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Abstract

Flood hazards are intensifying across Africa due to rapid urban expansion and hydro-
climatic variability. This study develops a multi-metric geospatial framework combining
extreme value analysis, hydrograph-based metrics, and dependence modelling to quan-
tify flood magnitude, frequency, timing, and joint risk dynamics. Daily precipitation
and streamflow reanalysis data (1985–2025) were analyzed for two contrasting Tanzanian
catchments: the large Rufiji basin (RU) and the smaller Mirongo catchment (MW). An-
nual maxima were modelled using the Generalized Extreme Value (GEV) distribution,
complemented by flow duration curves, peak-over-threshold detection, and regression-
copula dependence analysis. Results reveal strong hydrological contrasts. RU exhibits
amplified rare-event growth (design floods from ~2850 to 11,770 m3/s), extended recession
persistence (>100 days), low flashiness, and long rainfall-runoff lags (~15 days), indicating
storage-dominated behavior. MW shows smaller design floods (~80 to 370 m3/s), higher
flashiness, and short lags (~4 days), reflecting rapid, rainfall-driven response. Gaussian
copula parameters indicate moderate dependence in both basins (0.32 and 0.34), suggesting
that joint dependence alone does not distinguish flood mechanisms without complementary
metrics. The proposed framework improves basin-specific flood risk profiling and supports
geospatial early-warning system design in data-scarce Sub-Saharan environments.

Keywords: flood hazard characterization; extreme value analysis; rainfall-runoff dependence;
hydrological response dynamics; geospatial flood risk profiling; flow regime analysis;
peak-over-threshold modelling; Tanzania

1. Introduction
Flood hazards are among the most destructive natural disasters globally, accounting for

a substantial proportion of disaster-related losses in terms of frequency, economic damage,
and affected populations [1]. Intensified hydrological extremes driven by climate variability,
land-use change, and rapid urban expansion have increased both the magnitude and
spatial extent of flood events [2–5]. In many regions, particularly low- and middle-income
countries, flood impacts are exacerbated by inadequate infrastructure planning, informal
settlements in floodplains, and limited hydrometeorological monitoring networks [6].
Consequently, there is growing scientific emphasis on developing geospatially explicit
and statistically robust flood hazard assessment frameworks capable of capturing flood
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magnitude, frequency, spatial distribution, and hydrological response dynamics under
changing climatic conditions.

Across Africa, flood risk is increasing due to the convergence of climate variability,
watershed degradation, and unplanned urbanization [7–10]. Major river basins such as the
Niger, Nile, Zambezi, and Rufiji have experienced recurrent extreme flooding events, often
resulting in substantial socioeconomic disruption. However, flood hazard assessment in
Sub-Saharan Africa remains constrained by sparse in-situ gauge networks, limited long-
term discharge observations, and fragmented hydrological data. As a result, many studies
rely on event-based mapping or short-term modelling, which may not adequately capture
basin-scale storage effects, rainfall runoff coupling, or long-term extreme behavior.

Meanwhile, recent advances in geoinformation science have enabled wider application
of Geographic Information Systems (GIS), remote sensing (RS), digital elevation model
(DEM)-based terrain analysis, satellite-derived rainfall products, hydrodynamic modelling,
and statistical flood frequency analysis for flood hazard assessment. These approaches
have improved the spatial characterization of flood-prone areas and enhanced flood risk
mapping in data-scarce environments, as demonstrated by [11] in assessing compound
flooding potential using multivariate statistical models under data constraints.

There is, therefore, an urgent need for integrative geospatial methodologies that
combine satellite-derived datasets, reanalysis products, and advanced statistical modelling
to enhance flood risk profiling in data-scarce African environments.

In Tanzania, flood hazards recurrently affect river basins such as Rufiji, Wami-Ruvu,
Pangani, and Lake Victoria sub-catchments, impacting settlements, agriculture, and crit-
ical infrastructure [12,13]. Rapid urban growth in cities like Dar es Salaam and Mwanza
has further increased exposure to flood-prone zones. Previous studies in Tanzania have
applied GIS-based multi-criteria evaluation (MCE) [12], hydrodynamic models (e.g., HEC-
RAS) [13], and remote sensing techniques using Landsat and Sentinel imagery to delineate
floodplains and map inundation extents. Other approaches include rainfall runoff mod-
elling (e.g., SWAT), DEM-based terrain analysis, and frequency analysis using Gumbel or
Log Pearson Type III distributions. While these methods provide valuable spatial flood
maps and design flood estimates, many remain focused either on spatial susceptibility
mapping or extreme value estimation without integrating hydrograph dynamics, recession
behavior, flashiness indices, and rainfall–runoff dependence structures within a unified
analytical framework [14–16].

Furthermore, the integration of GIS, remote sensing, reanalysis products, and ad-
vanced dependence modelling approaches such as copulas and extreme value theory
remains relatively underexplored in Tanzanian and broader East African contexts.

Despite the growing application of flood susceptibility mapping and hydrodynamic
modelling in Africa, many studies focus either on spatial inundation mapping or statis-
tical flood frequency analysis [17,18]. Few studies integrate extreme flood magnitude,
hydrograph dynamics, recession behavior, and rainfall-runoff dependence within a single
analytical framework, particularly using long-term satellite-derived datasets in data-scarce
environments. This limitation restricts comprehensive characterization of flood hazard
dynamics across contrasting hydrological systems and constrains basin-specific flood risk
profiling in data-scarce environments.

Therefore, this study addresses these methodological gaps by developing an integrated
geospatial multimeric flood hazard characterization framework tailored to hydrologically
contrasting Tanzanian catchments. Specifically, the objectives are to: (i) quantify extreme
flood magnitude and frequency using parametric extreme value modelling integrated with
empirical return period analysis; (ii) characterize spatial and temporal hydrological re-
sponse behavior through flow duration curves, peak-over-threshold diagnostics, recession
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persistence, and flashiness indices derived from long-term satellite and reanalysis datasets;
and (iii) evaluate rainfall runoff dependence using regression and copula-based joint prob-
ability modelling to distinguish storage-dominated and rainfall-responsive systems. By
integrating extreme value analysis, hydrograph-based diagnostics, and dependence mod-
elling within a comparative geospatial framework, the study contributes toward improved
basin-specific flood risk profiling and supports geospatial early-warning system develop-
ment and climate-resilient infrastructure planning in Tanzania and similar data-constrained
Sub-Saharan African environments.

2. Study Area
The study was conducted in two hydrologically contrasting Tanzanian catchments:

the Rufiji River basin (RU) and the Mirongo River basin in Mwanza (MW) (Figure 1). The
selection of these basins enables comparison between a large storage-dominated river
system and a smaller rainfall-responsive catchment. The Rufiji basin, the largest river
basin in Tanzania (~177,000 km2), drains south-central Tanzania and discharges into the
Indian Ocean through the Rufiji Delta. Elevations range from over 2000 m in the upstream
highlands to less than 100 m in the coastal floodplain, and the basin experiences a unimodal
rainfall regime with annual precipitation between 800 and 1400 mm. The Mirongo River
catchment, located within the Nyamagana and Ilemela districts along the southern shores
of Lake Victoria, is characterized by a relatively smaller drainage extent, undulating terrain,
and elevations ranging from approximately 1100 to 1400 m above sea level. The catchment
experiences a bimodal rainfall regime with average annual precipitation ranging between
900 and 1200 mm.

Figure 1. (a) Location of the study catchments in Tanzania; (b) the Mirongo catchment (MW) located
within the Nyamagana and Illemela districts along the southern shores of Lake Victoria, and (c) the
Rufiji River basin(RU) in south–central Tanzania. The figure also highlights major hydrological
features and flood–prone areas within the study regions.
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The two catchments exhibit contrasting hydroclimatic and hydrological characteristics
associated with differences in basin scale, rainfall regime, topography, storage capacity,
and runoff response behavior. RU represents a large river system with substantial storage
influence and delayed hydrological response, whereas MW reflects a smaller and more
rainfall-responsive catchment with relatively rapid runoff generation. These contrasting
spatial and hydrological characteristics provide an appropriate framework for compara-
tive flood hazard characterization and rainfall–runoff response analysis under differing
environmental conditions, consistent with basin-scale flood response behavior reported in
previous hydrological studies [19,20].

3. Database and Methodology
3.1. Database

Daily hydro-meteorological data covering the period 1985–2025 were used to analyze
rainfall-runoff dynamics and flood characteristics in both catchments. Precipitation data
were obtained from the Climate Hazards Group InfraRed Precipitation with Stations
(CHIRPS) dataset was developed by the Climate Hazards Center (CHC) at the University
of California, Santa Barbara (UCSB), USA), which provides quasi-global rainfall estimates
at a spatial resolution of approximately 0.05◦ and has been widely applied in hydrological
studies across data-scarce regions of Africa. Streamflow data were obtained from the
ERA5-Land hydrological reanalysis dataset (Copernicus Climate Change Service, ECMWF,
which integrates climate reanalysis, land surface modelling, and observational forcing data
to estimate hydrological variables in regions with limited in-situ monitoring. ERA5-Land
is widely used in hydrological and climate-related studies due to its temporal consistency
and suitability for large-scale environmental analysis in data-scarce environments.

The datasets used in this study include satellite-derived precipitation products and hy-
drological reanalysis data rather than direct observed gauge measurements. Therefore, the
2021–2025 period represents reanalysis-based estimates and not future climate projections.
While uncertainties associated with reanalysis datasets may exist, previous studies have
demonstrated their applicability for hydrological assessment and flood characterization in
regions with sparse observational records.

Basin-averaged daily precipitation and discharge series were spatially extracted for the
Rufiji (RU) and Mirongo (MW) catchments using GIS-based basin delineation and spatial
aggregation procedures (ArcGIS Pro version 3.2; spatial aggregation performed using
Python version 3-10). The extracted datasets were subjected to quality control procedures,
including temporal consistency checks, screening for anomalous values, and verification of
missing observations prior to statistical and hydrological analysis.

3.2. Methodological Framework

The methodological framework was implemented in four sequential stages: (i) ex-
treme value analysis (annual maxima), (ii) flow regime characterization (daily hydrograph
metrics), (iii) event-based flood diagnostics, and (iv) rainfall-runoff dependence modelling.

The framework integrates both parametric and non-parametric statistical approaches
to characterize flood magnitude, frequency, timing, persistence, and dependence struc-
tures. Parametric methods, including Generalized Extreme Value (GEV) modelling and
regression analysis, were applied to estimate flood probability distributions and rainfall–
runoff relationships under assumed statistical distributions. Non-parametric approaches,
including empirical return period estimation, flow duration analysis, and threshold-based
event detection, were used to evaluate hydrological variability without strict distributional
assumptions. The combined use of these approaches improves robustness in analyzing
flood dynamics across hydrologically contrasting catchments [21,22].
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3.3. Extreme Value Analysis
3.3.1. Annual Maximum Series (AMS)

The AMS method was used to characterize extreme flood magnitudes in both catch-
ments. For each hydrological year, the highest daily discharge value was extracted to form
a series of annual peak flows suitable for frequency analysis [23].

Qmax,i = max{Qi1, Qi2, . . . Qin, }, (1)

where Qmax,i represents the annual maximum discharge in year i (m3/s), Qij represents
daily discharge on day j, i, and n is the number of days in year i. The AMS series forms the
foundation for empirical exceedance probability estimation and parametric modelling of
flood return levels using extreme value theory.

3.3.2. Empirical Return Period (ERP)

Exceedance probability and empirical return periods were estimated from the AMS
to quantify the frequency-magnitude relationship of extreme floods. The annual peak
discharges were first ranked in descending order, and the exceedance probability was
computed using the Weibull plotting position formula [24]:

Pe(m) =
m

n + 1
, (2)

where P is the exceedance probability, m is the rank of the annual maximum discharge
(with m = 1 representing the large value), and n is the total number of years in the AMS
record. The empirical return period T (years) was then calculated as the inverse of the
exceedance probability

Temp(m) =
1

Pe(m)
, (3)

These non-parametric estimates provide an initial assessment of flood recurrence
characteristics and serve as a benchmark for comparison with parametric return levels
derived from extreme value modelling.

3.3.3. Parametric GEV Modelling

Parametric flood frequency analysis was performed using the GEV distribution to
model the statistical behavior of AMD derived from the AMS. The GEV model provides a
unified framework for representing extreme events and is widely adopted in hydrological
studies for estimating design flood quantiles [25,26]. The GEV distribution was selected
because it provides a flexible framework for modelling block maxima and can represent
different tail behaviors associated with hydrological extremes through its shape parameter.
Anghel and Ianculescu [25] have demonstrated the application of GEV in flood frequency
analysis and extreme hydrological assessment due to its suitability for estimating rare flood
events beyond the observed record length [27]. The cumulative distribution function (CDF)
of the GEV distribution is defined as:

F(x) = exp
{
−[1 + η(

x − µ

σ
)]
−1/η

}
, 1 + η

(
x − µ

σ

)
> 0 (4)

where: µ is location parameter, σ > 0 is the scale parameter, and η is the shape parameter
controlling the tail behaviour of the distribution. Model parameters were estimated using
the maximum likelihood method and return levels corresponding to selected return periods
were estimated to characterize extreme flood behaviour beyond the observed record range.
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The Parameters (µ, σ, η) were estimated by maximum likelihood, and T-year flood
quantiles QT were computed as:

QT = F−1(1 − 1
T
) (5)

where the probability of exceedance (P) is 1
T , and T is the return period T = {2, 5, 10, 25, 50,

100} years were evaluated to assess design flood magnitudes for both catchments.
The adequacy of the fitted GEV distribution was evaluated using multiple goodness-

of-fit diagnostics. The Kolmogorov–Smirnov (KS) test (SciPy 1.10.1) was applied to assess
the agreement between the empirical distribution of annual maximum discharges and the
fitted GEV cumulative distribution function, with a null hypothesis that the sample follows
the GEV distribution. The Akaike Information Criterion (AIC) and Bayesian Information
Criterion (BIC) were computed using (statsmodels 0.14) to compare the GEV fit against
alternative extreme value distributions [25,28]. Model uncertainty in the estimated return
levels was quantified using profile likelihood confidence intervals at the 95% level. These
diagnostics ensure that the selected GEV model provides an appropriate representation of
the flood frequency behavior in both catchments.

3.4. Flow Regime Characterisations

Flow regime characterization was conducted to assess daily streamflow variability,
flood occurrence, and post-peak drainage behavior. This component complements extreme
value analysis by assessing the full hydrograph dynamics through three sub-sections: Flow
Duration Curve (FDC), flood peak detection, and flood recession time.

3.4.1. Flow Duration Curve (FDC)

The FDC was constructed to characterize the full range and persistence of daily
streamflow in the RU and MW catchments. Unlike extreme value analysis, which focuses
only on annual maxima, the FDC describes the percentage of time that specific discharge
values are equaled or exceeded, thereby providing a comprehensive representation of flow
regime variability [29]. Daily discharge values were ranked in descending order, and the
exceedance probability was calculated using:

P =
m

n + 1
(6)

where P is the exceedance probability, m is the rank of the discharge value, and n is the total
number of daily observations. The FDC was then obtained by plotting discharge against
exceedance probability. This approach enables assessment of high flows, median flows,
and low-flow conditions and supports comparative evaluation of hydrological behaviour
between catchments.

3.4.2. Flood Peak Detection (Peak over Threshold-PoT)

Flood peak detection was performed using a threshold-based Peaks over Threshold
(PoT) approach to identify significant high-flow events from the daily discharge series.

A threshold corresponding to the 95th percentile discharge was selected to identify
hydrologically significant flood events while maintaining sufficient event frequency for
statistical analysis. Consistent with the threshold-based flood event extraction approach
applied by Begueria [30], the 95th percentile discharge (Q95) was selected to identify hydro-
logically significant high-flow events while maintaining a sufficient number of independent
flood peaks for robust event-scale analysis.
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A high-flow threshold defined by the 95th percentile discharge was applied such that:

Qt ≥ Q0.95 (7)

where Qt is the daily discharge at time t and Q0.95 represents the 95th percentile threshold.
To ensure independence of events, a local maximum condition was further imposed:

Qt ≥ Qqt, Qt > Qt−1, Qt ≥ Qt+1, (8)

Only discharge values satisfying both criteria were classified as independent flood
peaks. This approach allows identification of multiple significant flood events within a year
and complements the Annual Maximum Series by capturing event-scale flood occurrence
and magnitude.

3.4.3. Flood Recession Time (FRT)

Flood recession time was estimated to quantify the post-peak drainage behavior of the
catchments following identified flood events [31]. For each detected flood peak occurring at
time tp with peak discharge Qp, a recession target threshold was defined as a fixed fraction
of the peak flow. In this study, the recession target was set to 30% of the peak discharge
and expressed as:

Qtarget = f Qp, f ( f = 0.30) (9)

The recession time is ∆t was then computed as the time required for discharge to
decline from the peak to or below this threshold.

∆t = min
{

t ≥ tp : Qt ≤ Qtarget
}
− tp (10)

where Qt represents daily discharge at time t. The recession time ∆t, expressed in days,
provides an estimate of catchment scale drainage persistence and event tail behaviour,
with longer durations indicating stronger storage influence and sustained post-peak
flow conditions.

3.5. Rainfall Runoff Dependence Analysis

Rainfall runoff dependence was evaluated using complementary statistical and
hydrograph-based metrics. Annual maximum rainfall (Pmax) was regressed against
annual maximum discharge (Qmax) to assess hydrologic-meteorologic coupling at the
interannual scale.

Regression diagnostics were systematically performed to evaluate the reliability of the
fitted rainfall–runoff relationships. Residuals from the linear model of Qmax against Pmax

were examined for four standard assumptions: (i) normality using the Shapiro–Wilk test,
(ii) homoscedasticity (constant variance) using the Breusch–Pagan test, (iii) independence
(absence of serial autocorrelation) using the Durbin–Watson test, and (iv) influential obser-
vations using Cook’s distance, where values > 1 were considered potentially influential.
Uncertainty in the estimated regression coefficients was quantified using 95% confidence
intervals (CI) for the slope and intercept. These diagnostics allow assessment of whether
ordinary least squares (OLS) assumptions are met and whether alternative estimators
(e.g., robust regression) might be required.

To further quantify joint behavior of hydroclimatic extremes, marginal distributions
were transformed into pseudo-uniform variables, and a Gaussian copula was fitted to
estimate the joint exceedance probability of high rainfall and high discharge events. The
Gaussian copula was selected as the primary dependence model for three reasons. First,
preliminary exploratory analysis using scatter plots of probability integral transformed
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variables revealed approximately symmetric dependence between rainfall and discharge
extremes in both basins, with no evidence of asymmetric tail dependence that would favor
Archimedean copulas (Clayton for lower-tail, Gumbel for upper-tail) [32]. Second, the
Gaussian copula provides stable parameter estimation under the moderate sample size
(n = 41 years) and has been widely applied in hydrological dependence studies under data
constraints [33]. Third, the Gaussian copula allows straightforward calculation of joint
exceedance probabilities and is computationally efficient for bootstrap-based uncertainty
assessment. To verify this choice, the fitted Gaussian copula was compared against alterna-
tive Archimedean copulas (Clayton, Frank, Gumbel) using AIC and likelihood ratio tests,
with results reported in Section 4.5.3.

In addition, hydrological response dynamics were characterized using the Richards–
Baker Index (RBI) to quantify short-term discharge variability and flow flashiness within
the catchments [34]. Rainfall–runoff lag response was evaluated using the cross-correlation
function (CCF) between daily precipitation and discharge series to determine the temporal
relationship between rainfall input and streamflow response. The lag corresponding to the
maximum correlation coefficient was identified as the characteristic hydrological response
time of each catchment, while negative lag values indicate that precipitation events precede
corresponding discharge responses [35].

4. Results
4.1. Hydroclimatic Characteristics

The hydroclimatic characteristics of the RU and MW basins were analyzed to describe
the long-term seasonal patterns of precipitation and streamflow over the period 1985 to
2025 (Figure 2). The daily climatology reveals clear seasonal variability in both basins,
although with notable differences in magnitude and flow behavior.

Figure 2. Daily climatology of precipitation and streamflow for the RU and MW over the period
1985–2025.

In the RU basin, precipitation increases from approximately 4–6 mm/day during
the early months of the year to a peak of about 8–10 mm/day during March and April,
followed by a gradual decline toward the dry season. Streamflow exhibits a similar seasonal
pattern but at substantially larger magnitudes, rising from approximately 600–800 m3/s
to peak values of around 2300–2500 m3/s before declining during the dry period. In
contrast, the MW basin records lower rainfall peaks of approximately 6–7 mm/day, with
streamflow increasing from around 35–40 m3/s during the wet season and decreasing to
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approximately 5–10 m3/s during drier months. Overall, RU consistently exhibits higher
discharge magnitudes than MW throughout the annual cycle.

These hydroclimatic patterns provide a baseline description of rainfall and discharge
variability in the two catchments, which forms the basis for subsequent analysis of flood
magnitude, flow regime characteristics, and rainfall-runoff dependence.

4.2. Extreme Flood Magnitude and Frequency
4.2.1. Peak Discharge Variability and Catchment Contrasts

The Annual Maximum Series (AMS) (Figure 3; Appendix A Table A1) reveals substan-
tial interannual variability in peak discharge for both basins. In RU, annual maximum flows
range from approximately 1580 m3/s (2006) to 7712 m3/s (2020), with several exceptional
years such as 1998 (6654 m3/s) and 2024 (6510 m3/s) exceeding 6500 m3/s. Recurrent
moderate-to-high floods between 3000 and 4500 m3/s indicate sustained flood-generating
capacity and episodic amplification of hydro-climatic forcing over the 1985–2025 period.
In contrast, MW exhibits much lower annual maxima, varying from 21 m3/s (2005) to
247 m3/s (1998), with only a few years exceeding 200 m3/s. Although MW also displays
temporal variability, its flood magnitudes remain more than thirty times smaller than RU,
reflecting differences in spatial scale, drainage area, and storage capacity. These results
demonstrate that RU is characterized by high-magnitude, highly variable flood extremes,
whereas MW shows constrained but still variable peak behavior, thereby justifying fur-
ther frequency analysis to quantify differences in extreme growth patterns between the
two catchments.

Figure 3. Annual Maximum Series (AMS) of daily streamflow (Qmax).

4.2.2. Parametric Flood Frequency Analysis (GEV)

GEV return levels (Figure 4) show strong amplification of extreme floods in RU. The
estimated 2-year flood is approximately 2848 m3/s, increasing to 5628 m3/s (10-year) and
11,766 m3/s (100-year). The steep curvature indicates heavy-tailed behavior and substantial
growth of rare events. In MW, the 2-year flood is 79.6 m3/s, increasing to 171.1 m3/s
(10-year) and 370.0 m3/s (100-year). Although flood magnitude increases with return
period, the escalation is smoother and more moderate than RU. These results confirm
that RU experiences disproportionately large, rare floods, whereas MW exhibits more
constrained extreme growth.
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Figure 4. GEV estimated flood return levels (Qt) for RU and MW stations showing the relationship
between discharge (m3/s) and return period (T, years; log scale). At RU, return levels increase from
approximately 2848 m3/s (2-year) to 11,766 m3/s (100-year), while at MW they rise from about
79.6 m3/s (2-year) to 370.0 m3/s (100-year), highlighting the contrast in flood magnitude and extreme
growth behavior between the two basins.

4.2.3. GEV Model Diagnostics and Uncertainty

Goodness-of-fit assessment confirmed the appropriateness of the GEV distribution for
both catchments. The Kolmogorov-Smirnov test yielded p-values of 0.87 for RU and 0.92
for MW, failing to reject the null hypothesis that annual maxima follow a GEV distribution
(p = 0.05). AIC values for RU were 782.3 (GEV), 791.6 (Gumbel), and 795.2 (Frechet),
indicating GEV as the preferred model. Similar results were obtained for MW (GEV
AIC = 456.2, Gumbel = 462.8, Frechet = 468.5). The 95% profile likelihood confidence
intervals for the 100-year flood were (9450–14,820) m3/s for RU and (310–445) m3/s for MW,
reflecting moderate uncertainty associated with rare event estimation. These diagnostics
support the reliability of the GEV-based return level estimates.

4.3. Flow Regime Characteristics

Figure 5 shows the Flow Duration Curves (FDC) for RU and MW, illustrating the
distribution of daily discharge across exceedance probabilities and enabling assessment
of flow persistence and basin regulation. In RU, very high flows (<1% exceedance) reach
7500–8000 m3/s, median flows remain elevated at 3000–4000 m3/s, and low flows (>90%
exceedance) persist between 500–1000 m3/s, indicating strong baseflow support and sub-
stantial storage capacity. In contrast, MW exhibits much lower magnitudes, with peak
flows of 230–250 m3/s, median flows around 100–120 m3/s, and low flows declining to
5–20 m3/s, reflecting limited storage and faster hydrological response. The FDC analysis
thus highlights fundamental differences in flow variability and regulation between the
two basins.
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Figure 5. Flow Duration Curves (FDC) for the Rufiji (RU) and Mirongo (MW) catchments showing
daily discharge (m3/s−1) as a function of exceedance probability (%).

4.4. Event-Scale Flood Dynamics

Event-scale flood dynamics were analyzed to characterize the frequency, magnitude,
and temporal persistence of independent high-flow events:

4.4.1. Peaks over Threshold (PoT)

Independent flood events identified using the 95th percentile threshold show marked
differences between the basins. In RU, many peaks exceed 3000–4000 m3/s, with extremes
above 6000 m3/s during 1998, 2020, and 2024, indicating strong flood amplification and
clustered wet-season events. In MW, peak flows are much lower, generally 80–200 m3/s,
with only a few events near 250 m3/s, reflecting a smaller and more rapidly responding
catchment (Figure 6).

Figure 6. PoT using the 95th percentile (Q95) showing independent flood peaks.
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4.4.2. Flood Recession Time

Post-peak drainage behavior shows clear contrasts between the two basins. Figure 7
indicates that in RU, recession durations frequently exceed 100 days, particularly during
major flood years such as 1998 and 2020, reflecting substantial basin storage and prolonged
flow persistence. In contrast, MW exhibits generally shorter recession periods (often
<60 days), indicating limited storage capacity and more rapid hydrological adjustment
following peak discharge.

Figure 7. Peak discharge (Qpeak), corresponding recession target, and recession duration: (a) RU
and (b) MW stations showing interannual variability in flood magnitude and post-peak flow
recession characteristics.

4.5. Rainfall Runoff Dependence

Rainfall runoff dependence was evaluated to quantify the strength, timing, and struc-
ture of coupling between precipitation extremes and streamflow response. This analysis
provides insight into whether flood generation is primarily driven by direct rainfall inputs
or modulated by basin storage, routing processes, and antecedent hydrological conditions.

4.5.1. Regression Analysis

Linear regression was performed to evaluate the relationship between annual max-
imum precipitation (Pmax) and annual maximum discharge (Qmax). The results indicate
contrasting dependence patterns between the two basins. In RU, the regression slope is
weak and statistically insignificant (p = 0.951), reflecting a near-horizontal trend and sug-
gesting that peak discharge is not directly driven by single-day rainfall extremes but rather
by cumulative precipitation, basin storage, and routing processes. In contrast, MW exhibits
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a clear and statistically significant positive relationship (p < 0.001), where increases in Pmax

correspond to higher Qmax values. The steeper slope observed in MW confirms stronger
rainfall runoff coupling and a more immediate hydrological response to precipitation
extremes, as illustrated in Figure 8 and quantified in Table 1.

Figure 8. Relationship between annual maximum precipitation (mm/day) and annual maximum
discharge (m3/s) for RU and MW, showing contrasting precipitation stream flow responses and
regression trends.

Table 1. Linear regression showing Precipitation streamflow relationship using annual maxima.

Rufiji (RU)

Coefficients Estimate Std. Error t-Value Pr (>|t|)

Intercept 3027.191 487.8199 6.206 2.68 × 10−7

Pmax 0.3292 5.3221 0.062 0.951

Mwanza (MW)

Intercept −12.9645 26.5597 −0.488 0.628194
P(max) 2.4274 0.5649 4.297 0.000112 *

* shows significance at p < 0.0001.

4.5.2. Residual Diagnostics and Model Uncertainty

For the Rufiji (RU) catchment, residual analysis revealed deviations from OLS as-
sumptions. The Shapiro-Wilk test indicated non-normality of residuals (p = 0.023), and
the Breusch-Pagan test showed heteroscedasticity (p = 0.041), meaning that prediction
errors varied with rainfall magnitude. The Durbin-Watson statistic was 1.87 (p > 0.05),
indicating no significant autocorrelation. Cook’s distance values were uniformly below
0.15, suggesting no single year disproportionately influenced the regression. The 95%
confidence interval for the slope (Pmax coefficient) was [−10.43, 11.08], which includes zero,
confirming the statistical insignificance of the relationship. Residual standard error was
1321 m3/s, reflecting substantial unexplained variability consistent with storage-dominated
flood generation.

In contrast, the Mirongo (MW) catchment residuals satisfied all OLS assumptions:
normality (Shapiro-Wilk p = 0.342), homoscedasticity (Breusch-Pagan p = 0.218), and inde-
pendence (Durbin-Watson = 1.94, p = 0.31). The 95% CI for the slope was [1.30, 3.55] (entirely
positive), and the residual standard error was 31.8 m3/s, indicating a tighter, more pre-
dictable rainfall-runoff relationship. No influential points were detected (maximum Cook’s
distance = 0.09). These results confirm that the significant positive slope in MW is robust,
whereas the null relationship in RU is not an artifact of statistical assumption violations.
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4.5.3. Copula Joint Probability

The estimated parameters of the fitted Gaussian copula (Table 2) indicate moderate
positive dependence between annual maximum precipitation and discharge in both catch-
ments, with p = 0.32 for RU and 0.34 for MW. This marginal difference is not hydrologically
meaningful, and both values indicate comparable overall dependence strength. Conse-
quently, the copula results alone do not provide sufficient evidence to assert that one basin
exhibits tighter rainfall-runoff coupling than the other. Rather, the hydrological contrast
between the two basins is more clearly captured by complementary metrics: the regression
slope is statistically significant only for MW (Table 2); MW exhibits a higher flashiness
index (RBI = 0.10 versus 0.04 for RU); and MW has a substantially shorter rainfall-runoff lag
(4 days compared to 15 days for RU). Taken together, these metrics consistently demonstrate
that MW is more rainfall-responsive, whereas RU is more storage-dominated, despite the
near equivalence of their copula dependence parameters.

Table 2. Estimated parameters of the fitted Gaussian copula for RU and MW.

Location Copula Rho Maximized Loglikelihood

RU normal Copula 0.32 447.4
MW normal Copula 0.34 539.1

4.5.4. Copula Goodness-of-Fit Assessment

The adequacy of the fitted Gaussian copula was evaluated using two complementary
approaches. First, the Cramér-von Mises statistic (Sn), based on the empirical copula, was
computed to assess the distance between the fitted Gaussian copula and the observed de-
pendence structure. The p-value was obtained through parametric bootstrap with 1000 repli-
cations. Results indicate satisfactory fit for both catchments: Sn = 0.042 (p = 0.31) for RU and
Sn = 0.038 (p = 0.37) for MW, failing to reject the null hypothesis that the Gaussian copula
adequately represents the dependence structure. Second, the Akaike Information Criterion
(AIC) was used to compare the Gaussian copula against alternative Archimedean copulas
(Clayton, Frank, Gumbel). For RU, AIC values were: Gaussian = −892.8, Clayton = −876.2,
Frank = −884.5, Gumbel = −879.1. For MW, AIC values were: Gaussian = −1076.2, Clay-
ton = −1058.4, Frank = −1069.7, Gumbel = −1063.9. In both basins, the Gaussian copula
yielded the lowest AIC, confirming its suitability for modelling the symmetric, moderate
dependence observed between rainfall and discharge extremes.

4.5.5. Flashiness and Lag Analysis

Flashiness and rainfall runoff response timing were assessed using the Richards-Baker
Index (RBI) and cross-correlation analysis. As shown in Figure 9 and summarized in
Table 3, RU exhibits a low RBI value (0.03944), indicating limited day-to-day discharge
variability. The maximum cross-correlation occurs at a lag of −15 days, reflecting delayed
runoff response and strong basin storage effects. In contrast, MW displays a higher RBI
(0.09501) and a shorter lag of −4 days, indicating greater flashiness and faster hydrological
adjustment to rainfall inputs. These results confirm that RU is storage-dominated with
delayed response, whereas MW is more rainfall-responsive and hydrodynamically reactive.

Table 3. Flood flashiness metrics (RBI, maximum CCF, and lag time) for RU and MW.

Location RBI Flashiness
Index

CCF Max
Correlation

CCF Lag at Max
Corr Days

RU 0.03944 0.2038 −15
MW 0.09501 0.2761 −4
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Figure 9. Cross-correlation function (CCF) between precipitation and streamflow showing lagged
response differences.

5. Discussion
5.1. Extreme Flood Magnitude and Frequency Patterns

The extreme value analysis reveals pronounced spatial variability in flood magnitude
across the RU and MW catchments. RU exhibits substantial amplification of rare flood
events, with return levels increasing sharply toward higher recurrence intervals. This
heavy-tailed behavior reflects the influence of a large drainage area, integrated flow rout-
ing, and basin-scale storage processes that allow cumulative hydrological build-up before
extreme discharge occurs. The magnitude of high-return-period floods in RU indicates
significant long-term exposure for downstream floodplains and deltaic environments. MW
demonstrates a more moderated escalation in discharge across return periods, reflecting
a hydrological regime influenced by limited storage capacity and quicker runoff concen-
tration. The spatial differentiation in extreme growth patterns highlights the importance
of basin-scale controls in regulating flood hazard intensity. These findings confirm that
flood frequency characteristics in Tanzanian river systems are strongly scale-dependent
and require basin-specific modelling rather than generalized regional assumptions.

Similar patterns of amplified extreme flood magnitudes in large tropical river basins
have been reported in other African systems, where basin scale, storage capacity, and
cumulative rainfall inputs strongly influence flood frequency behavior. Studies in the Niger
and Zambezi basins have shown that large drainage areas tend to exhibit heavier-tailed
flood distributions and stronger growth of high return period events due to integrated
watershed storage and delayed runoff routing [36]. These findings are consistent with the
strong extreme amplification observed in the Rufiji basin.

5.2. Integrating Statistical Flood Metrics Within GIS-Based Spatial Analysis Models

Although the core analysis employs statistical and hydrological methods, the outputs
are explicitly designed for integration into geoinformation frameworks. For example, the
estimated GEV return levels for 10-, 50-, and 100-year floods can be incorporated into
GIS-based flood hazard mapping using weighted overlay techniques, where return period
maps are combined with topographic wetness indices, distance to drainage networks,
and land-use layers. Similarly, the recession duration and lag response metrics can be
spatially visualized across sub-basins to identify areas with prolonged flood persistence
versus rapid flash flooding. The flashiness index (RBI) can be calculated at sub-catchment
scales using gridded discharge data and mapped to highlight zones of high hydrological
reactivity. Figure 1 already situates both catchments spatially with major flood-prone
areas. Future applications of this framework would directly embed the statistical results

https://doi.org/10.3390/ijgi15060268

https://doi.org/10.3390/ijgi15060268


ISPRS Int. J. Geo-Inf. 2026, 15, 268 16 of 23

into GIS environments for flood susceptibility mapping, infrastructure risk assessment,
and early-warning system design, bridging the gap between statistical hydrology and
geospatial decision support.

5.3. Attribution of Hydrological Contrasts

The observed differences in flood persistence, flashiness, and rainfall-runoff lag be-
tween RU and MW are jointly controlled by four interacting factors: (i) Basin area and
drainage integration (Table 4). RU’s large drainage area (~177,000 km2) integrates flow
from multiple sub-basins, smoothing short-term rainfall variability and producing sus-
tained, high-magnitude floods with extended recessions (>100 days). MW’s small area
(~1200 km2) lacks this integration, resulting in rapid, localized runoff, higher flashiness
(RBI = 0.10 vs. 0.04), and shorter recessions (<60 days). (ii) Terrain elevation. RU’s elevation
range (>2000 m to <100 m) creates orographic rainfall enhancement in headwaters and
extended flow paths that delay flood peaks (lag ~15 days). MW’s subdued topography
(1100–1400 m) promotes rapid overland flow with minimal routing delays (lag ~4 days).
(ii) Rainfall regime. RU’s unimodal regime (March–April) allows progressive soil wetting
and storage accumulation before peak flows, contributing to amplified rare-event growth.
MW’s bimodal regime (October–December and March–May) produces discrete flood sea-
sons with intermittent dry periods that reset antecedent moisture conditions, favouring
rapid, event-driven responses. (iv) Soil water storage and groundwater. RU’s deep allu-
vial deposits and fractured basement rocks sustain baseflow (low flows 500–1000 m3/s)
and prolong recessions. MW’s shallow sandy-clay soils have limited storage capacity,
generating rapid recession and low flows declining to 5–20 m3/s. (v) Land use and ur-
banization. RU remains predominantly forested and agricultural, preserving infiltration
capacity and delaying runoff. MW’s catchment includes Mwanza city, where impervious
surfaces, drainage modification, and wetland infilling accelerate runoff, increase flashiness,
and shorten lag times. Quantitative land use data were not analysed in this study; this
factor is described qualitatively based on existing knowledge of the catchments.

Table 4. Attribution of hydrological contrasts between RU and MW.

Factor RU
(Storage-Dominated)

MW
(Rainfall-Responsive) Effect on Flood Behavior

Basin area ~177,000 km2 ~1200 km2
RU: integrated routing, prolonged
recession; MW: localized
runoff, flashy

Elevation range >2000 m to <100 m 1100–1400 m
RU: orographic enhancement,
delayed lag (~15 days); MW: rapid
runoff (~4 days)

Rainfall regime Unimodal Bimodal
RU: progressive wetting, extreme
growth; MW: discrete seasons,
event-driven

Soil storage Deep
alluvium/groundwater Shallow sandy-clay

RU: sustained baseflow
(500–1000 m3/s); MW: rapid
recession (5–20 m3/s)

These interacting controls produce two distinct flood hazard archetypes: storage-
dominated (RU) with prolonged exposure but slower onset and rainfall-responsive (MW)
with rapid onset but shorter duration.
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5.4. Spatial-Temporal Hydrological Response Dynamics

The contrasting hydroclimatic patterns observed in Section 3.1 indicate differing hydro-
logical response mechanisms between the two basins. The sustained discharge and slower
decline in RU suggest stronger basin storage and groundwater contributions, whereas the
sharper discharge response in MW reflects a more direct rainfall-runoff relationship typical
of smaller catchments.

Hydrograph-based metrics provide insight into the temporal structure of flood be-
havior. RU exhibits low discharge variability (RBI ≈ 0.04), extended recession durations
exceeding 100 days, and sustained baseflow contributions. These characteristics indicate
strong groundwater buffering and delayed runoff release, resulting in prolonged flood
persistence once peak discharge is reached. The extended temporal exposure associated
with storage-dominated systems increases the duration of inundation and may compound
socio-economic impacts in downstream communities. MW displays higher flashiness (RBI
≈ 0.10), shorter recession periods, and reduced rainfall runoff lag times (~4 days), indicat-
ing rapid hydrological adjustment and more direct precipitation discharge coupling. The
shorter temporal response suggests that flood peaks develop quickly following rainfall
events, intensifying short-duration flood hazards. The observed spatial temporal differ-
entiation between prolonged persistence in RU and rapid hydrological response in MW
demonstrates that flood hazard assessment must integrate both magnitude and timing
components to capture risk comprehensively.

5.5. Rainfall Runoff Dependence and Flood Generation Mechanisms

The rainfall runoff dependence analysis further clarifies the hydrological controls
shaping flood generation. In RU, the statistically insignificant relationship between annual
maximum rainfall and discharge suggests that flood peaks are influenced by cumulative
rainfall inputs, antecedent soil moisture conditions, and basin storage regulation rather
than isolated rainfall intensity. This indicates a spatially integrated hydrological system
where internal routing and storage dominate peak formation processes. MW demonstrates
a statistically significant positive association between rainfall and discharge, indicating
stronger meteorological forcing and limited buffering capacity. Although the copula “p”
values were nearly identical between the two basins (0.32 vs. 0.34), the combined evidence
from regression significance, flashiness, and lag analysis consistently indicates stronger
rainfall-runoff coupling in MW. This highlights that dependence measures alone may not
fully capture hydrological response differences, and multi-metric frameworks are therefore
essential. These findings illustrate that flood-generating mechanisms in Tanzania are spa-
tially heterogeneous and governed by differing storage response interactions. Incorporating
dependence modelling enhances understanding of joint extreme behavior, particularly in
data-scarce environments where observational limitations constrain traditional analysis.

Importantly, the residual diagnostics from regression analysis reinforce the hydrologi-
cal interpretation. In RU, heteroscedastic residuals (increasing scatter with higher rainfall)
and non-normality indicate that extreme floods are not well predicted by same-day rainfall
maxima consistent with a system where antecedent moisture, cumulative rainfall, and
routing dominate. In MW, well-behaved residuals and narrow confidence intervals confirm
that annual peak discharge responds linearly and predictably to rainfall extremes, support-
ing the use of simple regression for rapid flood forecasting in smaller, rainfall-responsive
catchments. These diagnostic outcomes justify the choice of copula-based dependence
modelling in RU and linear methods in MW, and they provide a template for evaluating
regression reliability in other data-scarce basins.
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5.6. Urban Flooding, Spatial Planning Challenges, and Emerging Risk in Tanzanian Cities

The hydrological patterns identified in RU and MW mirror broader spatial flood chal-
lenges affecting Tanzanian cities. Urban centers such as Dar-es-Salaam, Morogoro, Dodoma,
Tanga, and Mbeya increasingly experience recurrent flooding driven by rapid urban expan-
sion, informal settlement growth within flood-prone zones, wetland encroachment, and
insufficient stormwater infrastructure. Expansion of impervious surfaces reduces infiltra-
tion capacity, shortens hydrological lag times, and intensifies peak runoff, particularly in
rainfall-responsive sub-catchments.

Advances in geospatial technologies provide new opportunities for integrating hydro-
logical analysis into urban planning and flood risk management. High-resolution digital
elevation models (DEMs), satellite-derived rainfall datasets, and GIS-based hydrological
modelling can support detailed mapping of drainage networks, flood-prone zones, and
surface runoff pathways. Integrating these geospatial tools with rainfall–runoff analysis en-
ables planners to identify vulnerable urban areas, improve drainage infrastructure design,
and strengthen early-warning systems for rapidly growing cities.

In cities like Dar-es-Salaam, the Msimbazi Basin illustrates how unregulated land
transformation and inadequate drainage design amplify flood exposure. Similar spatial
pressures are evident in Mwanza along the Lake Victoria shoreline and in Morogoro along
low-lying alluvial corridors. Fragmented urban planning, weak enforcement of land-
use regulations, and limited integration of watershed-scale hydrological modelling into
planning frameworks exacerbate flood vulnerability. These spatial planning deficiencies
reduce natural retention capacity and accelerate runoff concentration, increasing both the
magnitude and temporal intensity of flood events.

Addressing these challenges requires integrating geospatial flood frequency analysis,
high-resolution digital elevation modelling, and rainfall runoff response diagnostics into
urban planning systems. Climate-resilient infrastructure design, restoration of natural
retention corridors, and enforcement of development control in floodplains are critical
interventions. Strengthening early-warning systems through satellite-based precipitation
monitoring and basin-scale hydrological modelling can further enhance anticipatory re-
sponse capacity.

5.7. Limitations of the Study

This study has several limitations that warrant consideration when interpreting its
findings. Regarding data sources, the analysis relied on satellite-derived precipitation
(CHIRPS) and reanalysis streamflow (ERA5-Land) rather than ground-based gauge mea-
surements; although these datasets have been validated for hydrological applications in
data-scarce regions, inherent uncertainties in reanalysis products, particularly for extreme
flow magnitudes may affect the precision of flood return level estimates. Regarding land
use, quantitative land use/land cover data were not analysed; the characterization of RU
as predominantly forested/agricultural and MW as urban/peri-urban in Section 5.3 is
therefore qualitative, based on existing knowledge of the catchments rather than system-
atic geospatial analysis. Regarding statistical modelling, the GEV-based return levels for
100-year floods have moderately wide confidence intervals (9450–14,820 m3/s for RU and
310–445 m3/s for MW), reflecting the inherent uncertainty in estimating rare events from
a 41-year record, while the Gaussian copula assumes symmetric dependence between
rainfall and discharge extremes, which may not fully capture tail dependence behaviour
present in more extreme events. Regarding temporal and spatial scope, the analysis period
(1985–2025) may not fully represent longer-term climate cycles or non-stationary trends
under changing climate conditions, and the specific flood return levels and hydrological
response characteristics are basin-specific and should not be generalized to other Tanzanian
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or African catchments without site-specific analysis. Addressing these limitations in future
research through the integration of in-situ observations, quantitative land use time series,
longer observational records, and application to additional basins will further strengthen
the evidence base for flood risk profiling in data-scarce environments.

6. Conclusions and Recommendations
This study developed an integrated geospatial framework combining extreme value

analysis, hydrograph-based flow metrics, and rainfall-runoff dependence modelling to
characterize flood hazards in Tanzanian catchments. The findings reveal pronounced
spatial and temporal heterogeneity in flood behavior driven by basin scale, storage regula-
tion, and rainfall responsiveness. Large storage-dominated systems such as Rufiji exhibit
amplified rare-event growth, extended recession persistence, and delayed hydrological
response, increasing long-duration exposure across downstream floodplains. Rainfall-
responsive systems such as Mwanza display higher flashiness, shorter lag times, and
stronger meteorological control over peak discharge, intensifying short-duration flood
hazards. By integrating magnitude, timing, persistence, and dependence structures, the
study advances spatially explicit flood risk profiling approaches suitable for data-scarce
Sub-Saharan environments and supports evidence-based climate adaptation planning.

To operationalize these findings within geoinformation systems, we recommend
integrating the estimated flood return levels, recession durations, and lag times into GIS-
based multi-criteria decision analysis frameworks for flood hazard zoning and climate-
resilient land-use planning.

Beyond the recommendations above, three specific future research directions emerge
from this study. First, while land use change data were not available for the current analysis,
future work should couple the proposed multi-metric framework with satellite-derived
land use/land cover time series (e.g., Landsat, Sentinel) to quantify how urbanization,
agricultural expansion, or reforestation alters flood persistence, flashiness, and lag times
under continued landscape transformation. Second, integrating hydrodynamic models
(e.g., HEC-RAS, LISFLOOD-FP) with the statistical return levels estimated here would
translate discharge magnitudes into spatially explicit inundation extent and depth maps,
providing actionable inputs for floodplain zoning and infrastructure placement. Third,
the distinct flashiness (RBI) and lag time signatures identified for storage-dominated (RU)
and rainfall-responsive (MW) basins can be used to develop catchment-type-specific early
warning thresholds, moving beyond one-size-fits-all alert systems toward tailored triggers
that reflect each basin’s hydrological response behavior.

The results provide actionable insights aligned with Sustainable Development Goals,
particularly SDG 11 (Sustainable Cities and Communities), SDG 13 (Climate Action),
SDG 6 (Clean Water and Sanitation), and SDG 9 (Industry, Innovation and Infrastructure).
Catchment-specific flood frequency modelling and temporal response diagnostics should be
incorporated into national spatial planning frameworks to strengthen urban resilience and
reduce disaster-related losses. Climate-resilient infrastructure standards must account for
amplified extreme growth in large river systems and accelerated runoff dynamics in rapidly
urbanizing catchments. Strengthening geospatial early-warning systems through satellite
rainfall monitoring and rainfall-runoff dependence modelling will enhance anticipatory
disaster response. Integrating watershed protection, wetland conservation, and regulated
land-use expansion into planning policies is essential to mitigate escalating flood risk
under climate variability and urban transformation in Tanzania and similar Sub-Saharan
African regions.
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The following abbreviations are used in this manuscript:

Abbreviation Full Form
AIC Akaike Information Criterion
AMS Annual Maximum Series
BIC Bayesian Information Criterion
CCF Cross-Correlation Function
CHIRPS Climate Hazards Group InfraRed Precipitation with Stations
CI Confidence Interval
DEM Digital Elevation Model
ERA5-Land ECMWF Reanalysis 5th Generation Land Component
ERP Empirical Return Period
FDC Flow Duration Curve
FRT Flood Recession Time
GEV Generalized Extreme Value
GIS Geographic Information System
KS Kolmogorov-Smirnov
MCE Multi-Criteria Evaluation
MW Mirongo Catchment
OLS Ordinary Least Squares
POT Peaks Over Threshold
RBI Richards-Baker Index
RS Remote Sensing
RU Rufiji Catchment
SDG Sustainable Development Goal
SWAT Soil and Water Assessment Tool

Appendix A

Table A1. Annual maximum discharge (Qmax), associated peak daily rainfall (Pmax), and occurrence
dates for the Rufiji (RU) and Mirongo, Mwanza (MW) basin from 1985 to 2025.

RU MW

Year Qmax Pmax Qmax_Date Year Qmax Pmax Qmax_Date

1985 2869.688 78.70377 8 March 1985 1985 206.1875 61.52681 26 April 1985
1986 2666.531 118.3689 17 March 1986 1986 193.375 41.61361 28 April 1986
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Table A1. Cont.

RU MW

Year Qmax Pmax Qmax_Date Year Qmax Pmax Qmax_Date

1987 3639.156 55.39673 25 February 1987 1987 152.4062 55.11435 11 January 1987
1988 2005.75 38.32395 18 February 1988 1988 99.39844 36.13186 12 November 1988
1989 4432.875 50.47857 16 April 1989 1989 190.9062 41.30475 30 March 1989
1990 4548.188 120.3612 10 April 1990 1990 132.4531 51.82132 16 December 1990
1991 3017.531 147.1353 2 April 1991 1991 116.5938 56.42256 7 April 1991
1992 3131.781 62.99411 12 March 1992 1992 96.90625 39.53267 11 April 1992
1993 2550.094 77.99806 29 March 1993 1993 88.1875 52.79221 14 January 1993
1994 2810.594 96.42252 4 April 1994 1994 107.6719 35.61321 21 December 1994
1995 3545.844 195.3473 20 March 1995 1995 81.4375 46.48203 9 January 1995
1996 2432.75 207.8292 13 April 1996 1996 61.25 25.40601 27 March 1996
1997 3435.148 44.42331 26 December 1997 1997 243.9531 90.00379 28 December 1997
1998 6653.688 38.0608 1 March 1998 1998 247.0156 44.79479 12 January 1998
1999 2079.656 138.2561 13 April 1999 1999 59.11719 31.33257 2 December 1999
2000 1721.906 52.6823 21 March 2000 2000 33.64062 26.05856 7 December 2000
2001 3659.938 43.86377 15 February 2001 2001 41.9375 29.38651 6 November 2001
2002 3885.5 70.6902 9 April 2002 2002 46.96875 53.97269 5 May 2002
2003 1908.75 24.35338 23 February 2003 2003 56.375 52.75275 8 December 2003
2004 2446.594 65.28761 16 April 2004 2004 52.625 35.45382 29 November 2004
2005 2379.297 38.89541 14 February 2005 2005 21.28125 46.96636 2 January 2005
2006 1580.562 62.92885 20 April 2006 2006 160.5391 84.40942 24 November 2006
2007 3049.156 52.65678 12 February 2007 2007 80.78125 32.0549 1 January 2007
2008 2808.125 86.88757 26 February 2008 2008 66.57812 45.12538 9 November 2008
2009 1771.219 53.94301 9 April 2009 2009 54.3125 33.51418 18 December 2009
2010 2047.266 124.2214 18 January 2010 2010 76.96875 49.89791 29 March 2010
2011 2760.594 61.36275 12 April 2011 2011 60.5 39.04163 19 December 2011
2012 2070.094 42.39964 22 March 2012 2012 104.4766 34.81159 3 November 2012
2013 1958.031 44.12069 14 April 2013 2013 113.2812 44.77884 22 March 2013
2014 3105.812 116.0942 25 April 2014 2014 47.1875 28.45757 3 December 2014
2015 1919.312 122.7291 16 March 2015 2015 81.9375 44.7589 22 December 2015
2016 3878.578 68.57497 18 February 2016 2016 66.28906 35.26966 5 October 2016
2017 2063.594 102.9187 24 March 2017 2017 42.64844 34.35178 10 November 2017
2018 3444.938 99.7197 23 April 2018 2018 78.3125 39.68772 27 April 2018
2019 1889.281 55.90149 7 March 2019 2019 188.125 59.66723 26 November 2019
2020 7712.188 93.82275 21 March 2020 2020 110.25 51.82662 8 February 2020
2021 2511.172 75.38173 25 January 2021 2021 44.34375 41.59785 13 May 2021
2022 4248.281 110.5839 3 April 2022 2022 49.125 56.06337 19 November 2022
2023 1862.25 94.70264 12 April 2023 2023 96.77734 55.80202 29 November 2023
2024 6509.891 73.51283 9 March 2024 2024 60.46875 44.04244 2 January 2024
2025 2212.125 60.01399 15 April 2025 2025 40.84375 37.99218 9 April 2025
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