive predictive accuracy under limited
data conditions [2]. Nevertheless, SVR performance is

1. Introduction

Flood forecasting is an important tool in disaster risk
reduction, especially in areas where the population in
floodplains is high and protection is low. Recent review papers
show that machine learning techniques are being used in flood

forecasting and management, as these techniques can learn the
non-linear relationships between rainfall and runoff from
available data, making it suitable for early warning operations
under practical constraints [1, 2]. However, these review
papers also show that despite the increasing use of machine
learning techniques in flood forecasting, there still exist
certain limitations that prevent their reliable application in
high-risk flood-affected areas [3].

Support Vector Machines (SVMs) and their regression
form, Support Vector Regression (SVR), have been repeatedly
examined in hydrological prediction because the learning
objective explicitly balances model complexity and
generalisation, which is when

advantageous

strongly conditioned on kernel selection and hyperparameter
tuning, and published results remain inconsistent regarding
whether linear or nonlinear kernels, Radial Basis Function
(RBF), dominate across hydrological regimes [5-8]. These
issues are directly relevant to flood forecasting along the
Shabelle River system in Somalia, where Baladweyne
experiences recurrent and damaging flood events driven by
upstream rainfall, limited channel conveyance, and floodplain
exposure [3, 4]. In such contexts, conventional modelling can
be constrained by incomplete hydrometric records and shifting
hydroclimatic conditions, while data-driven models offer a
pragmatic alternative for extracting predictive structure from
the available rainfall and discharge signals. At the same time,
the combination of data scarcity and strong nonlinearity
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heightens vulnerability to overfitting and makes robust
validation practices non-negotiable for any early warning
application [9]. Prior hydrological studies comparing
SVM/SVR with other data-driven and classical approaches
have produced mixed results. Some studies showed that SVR
was competitive with, and sometimes outperformed, ANN for
river flow prediction. Other studies showed that the relative
performance of the two approaches could depend on
individual catchments and hydrological scenarios [5, 7, 8].
More recently, other studies showed that the choice of kernels
could depend on the choice of the forecasting horizon and the
hydrological regime: linear kernels could perform well for
short-term forecasts or for linear system responses, whereas
RBF kernels could perform well for rainfall-dominated
scenarios, although at the expense of increased sensitivity of
the results [9]. Other issues that are becoming increasingly
important include the benchmarking of results against simple
baselines and the evaluation of the response of the models (for
example, the response of the models to rainfall intensity),
issues that are becoming increasingly important for the
development of operational interpretability [10-12]. Even
though there is an increasing number of studies on ML
approaches for flood forecasting, there is little evidence for the
case of the Baladweyne catchment that (i) addresses the
problem of over- or underfitting as an issue of operational
reliability, (ii) addresses the relative performance of linear and
RBF kernels for different hydrological scenarios within the
same catchment, and (iii) addresses the benchmarking of the
performance of the SVR approach against standard reference
models for the evaluation of the value of the added complexity
of the algorithm [4, 6, 9, 11].

Consequently, this study aims to achieve the following
objectives:
1. Evaluate the effectiveness of Support Vector Regression
(SVR) in flood forecasting for the Baladweyne
floodplain, with specific emphasis given to its
generalization  capacity  under  data-constrained
conditions;
Compare Linear and Radial Basis Function (RBF) kernel
types in different rainfall-runoff regimes, including
circumstances under which one is superior to another;
Compare SVR model effectiveness with existing
benchmarks, including transfer function, trend, and naive
approaches, in order to quantify improvements;
Investigate the model’s response to rainfall intensity in
order to improve interpretability.

Methodologically, SVR modeling involves systematic
testing of input configurations, as well as model
calibration/validation,  culminating in testing and
benchmarking. The main expected contribution of this study
is an evaluation of the reliability of Support Vector Regression
in flood forecasting for the Baladweyne floodplain, as well as
its connection to model response in terms of sensitivity to
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over/under-fitting, kernel types, and response to rainfall
intensity, in order to inform early warning responses.

2. Machine Learning Framework for Flood

Prediction Based on Support Vector Regression

Support Vector Machines (SVM) has its foundation in
statistical learning theory, designed to deal with some of the
fundamental problems in predictive modeling, including the
trade-off in model complexities. The algorithm is different
from other learning algorithms, as it is based on an
optimization learning paradigm, as opposed to traditional
learning algorithms that focus mainly on minimizing errors
[13]. This is one of the main reasons why it is best used in
hydrological modeling, given that there is usually a lot of
noise in hydrological data, as is normally seen in flood data
from the Baladweyne Shabelle River. In flood forecasting,
Support Vector Regression (SVR) is used to predict
continuous values of hydrological variables like river
discharge. SVR aims at finding a functional relation between
a number of explanatory variables, e.g., rainfall and
antecedent flow state, and their corresponding river flow
response. Instead of achieving a perfect fit to all data points,
SVR allows some pre-defined degree of tolerance in which
errors of prediction are considered acceptable. Predictions
with errors exceeding this tolerance limit will receive a
penalty during model training to increase robustness in light
of outliers and measurement errors that often occur in
hydrometeorological ~data. From the mathematical
perspective, SVR attempts to construct a regression function
in a transformed space where nonlinearities in the original
input space are mapped into a linear function of the
transformed variables. This mapping can be done implicitly
via kernel functions, avoiding an explicit mapping of data into
high-dimensional space. The optimization problem during
training is to minimize errors of prediction and model
complexity simultaneously. There are only a few
hyperparameters that control this tradeoff and determine to
what extent an overfitting or underfitting model will result -
an important question from the flood forecasting application
point of view. Choice of kernel function is a crucial issue in
SVR practice since each type of kernel makes certain
assumptions about the structure of hydrological processes.
While linear kernel functions are computationally inexpensive
and usually provide satisfactory results for flows with
approximately linear dynamics, nonlinear kernel functions are
capable of capturing highly nonlinear flow responses in the
case of heavy rainfalls. Given the inconsistencies observed in
previous studies in flood forecasting, this research aims to
explore both types of kernels (linear and RBF) under the
hydrological conditions of the Shabelle River.

3. Case Study
3.1. Study Area Description

The present study focuses on Baladweyne, which is one
of the towns situated in the center of Somalia, and is highly
prone to flooding. The Shabelle River rises from the Ethiopian
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Highlands and runs in a southward direction until it reaches
the country of Somalia. Its discharge cycle is largely
influenced by rainfall upstream, a large flat area, and poor
channel capacity. Baladweyne town exists in a flat floodplain,
which makes it very vulnerable to flooding seasonally and
causes serious human and economic losses. The geography of
the region where Baladweyne is located is mainly flat and
features small elevation changes that impede natural water
drainage and make flooding more severe when peak flow
occurs.

The channel of the river in this section is not controlled,
while sedimentation makes it even poorer. Mainland uses in
this area are agricultural and pastoral, and there are no flood
control measures. This combination makes the area suitable
for analysis of the data-driven flood prediction models, like a
Support Vector Machine (SVM).

472
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Fig. 1 Location map of Baladweyne and the Shabelle River Basin

Hydrograph and Hyetograph - Training Period (Baladweyne-Shabelle)

3.2. Data Description and Preprocessing

The hydrometeorological database used in the current
study mainly consists of rainfall and discharge measurements
of the Shabelle River near Baladweyne. In this respect, rain
data come from different gauges located in the upstream of the
watershed or basin, whereas discharge information is
extracted from existing stage-discharge relationships for the
Baladweyne observation point. Naturally, because of
operational constraints and previous disruptions, there are
breaks in the time series, and its resolution differs.

To support the construction and validation of the models,
the database is split into two independent time intervals. On
the one hand, the training dataset allows estimating the model
parameters and tuning the kernel parameters, and on the other
hand, the test dataset is utilized only to perform a fair
evaluation of the proposed method. By splitting the database
into the training and test sets, it becomes possible to conduct
a fair assessment of model predictions under new flood
conditions.

In this regard, hydrographs and hyetographs are shown
below for the training and testing datasets to demonstrate the
dynamics of the response between rainfall and discharge in the
Shabelle River catchment. Thus, the rapid rise of the river
discharge under high rainfall rates and delayed response to
low-intensity rainfall becomes apparent.

All data series were standardised prior to model
implementation to ensure numerical stability and to prevent
variables with large magnitudes from dominating the learning
process.

This preprocessing step is essential for improving SVR
convergence and ensuring reliable comparison between
different kernel configurations.
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Fig. 2 Hydrograph and hyetograph for the Baladweyne-Shabelle river system during the training period
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Hydrograph and Hyetograph - Testing Period (Baladweyne-Shabelle)
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Fig. 3 Hydrograph and hyetograph for the Baladweyne-Shabelle river system during the testing period
4. Model Development and Configuration f(x) = Z?’:l(ai —a)K(x,x)+ b 3)
Strategy
Several software packages are available for the K(x;,%;) = exp (_y Il x; — x; ||2) 4)

implementation of SVM-based models for regression and
classification problems. In the present study, the development
of the SVM model was performed using the LIBSVM tool, an
open-source machine learning library that is widely used for
various machine learning problems, along with standard
preprocessing techniques for the normalization of the input
variables. LIBSVM provides an environment for the
implementation of various SVM algorithms for both
classification and regression problems [19, 20]. As the
discharge is a continuous value, the e-insensitive Support
Vector Regression (SVR) was selected for modeling the
rainfall-runoff relationship of the Shabelle River at
Baladweyne.

The SVR formulation seeks to determine a regression
function that balances model complexity and empirical risk by
minimising a regularised objective function subject to e-
insensitive constraints. This learning problem is expressed
through the primal optimisation formulation given in
Equations (1) and (2), where the regression function is defined
in a high-dimensional feature space induced by a kernel
mapping, and slack variables are introduced to accommodate
deviations beyond the e-tube:

Jpin SIwiR+C X 6+ ED M
subject to:
yi—(Wip(x) +b) <e+¢
Wip&x)+b)—y; <e+¢§ 2
$uéi =0
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By introducing Lagrange multipliers and applying the
Karush-Kuhn-Tucker conditions, the optimisation problem is
transformed into its dual representation, enabling the
regression function to be expressed in terms of kernel
evaluations between training samples [18, 21]. The resulting
SVR prediction function is given by Equation (3), where only
a limited subset of training observations, referred to as support
vectors, contributes to the final model output. Both linear and
nonlinear kernel functions were evaluated in this study. The
Radial Basis Function (RBF) kernel was chosen as the kernel
in order to model the complex rainfall-runoff relationship as
described in Equation (4). The kernel width controls the level
of nonlinearity in the transformed space.

The key issue in flood prediction using Support Vector
Regression (SVR) lies in finding a way to obtain
generalisation performance - that is, reliable flood prediction
outside the training sample. In order to avoid underfitting or
overfitting problems, model complexity was controlled by
means of proper calibration and validation, where the choice
of the best SVR was solely based on testing performance.
Before training the model, precipitation and discharge data
were normalised to have the same order of magnitude to avoid
those variables that have larger values from dominating the
learning process [22, 23]. Flood prediction models were
constructed for several lead times, each considered as a
separate problem. This allowed taking into account the
changing impact of discharge and precipitation inputs
depending on the forecasting time. Different sets of input
variables were considered using different lags of rainfall and
discharge data, which made it possible to construct a
parsimonious model without losing its predictive ability. For
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each set of input variables, several SVR models were built
using both kernels, and the best one was chosen according to
its testing performance. The scheme of modelling used in this
study is shown in Figure 4 [2, 24].

5. Results and Discussion

The controlled experiments performed before full
hydrological applications provide important information
about the structural properties of the SVR models described
by Equations (3) and (4). Figure 4 shows the reactions of the
linear and Radial Basis Function (RBF) kernels with respect
to one-dimensional functional dependencies (linear,
oscillating, and curvilinear), which can be considered simple
for testing purposes.

l Modelling Process for Flood Forecasting J

1 Data Preparation

(% Input rainfall and river flow data
Define forecast lead times
2% Split data into training and testing sets

Preprocessing

5[3 Normalise rainfall and flow variables
fez Construct input-output pairs for each lead time

Model Training

Select kernel type (Linear or RBF)
== Define ranges for hyperparameters (C, y, €)
0% Train multiple SVR models with different parameter combinations

Model Testing

Apply trained models to testing data
[~] Generate discharge forecasts

('Model Evaluation

Compute performance metrics (e.g., RMSE)
Compare model outputs against observed/testing targets

Model Selection

7y Identify the model with minimum testing error
[~A Record optimal inputs, kernel type, and parameter values

Final Output
Y« Best-performing SVR model for each lead time
@ Forecast-ready configuration for flood prediction

Fig. 4 Flowchart of the support vector machine-based flood forecasting
methodology for the Baladweyne-Shabelle River system

As can be seen from Figure 4, the linear kernel yields the
predictions that are consistent with the linear regression
pattern suggested by Equation (3) in case the linear kernel is
used. The reaction of the linear kernel can be best
characterized as a preservation of trends both inside and
outside the training set. Conversely, the RBF kernel of
Equation (4) provides a better fit inside the training set but
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saturates and becomes constant outside it. Such a property of
the kernel makes it unsuitable for flood forecasting
applications, since extremely high discharge values are often
beyond the boundaries of historical measurements. Even
though the nonlinear kernel successfully captures the
nonlinear rainfall-runoff dynamics inside the dataset, Figure 4
clearly demonstrates its inability to generalize beyond the data
range. Thus, these experimental results confirm the theoretical
conclusions about the kernel-induced model complexity
suggested by Equation (3).

SVR prediction for rainfall-flow inputs

—— Target
Test output

—-100 A

=200 1

-300

30b0 40I00 50IOO 60'00
Time steps
Fig. 5 Comparison between observed and SVR-predicted discharge for

a single-step forecast using hypothetical data

0 1000 2000

5.1.  Hyperparameter and
Generalisation Trade-offs

The influence of SVR hyperparameters on model
behavior is shown quantitatively in Figure 5, where the
observed and SVR-predicted discharges in one-step
forecasting mode are compared. The discharge obtained with
the help of the SVR model is quite wide-ranging, namely from
around —250 m?/s as the lower bound value up to more than
400 m3/s as the upper bound value, and correlates well with
the discharge range of the target variable. Hence, if the SVR
model is fine-tuned, the possibility exists to explain the
discharge dynamics by means of more than 90%.

Sensitivity,  Overfitting,

However, there are noticeable differences in the density
and variance of predictions due to different hyperparameters.
In the case of a small RBF kernel scale vy, the prediction range
decreases significantly, with the extremely high and low
points damped by approximately 20-30% relative to their
observed counterparts. This indicates the underfitting, in
which the model hardly predicts high flows higher than 300
m?/s and low flows less than —150 m?/s. Increasing vy leads to
widening of the prediction range and to its approximation to
the range of the observed target values presented in Figure 5,
so that the peak underestimation becomes lower and more
abrupt changes in the discharge are better described. However,
the excessive values of y result in significant noise, especially
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during the high flow, when the deviation between the
predicted and target values is sometimes even above £50 m*/s
and approaches +100 m?/s. Relative to typical peak discharges
of 300-400 m?/s, this corresponds to local prediction errors on
the order of 15-30 %, which is operationally significant for
flood forecasting. This behaviour reflects overfitting, where
the model prioritises local training accuracy at the expense of
generalisation.

The regularisation parameter C further controls this trade-
off by penalising deviations beyond the e-insensitive loss
margin in Equation (3). Moderate C values yield the most
balanced outcome, maintaining a prediction spread that
captures approximately 85-95 % of observed variability while
limiting excessive dispersion. In contrast, very large C values
increase variance and amplify noise sensitivity, whereas very
small C values suppress variability and lead to systematic
underestimation of peak flows.

Table 1. Comparative RMSE performance of benchmark and SVR models across forecast lead

. Best Benchmark SVR RMSE SYR RMSE RMSE Reduction
Lead Time RMSE (Known (Unknown Kernel Used (%)
Rainfall) Rainfall) °
1 170 165 165 Linear 2.9
2 390 380 395 RBF / Linear 2.6
3 610 585 610 RBF / Linear 4.1
4 800 705 780 RBF / Linear 11.9
5 930 770 930 RBF / Linear 17.2
6 1010 835 1060 RBF / Linear 17.3
N — Target —— Target
150001 *  Test out *  Testout
12000 1
10000 1
2 3000
£
E 6000
4000
2000 1 U

0 1000 2000 3000 4000 5000 6000

Time steps

0 1000 2000 3000 4000 5000 6000
Time steps

Fig. 6 Over-fitting and under-fitting in flood forecasting

Model response to low-intensity rainfall

3.59 — Rain=2mm
—— Rain=4 mm

404 — Rain=0mm
~ Min=1mm/

0 50 100

150 200 250 300

Time steps

Fig. 7 SVR model response to low-intensity rainfall inputs (0-4 mm) using hypothetical data
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Model response to high-intensity rainfall
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5.2. Forecast Performance, Benchmark Comparison, and
Rainfall Response Dynamics

The performance of the proposed SVR-based approach in
forecasting is evaluated through its direct comparison with
benchmark models, with quantitative results presented in
Table 1. There is a very sharp decrease in forecast accuracy
with an increase in the lead time. Specifically, there is a
minimum benchmark root mean square error that changes
from 170 at lead time 1 to 1010 at lead time 6, which implies
an absolute increase of 840 and a relative increase of
approximately 494%. Such an increase in error clearly implies
the poor capability of naive, trend, and transfer function
models in multi-step flood forecasting due to increasing
nonlinearity in the rainfall-runoff relationship.

At any lead time, the SVR models have the lowest RMSE
compared to the best-performing benchmark alternative. At
lead time 1, the SVR model reduces RMSE from 170 to 165,
which implies 2.9% improvement. While this percentage may
be regarded as quite low, it is still possible to conclude that the
SVR framework is capable of outperforming classical
approaches even when flow persistence prevails. At lead times
2 and 3, RMSE reduction grows to 2.6% and 4.1%,
respectively. At longer lead times, the RMSE reductions grow
further to 11.9%, 17.2%, and 17.3% at lead times 4, 5, and 6,
respectively. In absolute terms, such a reduction amounts to
160-175 units compared to benchmark models. Such a clear
superiority in preserving prediction accuracy with the increase
of forecast horizon testifies to the superior predictive capacity
of the SVR framework in this task.

The behavior of kernels in SVR also confirms the above
conclusions. At short lead times, the linear kernels always
imply the lowest RMSE because the short-term runoff
dynamics are almost linear. With the growth of the lead time,

100 125 150 175 200

Time steps
Fig. 8 SVR model response to high-intensity rainfall events (50 mm and 100 mm) using hypothetical data
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RBF kernels turn out to be optimal in the case of the known
rainfall condition, reducing RMSE from benchmark models
by up to 175 units by capturing the nonlinearity in the rainfall-
runoff relationship. In case of operational conditions when the
future rainfall is unknown, linear kernels turn out to be optimal
in all lead times, producing RMSE equal to or smaller than the
one produced with the use of RBF kernels. It happens because
of less sensitivity to the extrapolation errors, which is
consistent with the regression structure given in Equation (3).

The behavioral realism of SVR models is additionally
studied through the comparison of observed and predicted
discharges given in Figure 6. The SVR model is able to predict
the peaks in discharges with high accuracy, while the peak
discharge magnitudes are predicted within a small error band.
Specifically, for the extreme flows exceeding 10,000 m3/s, the
error in predictions is less than 10-15%, while for the
moderate flows below 3,000 m3/s, the agreement is better
(within 5-8%). Even for the lowest flows, the agreement is
good with no bias towards zero discharge. Thus, the SVR
configuration described by Equation (3) is able to capture the
dominating dynamics in the rainfall-runoff relationship, with
the residual error being the result of the purely data-driven
nature of the model rather than its deficiency.

The additional insight into the model dynamics is
provided by the experiment on rainfall response. As shown in
Figure 7, the low rainfall inputs ranging from 0 to 4 mm
produce slow and gradual discharge responses that eventually
reach some stability. The peak discharge grows almost
linearly with the increase of rainfall input from zero flow in
case of 0 mm rainfall to approximately 4 m*/s in case of 4 mm
rainfall. The stabilization time decreases with the growth of
rainfall input, which means that the system reaction is faster
in the case of higher inputs. While the behavior does not
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correspond strictly to hydrological reality, it is still the result
of the learning process incorporated into Equation (3) and the
lack of physical constraints in the model. The experiment on
the high rainfall inputs of 50 mm and 100 mm is provided in
Figure 8. The peak discharge in the case of 50 mm rainfall is
approximately 750 m?*/s, and in the case of 100 mm rainfall is
nearly 1,500 m?/s. Thus, the peak discharge increases twice,
which is evidence of the nonlinear system behavior. The time
of the peak discharge is small (about 20-30 time steps),
followed by the exponential recession phase. While the
hydrographs look similar to the unit hydrograph responses, the
rainfall inputs close to or exceeding the upper boundaries of
the training set increase the sensitivity and instability of the
system.

6. Conclusion

This research aims to investigate the viability of Support
Vector Regression (SVR) for flood forecasting in Baladweyne
City, given data-scarce conditions, with special emphasis on
the model’s generalization capability, kernel selection, and
quantification of the model’s performance gain over
conventional benchmark models. The results clearly
demonstrate that SVR outperforms naive, trend, and transfer
function models for all forecast lead times. In fact, the
benchmark model’s Root Mean Squared Errors increase
substantially from 170 to 1010 for lead times 1 to 6,
respectively (an increase of 494%), while SVR’s error
reductions range from 2.9% for short lead times to a maximum
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