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Abstract

The channel form and processes of erosion and transportation in a river are intimately tied to the fluvial and flood regimes which,
in turn, are controlled by the regional hydro-climatic conditions. The Kaveri River serves as a lifeline for the vast population. It is,
therefore, necessary to understand the fluvial and flood regime characteristics of the river. Daily, monthly mean discharge data
and the annual maximum seties (AMS) data were obtained from the Central Water Commission. The analyses of data indicate that
the monsoon regime plays a role of considerable importance in determining the river regime conditions. Like the parent stream,
the mean annual hydrographs of the tributaries are characterized by one pronounced peak. Although the Kaveri River is
petrennial, more than 60 to 95% of the flows ate recorded in the monsoon months. This is, therefore, the period of geomorphic
effectiveness. The time series plots of AMS data reflect substantial maximum interannual variability. The unit discharge of the
Kaveri Basin is 0.18 m?s-'km-2, which is lower than other Indian rivers. The values of the coefficient of variation of AMS data
range from 0.36 to 1.89, indicating low to high variability. All values of the coefficient of skewness (CS) are positive and vaty
between 0.55 and 3.39. The positive values of Csindicate a few very high-magnitude floods during the gauged period. The
envelop curve of the Kaveri Basin falls much below the wotld envelop curve, revealing that the basin is not capable of producing
vety large magnitude floods for a given catchment area. The study of hydrographs indicates that large flows occur for 7 to 15
days. Thus, the investigation indicates that the fluvial and flood regime charactetistics of the Kaveri River and its tributaries are

controlled by monsoonal rainfall pattern and by the release of water from the reservoirs.
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1. Introduction

The fluvial regime includes the general flow and performance of a river under natural circumstances,
whereas the flood regime clearly highlights on the patterns and effectiveness of floods within a river. Both
the notions are significant for understanding and managing rivers, their natural settings, and their impact
on channel forms and processes. Incidentally, fluvial geomorphology is the study of interactions between
river channel forms and processes at a range of space and time scales (Charlton 2008). The channel form
and the processes of erosion and transportation in a river are closely associated with the fluvial and flood
regimes, i.c. to the flow which they convey (Leopold et al. 1964; Schumm 1977). Flood geomorphology is
concerned with the processes, forms, effects, and causes of floods (Baker et al. 1988). In certain hydro-
geomorphic environments, such as the seasonal tropics, floods play a leading role in shaping the river
channel and the landscape (Wohl 1992; Gupta 1995). Flood hydrology is essentially concerned with the
quantification of hydrological processes and divination of floods. Flood hydrology, over the last one

hundred years, has passed across an eatly observation phase, subsequently a stage of quantification of
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hydrological processes, and then the current phase of development and appliance of methodologies for
predicting floods (Chow 1964; Baker 1994). In current years, the bulk of research has dealt with the
prediction of floods of different magnitude by adopting a variety of approaches. Usually, three main
tflood-prediction techniques, specifically deterministic, probabilistic and empirical techniques, have been
employed in flood hydrology (Ward 1978). The phenomenon of flooding is a natural event which can be
regarded as a natural feedback mechanism in order to continue the natural life cycle (Seth 1998). The
building of a dam transversely on a river transforms the normal river reach into a stationary water body
(Gopal 2016). This alters the hydrological regime of the river in terms of magnitude, frequency, extent,
timing and the rate of changes in the flow characteristics. Such modifications in fluvial and flood regimes
affect the ecological processes that control the functioning of fluvial ecosystem (Renofalt et al. 2010;
Brauman et al. 2007). The objective of this paper is to understand the fluvial and flood regime
characteristics of the Kaveri River of southern India and to apprehend the role of the construction of
dams across the river and its tributaries on its regime characteristics. Around 96 dams have been

constructed in the Kaveri Basin during the last 1000 years (Ekka et al. 2022).

2. Geomorphological and hydrological settings

The Kaveri (also spelled Cauvery) River is a sacred river in southern India and the oldest river in India. It
drains a catchment area of 81,155 km? (Fig. 1). It tises in the Western Ghat at an elevation of 1341 m at
Talakaveri in the Karnataka State. The river has the fifth largest drainage area in peninsular India,
exceeded only by the Godavari, the Krishna, the Mahanadi, the Narmada Rivers. It flows for 800 km,
from NW to SE, through the states of Karnataka, Tamil Nadu, Kerala, and Puducherry, and drains in to
the Bay of Bengal. The basin is predominantly underlain by Archean-Proterozoic crystalline rocks, such as
gneisses, charnockites and granites (Sharma, Rajamani 2001; Valdiya 2001). Quaternary sediments are
predominant on the Tamil Nadu plains in the eastern part of the basin. Several N-S and E-W striking
lineaments, faults, and shear zones charactetize the catchment and the adjoining basins (Vaidyanadhan

1971; Valdiya 2001; Ramaswamy 2006). The basin is elongated in shape.

Two major topographic domains are recognized in the Kaveri Basin: (1) the elevated, low-relief Mysore
Plateau with broad valleys and low-gradient streams in the west and (2) the fluvial-deltaic plains (known as
the Tamil Nadu plains) to the east (Kale et al. 2014). Several residual hills and inselbergs characterize the
Tamil Nadu plains. Between these two domains, there is a series of block mountains, including the Nilgiri,
the Biligirirangan (BR), and the Mahadeswaramalai (MM) Hill Ranges and the Sheveroy Hill of Eastern
Ghat. It is interested to note that none of the major tributaries joins the left bank in the Tamil Nadu

plains.

The climate over the basin is monsoonal. The average annual rainfall of the basin is ~1172 mm (Pagare et
al. 2025) (which from >2500 mm in the Western Ghat; headwaters) to ~700 mm in the lower reaches
(Kale et al. 2014). Due to the orographic effect, the areas of high rainfall totals are confined to the
Western Ghat zone as well as over the BR-MM hill ranges. Over three-fourth of the annual rainfall and



runoff occurs during the southwest monsoon season and about 85% of the annual sediments load is
carried during the wet season (Vaithiyanathan et al. 1992). The average annual runoff of the basin is about
21.4 km3 (CWC 2020), which is significantly lower than those of the other large rivers of the Indian
peninsula, such as the Godavari (111 km?3), the Krishna (78 km?), the Mahanadi (67 km3) and the Narmada

(46 km?), implying very low unit discharges and rates of denudation.
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Fig. 1. Physiography of the Kaveri Basin and location of sites; 1 — Napoklu; 2 — Kudige; 3 — Chunchunkatte; 4 —
Krishna Raja Sagara (KRS) Dam; 5 — Kollegal; 6 — Biligundulu; 7 — Mettur Dam; 8 — Urachikottai; 9 — Bhavani
Bridge; 10 — Kodumudi; 11 — Kattalai Barriage; 12 — Musiri; 13 — Upper Anicut; 14 — Tiruchilapalli; 15 — Grand
Anicut; 16 — Sakleshpur; 17 — M.H. Halli; 18 — Akkihebbal; 19 — K.M. Vadi; 20 — Muthankera; 21 — T. Narasipur;
22 — Bendrahalli; 23 — Kudlur; 24 — Sevanur; 25 — Thengumarahada; 26 — Nellithurai; 27 — Bhavanisagar Dam;

28 — Savandapur; 29 — Gandhavayal; 30 — Alandurai; 31 — E-Mangalam; 32 — Nallamaranpatty; 33 — Thimmanahalli;
34 — T.K. Halli; 35 — T. Bekuppe; 36 — Hogenakkal; 37 — Thoppur; 38 — Thevur.

3. Data and methodology

The channel forms and processes of erosion and transportation in a river are closely associated with the
fluvial and flood regimes. Therefore, the daily, monthly and annual maximum series (AMS) data of the
Kaveri River and its major tributaries are collected from the Central Water Commission (CWC 2020).

The discharge regime, best conveyed by a mean annual hydrograph, is usually based on long-term records



(20-30 years) of mean monthly discharge data (Shaw 1988). In the presence of such long gauge records for
the selected sites on the Kaveri River, mean annual hydrographs are drawn on the basis of mean monthly
discharge data for 40 to 48 years. Further, to enhance understanding about the daily variations in discharge
on the Kaveri River, the daily discharge data for one water year (June 2018 to May 2019) are graphically
portrayed. Although the 2018-2019 water year happens to be a wet monsoon year, the choice of the water
year was merely based on the availability of daily discharge data for a number of sites in the Kaveri Basin.
A flood, in a general sense, is defined as a tise in the water level/stage or discharge that results in the
overtopping of natural or artificial banks of a stream (Rostvedt et al. 1968, cf. Ward 1978). In hydrology,

a flood may be any relatively high water level or discharge above a pre-determined flood level or discharge
magnitude (Ward 1978). The measured instantaneous peak flood discharges constitute one of the most
important datasets for hydrologists, engineers, environmental planners and geomorphologists.
Hydrologists define the highest peak discharge recorded in each year for a series of years at a gauging site
as annual peak discharge series or annual maximum series (AMS) (Ward 1978). The AMS data of six sites
on the Kaveri River and eight sites on its tributaries have been used to understand flood regime
characteristics. First, the AMS data are presented in the form of time series plots to interpret in the
interannual variations in the annual peak flood magnitudes. Moreover, in order to further highlight the
extent of variability in peak discharges from one year to other, deviations from mean annual peaks have
been shown graphically. Second, to reduce and summarize the characteristics of floods, simple statistical
analyses of AMS data are carried out. Commonly-used statistical parameters such as average, variability,
skewness (Cs), coefficient of vatriation (CV), Cs/ Cv ratio, etc. are calculated to understand flood regime
conditions of the river. In addition to this, the flash flood magnitude index (FFM]) and unit discharges
are derived to evaluate the variability and the potential of large floods on the Kaveri River and its
tributaries. Furthermore, unit discharges are calculated and used to construct an envelope curve for the
Kaveri Basin. Flood hydrographs are constructed to understand the characteristics of the floods of the
river and its tributaries. The maps used for the present study are based on the analysis of ca. 30-m

resolution SRTM-DEM data processed in ArcGIS Desktop: Release 10.8.

4. Results and discussion

4.1. Fluvial regime characteristics

The Kaveri River has the unique locational advantage in the sense that its upper catchment area receives
rainfall during summer from the southwest monsoon, and the lower catchment area during the winter
season from the retreating northeast monsoon. Like other monsoon-dominated rivers, the Kaveri River
also shows changes in discharge characteristics from year to year as well as from season to season.
Nevertheless, the interannual and inter-seasonal variations in discharge shows a distinct average annual
pattern of vatriations which is best displayed by the mean annual hydrographs. The mean annual
hydrographs provide a good idea about the periods of high and low flows as well as the range of
streamflows in a river during a year (Shaw 1988). Such graphs have been constructed for a few stations to

understand the main features of the fluvial regime of the Kaveri River and its tributaries.



4.1.1. Mean annual flow pattern

The mean annual flow pattern of six sites on the Kaveri River and three sites on its major tributaries are
based on 40 to 48 years of data and given in Figure 2 and Table 1. A cursory examination of the mean
annual hydrographs indicates that the annual flow pattern reflects the seasonal rhythm of the monsoon
rainfall plus water released from reservoirs during the non-monsoon season. There is flow in the monsoon
months (June to November) and it dwindles in non-monsoon months (December to May). The highest
flows occur at all the sites in between July and September except at Savandapur and Nellithurai site on the
Bhavani River. By this time, maximum annual rainfall is received by the basin and the soils are fully
saturated. Hence, even unexceptional heavy rains produce high runoff. The lower mean flows at
Savandapur is attributed to the Lower Bhavani Reservoir and, at Nellithurai, is ascribed to several small
dams on the Bhavani River upstream of this site. The peak mean flows are observed at the Kollegal and
Biligundulu sites in the month of August. Both the sites are located downstream of the second largest dam
on the Kaveri River, i.e. Krishna Raja Sagar (IKRS) Dam. Therefore, the mean annual flow at these two
sites is controlled by this dam. However, the flow regime of the Kodumudi, Musiri and Urachikottai sites
is regulated by Mettur Dam which is the largest dam on the Kaveri River. The mean peak flows at these
sites are observed in the month of August. This pattern is expected because water is stored in the Mettur

Dam in the month of July.
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Fig. 2. Flow regime of the Kaveri River and its major tributaries; See Figure 1 for location of sites.

The nature of mean annual hydrographs for all the sites on the Kaveri River suggests that the contribution

of groundwater to the streams during the dry season is generally negligible. This means that most of the



geomorphic work of erosion and transportation is confined during the monsoon months of the year and

the maximum geomorphic work is accomplished in the months of July and August.

Table 1. Flow characteristics of the Kaveri River and its major tributaries with gauging sites. (Averages of the

monthly mean discharges m3s! (1971-2019; 40 to 48 years of record)).
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AT. (J-M) 2737 3024 2450 2679 2339 1021 244 933 442 249 430
M.T. (J-N) 2143 2221 1855 2229 1979 962 147 882 362 203 319
N.M.T.(D-M) 594 803 595 450 360 59 97 51 80 46 111
M.AF. m3/s (J-M) 228 252 204 223 195 85 20 78 37 21 36
M.M.F. m3/s (J-N) 357 370 309 372 330 160 25 147 60 34 53
% of M.F. (J-N) 78 73 76 83 85 94 60 95 82 82 74
% of N.M.F. (D-M) 22 27 24 17 15 6 40 5 18 18 26

J-D — January to December; A.T. (J-M) — Annual Total (June-May); M. T. (J-N) — Monsoon Total (June-November);
N.M.T. (D-M) — Non-Monsoon Total (December-May); M.A.F. (J-M) — Mean Annual Flow (June-May); M.M.F.
(J-N) — Mean Monsoon Flow (June-November) N.M.F. — Non-Monsoon Flow; M.F. (J-N) — Monsoon Flow
(June-November); N.M.F. (D-M) — Non-Monsoon Flow (December-May); Data source: CWC; See Figure 1

for location of sites.

Mean annual hydrographs give an average picture; however, the diurnal variations in discharge are
insufficiently expressed by such graphs. Therefore, to get an idea about the nature of changes in the daily
discharges during the wet season, the diurnal discharge for one water year (June 2018 to May 2019) has
been plotted in Figure 3 and 4. The figures cleatly indicate that the wet period (June to November) is
characterized by multiple, short and sharp flood peaks. For some sites on the Kaveri River, the discharge
may vary by as much as 2500 to 7500 m3s! in a single day; for instance, at the Musisi site. As expected, it

is interesting to note that all peak flows match from the upstream to downstream gauging sites.
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Fig. 3. Annual hydrographs of the Kaveri River; See Figure 1 for location of sites.
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The average flow characteristics of six sites on the Kaveri River and eight sites on the tributaries are given
in Table 1. The analysis show that the monsoon flows range between 60% and 95%. On the other hand,
non-monsoon flows vary between 5 and 40%. The table also indicates that the Kaveri River, as well as its
largest tributary, the Kabini, experiences high discharge in the months of July to October. The percentage
of non-monsoon flows are invariably less than 25% in the case of all the sites on the Kaveri River and its
tributaries, except the Bhavani River at Savandapur (Non-monsoon flow is 40%0). This is attributed to the
release of water from the Lower Bhavani Reservoir during the non-monsoon season. The average flow
characteristics clearly reveal that the geomorphic work of erosion and transportation is confined during
the monsoon months of the year, i.e. from June to November. However, the maximum geomorphic work
is accomplished in the months of July and August. The mean annual flow pattern of the Tapi and Mahi
Rivers of central India specify that the rivers experience over 90% of the annual flows during

the monsoon season (June to October), and during the dry season (November to May) the flow

magnitude is very low (Hire 2000; Pawar 2019). It shows a slightly dissimilar pattern of monsoon rainfall.

4.2. Flood regime characteristics

It is evident from the above discussion that the monsoon regime plays a role of considerable importance
in determining the fluvial regime conditions of the river under study. However, the usefulness of discharge
regime characteristics is limited for geomorphological purposes because it is based on monthly means.
Most of the geomorphic work in seasonal tropics is accomplished by individual flood events, which are
not sufficiently signified by monthly means. Research on some large Indian rivers demonstrate that the
channel morphology and fluvial processes ate related to very large but relatively infrequent flood events
(Goswami 1985; Kale et al. 1994; Gupta 1995; Gupta et al. 1999; Hire 2000; Pawar 2019; Patil 2017; Patil
et al. 2024a, 2024b). Therefore, an attempt has been made to understand the magnitude, variability and
frequency characteristics of individual floods on the Kaveri River and its tributaries on the basis of

available annual peak discharge data.

4.2.1. Interannual variability in annual peak discharges

The temporal patterns of variation in the annual peak discharges at six sites on the Kaveri River and eight
sites on its tributaries are illustrated in Figures 5 and 6. All graphs reveal a high interannual variability in
the annual peak discharges. The figures also show the occurrence of a very few large events during the

gauge period.

4.2.2 Average magnitude and variability of floods

The available gauged data indicate that the mean discharges range between 299 and 2621 m3s! on

a tributary of the Kaveri River, namely Lakshmanathirtha at the K.M. Vadi, and at the Kollegal site on
the mainstream, respectively (Tab. 2). According to Kochel (1988) floods that are likely to cause
significant geomorphic change are those that produce discharges many times above the mean flows

expetienced by a river. This can be simply established by estimating the @max/ Qm ratio. Table 2



demonstrates that, for most sites, the @max/ Qm ratio varies between 2 and 10. This specifies that

maximum annual peak dischatges (Qmax) ate 2 to 10 times higher than average peaks, since the more

variable the flow is, the more important the higher discharges become (Wolman, Miller 1960). The effect

of such extreme flows on geomorphic activity in channel is unquestionably noteworthy. It is interesting to

note that the Amaravati River at Nallamaranpatty site shows that the maximum annual peak discharge is

about 10 times higher than the mean annual peak discharge. Therefore, this @maxwould have caused

remarkable geomorphic changes in the channel of the Amaravati River.

Besides the @max/ Qm ratio, the coefficient of variation (Cv) is another useful measure of variability in

the annual peak discharges. The CVis the ratio between the standard deviation and the mean. The Cv(s)

for the sites under investigation range between 0.36 and 1.89 (or 36 to 189%) which shows low to very

high variability in the AMS (Tab. 3). As per eatlier discussion, as expected, the Cvof the Amaravat River

at Nallamaranpatty is maximum.
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Fig. 5. Annual maximum series of the Kaveri River; See Figure 1 for location of sites.
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Table 2. Flood flow characteristics of the Kaveri River and its major tributaries.

SN | River Site o | RL | | @) Qm ) ool | Oned
1 Kaveri Kudige 1934 45 279 2435 1223 2156 1.99
2 Kaverti Kollegal 21082 48 360 7609 2621 7249 2.90
3 Kaverti Biligundulu 36682 47 470 6688 2427 6218 2.76
4 Kaveri Urachikottai 44100 40 485 5855 1573 5370 3.72
5 Kaveri Kodumudi 53233 47 314 6808 1598 6494 4.26
6 Kaverti Musiti 66243 46 400 7690 1970 7290 3.90
7 Hemavathy M.H. Halli 3050 39 39 2172 563 2133 3.86
8 Lakshmanathirtha | K.M. Vadi 1330 39 39.93 681 229 641 297
9 Kabini T. Narasipur 7000 48 194 2757 1166 2563 2.36
10 Kabini Muthankera 1260 46 409 2150 915 1741 2.35
11 Shimsha T.K. Halli 7890 40 51.24 980 372 928 2.63
12 Bhavani Savandapur 5776 41 25.96 1845 299 1819 6.17
13 Bhavani/Moyar Thengumarahada 1370 40 29.65 653 148 623 441
14 Bhavani Nellithurai 1475 39 103 1478 590 1375 2.51
15 Noyyal E-Mangalam 3386 20 0 175 60 175 2.92
16 Amaravati Nallamaranpatty 9080 41 21 5571 569 5550 9.79

@min — Minimum annual peak discharge; @max — Maximum annual peak discharge; @m — Mean annual peak

discharge; 4 — Catchment area; RL — Record Length; Data soutrce: CWC; See Figutre 1 for location of sites.

Table 3. Discharge characteristics of the Kaveri River and its major tributaries.

SN | River Site RL [?n e [H%’S’?l] [m§5'1] v cs | cs/ev
1 Kaveri Kudige 45 2435 1223 436 0.36 0.55 1.54
2 Kaveri Kollegal 48 7609 2621 1717 0.66 0.93 1.42
3 Kaveri Biligundulu 47 6688 2427 1416 0.58 1.08 1.85
4 Kaveri Urachikottai 40 5855 1573 1597 1.02 1.53 1.51
5 Kaveri Kodumudi 47 6808 1598 1597 1.00 1.88 1.88
6 Kaveri Musiri 46 7690 1970 1905 0.97 1.57 1.62
7 Hemavathy M.H. Halli 39 2172 563 541 0.96 1.63 1.70
8 Lakshmanathirtha | K.M. Vadi 39 681 229 145 0.63 1.52 2.40
9 Kabini T. Narasipur 48 2757 1166 554 0.48 0.62 1.30
10 | Kabini Muthankera 46 2150 915 404 0.44 1.50 3.40
11 | Shimsha T.K. Halli 40 980 372 253 0.68 1.14 1.68
12 | Bhavani Savandapur 41 1845 299 409 1.37 2.53 1.85
13 | Bhavani/Moyar Thengumarahada | 40 653 148 151 1.02 1.99 1.95
14 | Bhavani Nellithurai 39 1478 590 375 0.64 0.98 1.54
15 | Noyyal E-Mangalam 20 175 60 42 0.70 0.90 1.29
16 | Amaravati Nallamaranpatty 41 5571 569 1078 1.89 3.39 1.79

@max — Maximum annual peak discharge; (rm — Mean annual peak discharge; — Standard deviation: Cv—

Coefficient of variation: s — Coefficient of skewness; KL — Record length. See Figure 1 for location of sites; data

source: CWC.
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In order to further highlight the extent of variability in peak discharges from one year to other, deviations
from mean annual peaks have been shown graphically for a few sites (Fig. 7 and 8). The plots confirm the
highly variable nature of flows in the Kaveri Basin. Nevertheless, an interesting fact reflected by the
graphs is the positive departures from the mean. The positive departures are much higher than the
negative. It is an imperative characteristic of AMS. Further, mean is strongly affected by a few large

magnitude floods.

In addition to this, numerous workers have used the Beatd’s flash flood magnitude index (FFMI) to
assess the variability of floods measured as an index of flood flashiness (Baker 1977). The FFM/values are

computed from the standard deviation of logarithms of AMS as given below:

2
FMM = |25 )
N—1
whete, X = Xm - Qm, Xm — annual maximum event, (rm— mean annual peak discharge, N— number of

years of record (X, Xm, and Qm expressed as logarithms to the base of 10).

FFM] values approaching 1.0 indicate a high propensity for flash floods accompanied by geomorphic
changes within the basin (Kochel 1988). Nevertheless, the FFM/ values observed in the Kaveri River
Basin remain moderate. The values range from 0.16 to 0.61 (Tab. 4), with a basin-wide mean of 0.32,
which is slightly above the global mean of 0.28 (McMahon et al. 1992; Erskine, Livingstone 1999). The
highest value is observed on the Amaravati River at the Nallamaranpatty site which is 0.61. It is attributed
to the very high positive departures from the mean annual peak discharge (Fig. 8h). Notably, none of the
sites on the mainstream Kaveri River exceed a value of 0.36, suggesting the absence of flash flood events

during the period of systematic data collection.

4.2.3. Skewness

The skewness is propetly designated as the coefficient of skewness (€s), which is the utmost widely used
measure of moments in geomorphological and hydrological studies of floods. A recognisable fact is that
the AMS data are not normally distributed. Thus, it is inevitable to calculate the Cs of the AMS data. The
values of (s for all the discharge gauging sites on the Kaveri River and its major tributaries are positive,
extending from 0.55 to 3.39 (Tab. 3). The Cs figures achieved for other large Indian rivers (Sakthivadivel,
Raghupathy 1978) are analogous with the Cs values derived for the Kaveri River and its tributaries. The
positive Cs values recommend the existence of one or two (or a few) large magnitude floods during the
period of systematic observations. However, the value of Cs is dubious when it is derived from less than
50 years of observations (Viessman et al. 1989). In addition to this, the ratio of skewness and coefficient
of variation (Cs/CV) has also been used by some hydrologists to substantiate the gradation of skewness
(Shaligram, Lele 1978). The values of this ratio for various gauging sites in the Kaveri Basin fluctuate

between 1.29 and 3.40. The highest value of the quotient has been observed for the Kabini River at the
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Muthankera site. The values of this quotient for some of the sites on the Tapi River in central India range
from 0.93 to 2.84 (Patil et al. 2024b). The Cs/Cv quotients are more than 2.0 for most large Indian rivers
(Shaligram, Lele 1978). However, for most of the sites on the Kaveri River and its tributaries, this ratio is
less than two except two sites, namely Muthankera on the Kabini River and K.M. Vadi on the

Lakshmanathirtha River. The derivation of this quotient, subsequently, verifies that the distribution of

AMS for the Kaveri Basin is not very skewed.
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Fig. 7. Departure from mean annual peak discharge on the Kaveri River; See Figure 1 for location of sites.
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of sites.

15




Table 4. Flash flood magnitude indices of the Kaveri River and its tributaries.

SN | River Site E:ﬁ;ﬁ FFMI
1 | Kaveri Kudige 45 0.16
2 | Kaveri Kollegal 48 0.31
3 | Kaves Biligundulu 47 0.25
4 | Kaver Urachikottai 40 0.34
5 | Kaves Kodumudi 47 0.32
6 | Kaver Musiri 46 0.36
7 | Hemavathy M.H. Halli 39 0.42
8 | Lakshmanathirtha K.M. Vadi 39 0.26
9 | Kabini T. Narasipur 48 0.25
10 | Kabini Muthankera 46 0.16
11 | Shimsha T.K. Halli 40 0.31
12 | Bhavani Savandapur 41 0.44
13 | Bhavani Thengumarahada 40 0.36
14 | Bhavani Nellithurai 39 0.28
15 | Noyyal E-Mangalam 20 0.30
16 | Amaravati Nallamaranpatty 41 0.61

Mean 0.32

FFMI — Flash flood magnitude index; See Figute 1 for location of sites.

4.2.4. Unit discharge

Unit dischatge is an additional significant measure that indicates the likelihood of high magnitude floods on a
river (Gupta 1988). The quotient of unit discharge is detived by dividing the maximum annual peak
discharge (@max) with the upstream catchment area (A4). It provides the water yield (or discharge) per unit
basin (drainage) area and is expressed in terms of m?s'km-2 The unit dischatges computed for the sites in
the Kaveri Basin vary between 0.02 and 1.71 m?s-'km-2 (Tab. 5). The supreme unit discharge is witnessed on
the Kabini River at Muthankera site for the 2018 large magnitude flood. An examination of the unit
discharges of the Kaveri and Tapi Basins as a whole are 0.18 and 0.65 m?s'km? respectively (Hire 2000; Patil
et al. 2024b). It is interesting to note that the unit discharge of the entire Kaveri Basin (0.18 m?s-'km-?) is very

low when compared with other Indian rivers with comparable drainage basin areas.

4.2.5. Discharge-area envelope curve

The highest ever produced flood in a drainage area is commonly presumed to be a magnitude of the
prospective flow for geomorphic effectiveness (Costa, O'Connor 1995). Exceptionally high magnitude
floods indexed by drainage area or return period are supposed to produce enormous powers — sufficient
to cause long-lasting alterations in the river channel and morphology of valley. However, under specified
hydro-climatic circumstances there is a higher physical boundary to the large magnitude floods that can be
produced (Enzel et al. 1993) and, therefore, the supreme conceivable power that can be created.
Consequently, to evaluate the prospect of a basin or region producing an extreme probable uttermost

flood, regional envelope curves covering the supreme discharges produced in a region have frequently
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been applied to demarcate the expected upper limits to large magnitude floods (Enzel et al. 1993). This
graphical and empirical method is established on two assumptions: (1) that there are physical upper bound
limits to amount of precipitation to a basin (Enzel et al. 1993) and: (2) the highest flood per unit drainage

area in one basin is expected to be generated in neighbouring basins having analogous hydro-geomorphic

circumstances (Mutreja 1995).

Table 5. Unit discharges of the Kaveri River and its major tributaries.

SN | River Site [ﬁ:jj} [gl’g’s"f]‘ U;E}Z‘:flﬁz_‘f]ge
1 Kaveri Napoklu 335 6 0.02
2 Kaveri Kudige 1934 2435 1.26
3 Kaveri Kollegal 21082 7609 0.36
4 Kaveri Biligundulu 36682 6688 0.18
5 Kaveri Urachikottai 44100 5855 0.13
6 Kaveri Kodumudi 53233 6808 0.13
7 Kaveri Musiri 66243 7690 0.12
8 Kaveri Chunchunkatte 2995 2920 0.97
9 Kaveri Bhavani Bridge 49876 5862 0.12
10 Kaveri KRS Dam 10,619 5918 0.56
11 Kaveri Upper anicut 67301 13097 0.19
12 Kaveri Grand anicut 67769 13451 0.20
13 Kaveri Mettur Dam 42217 12912 0.31
14 Kaveri Kattalai Barrage 66243 7690 0.12
15 Kaveri Tiruchilapalli 67769 13000 0.19
16 Hemavathy M.H. Halli 3050 2172 0.71
17 Hemavathy Akkihebbal 5236 2185 0.42
18 Hemavathy Sakleshpur 617 760 1.23
19 Yagachi Thimmanahalli 1010 393 0.39
20 Kabini T. Narasipur 7000 2757 0.39
21 Kabini Muthankera 1260 2150 1.71
22 Shimsha T.K. Halli 7890 980 0.12
23 Arkavathi T. Bekuppe 3500 424 0.12
24 Lakshmanathirtha K.M. Vadi 1330 681 0.51
25 Bhavani Savandapur 5776 1845 0.32
26 Bhavani/Moyar Thengumarahada 1370 653 0.48
27 Bhavani Nellithurai 1475 1476 1.00
28 Bhavani Bhavanisagar Dam 4199 2939 0.70
29 Noyyal E- Mangalam 3386 175 0.05
30 Amaravati Nallamaranpatty 9080 5571 0.01
31 Noyyal Alandurai 156 1.56 0.01
32 Gandhayar Gandhavayal 91 49 0.54
33 Sarabenga Thevur 1248 168 0.13
34 Chittar Sevanur 258 59 0.23
35 Thoppaiyar Thoppur 362 61 0.17
36 Palar Kudlur 709 77 0.11
37 Chinnar Hogenakkal 1636 251 0.15
38 Suvarnavathi Bendrahalli 1900 510 0.27
Kaveri Basin - 81155 14716 0.18

A = Catchment area; Qmax = Maximum annual peak discharge; See Figure 1 for location of sites.
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The discharge-area envelope curve for the Kaveri Basin has been constructed with the support of
maximum annual peak discharge (@max) data and upstream catchment area (4) available for more than
38 discharge gauging sites in the Kaveri Basin (Tab. 5). The curve is represented in Figure 9. In addition to
this, the wotld envelop curve constructed by Baker (1995) is portrayed in the same diagram for
comparison. An assessment with Baket's wotld envelope cutve (Fig. 9) cleatly demonstrates that the peak
discharges on the Kaveri River and its tributaries are comparatively much smaller in magnitude than the
tfloods produced for the similar drainage basin areas in the other parts of the world. However, a cursory
inspection of the envelope curve of southern Indian rivers indicates that the drainages in southern India
(including Kaveri) produced similar flood peak discharges. The analysis, therefore, clearly demonstrates
that under given meteorologic, hydrologic and geomorphic circumstances, an exceptionally high
magnitude of discharges cannot be generated in the Kaveri River and its tributaries. However, further

investigations are necessary to find out the floods of greater magnitude that have occurred in the Kaveri

Basin.
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Fig. 9. Discharge-area envelope curve of the Kaveri Basin.

4.2.6. Flood hydrograph analysis
In order to recognize the short-term deviations in flood discharge it is necessary to investigate the nature
of the increase and decrease of water level or discharge at-a-station throughout the occurrence of floods.

It is accomplished by construction and investigation of flood hydrographs. The flood hydrographs are
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available for upstream locations such as Kudige, Kollegal, middle reaches namely Biligundulu,
Urachikottai, and downstream sites viz. Kodumudi and Musiri on the Kaveri River (Fig. 1). Figure 10 (a-f)
shows the flood hydrographs of one of the large-magnitude flood events, i.e. the 2018 flood documented
at the gauging sites mentioned above on the Kaveri River. The diagrams illustrate that the specific high
magnitude flood events have occurred for a long duration: ranging from 7 to 15 days. This is anticipated
in an elongated basin such as the Kaveri. Further, this suggests that the large magnitude flood events on

the Kaveri River are long-lasting events and consequently reveal geomorphic efficiency.
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Fig. 10. Flood hydrographs of the Kaveri River; See Figure 1 for location of sites.

5. Conclusions

The fluvial and flood regime investigations of the Kaveri River and its tributaries meaningfully indicate
that the monsoon regime and release of water from dams play a role of considerable importance in
determining the river regime conditions of the river under study. The seasonal fluctuations in the
discharge of the river and its tributaries reflect the distribution of monsoon rainfall. The mean annual

hydrographs of the Kaveri River and its tributaries indicate a simple discharge regime with one
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pronounced peak. Over 60% to 95% of the annual flows occur in the monsoon season and, during the
dry season, the flow magnitude dwindles up to 5%. The time series plots of the annual maximum series
data reflect high as well as low interannual variability. Slightly high variability is also indicated by the values
of coefficient of variation (0.36 to 1.89) and the flash flood magnitude index (0.16 to 0.61). In general, the
maximum annual peak discharges are 2 to 10 times higher than the mean annual maximum discharges. All
these indices indicate that the river experiences significant geomorphic work during large floods. The
positive Cs values recommend the existence of one or two (or a few) large magnitude floods during the
period of systematic observations on the Kaveri River and its tributaries. The unit discharge of the entire
Kaveri Basin (0.18 m?s'km?) is much less when matched with other Indian rivers with comparable
drainage basin areas. The analysis of the envelope curve cleatly demonstrates that, under given
meteorologic, hydrologic and geomorphic circumstances, an exceptionally high magnitude discharge
cannot be generated on the Kaveri River and its tributaries. The study of flood hydrographs illustrates that
the specific high magnitude flood events occur for a long duration, ranging from 7 to 15 days. Thus, the
investigation indicates that the fluvial and flood regime characteristics of the Kaveri River and its

tributaries are controlled by monsoonal rainfall pattern and by the release of water from dams.
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Abstract

The fluctuations in the observed rainfall pattern is a great concern for the rainfed-based system in Nigeria. In Southwestern
Nigeria, for example, it has become difficult to predict rainfall activities in most cities and villages in the recent times. This study is
focused on the analysis of rainfall and wind-flow patterns in Southwestern Nigeria. Secondary data on rainfall and wind-flow were
collected from weather stations across Ikeja, Ibadan, Abeokuta, Osogbo and Akure between the years 1971 and 2020. Data were
subjected to descriptive statistics with the results presented using wind flow maps. Results revealed that the recorded mean
seasonal rainfall amounts of 303 mm in Ikeja, followed by Akure (229 mm), Osogbo (178 mm), and Ibadan (169 mm), were
indications of local weather patterns like the influence of sea breeze that usually results in rainfall variability. The South-westetly
monsoon is moisture -laden and hence a rain-bearing wind, which blows inland from the Atlantic Ocean. The study also observed
the weakness of the wind during the December, January and February (DJF) months, due to the local influence of the dry
harmattan wind that blows northerly from the opposite direction. This period of dryness has been accounted for in the low
rainfall amount recorded in most stations. especially in Ibadan at this time. Primarily, heat, moisture and aerodynamic indices were
found to be the primary control factors of rainfall patterns in the study area. It is therefore recommended that wind flow direction

is an important key element to guide decisions on human outdoor activities, travel plans and agricultural practices.
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1. Introduction

The climate of Nigeria spreads across the distance of 1,100 km of the south and the north of the country, thus,
covers many of the climatic belts of West Africa (loeje 1981). This climate is dominated by the influence of
three wind currents that include: the tropical maritime (mT) air mass, the tropical continental (cT) air mass and
the equatorial eastetlies (Ojo 1977). The first air mass originates from the southern high-pressure belt located
off the Namibian coast and, in its path, picks up moisture from over the Atlantic Ocean and is thus wet. The
second air mass (cT) originates from the high-pressure belt north of the Tropic of Cancer. This latter air mass
picks up little moisture along its path and is thus dry. These first two air masses (mT and c¢T) meet along

a slanting surface called the Inter Tropical Discontinuity (ITD). The third air mass (equatorial eastetlies) is

a rather erratic cold air mass, which comes from the east and flows in the upper atmosphere along the ITD.

Adejuwon (2012) noticed that, apart from the contribution of ITD to rainfall distribution in South-
western Nigeria, other factors controlling rainfall in the area include the ocean-atmosphere interaction,
relief, line squall and the local features. Ifabiyi and Omoyosoye (2011) also observed that rainfall within
the tropical regions is highly variable, and this accounts for the uneven distribution of rainfall frequency,

amount, duration, density and some other variables throughout Nigeria. In another study, Odjugo (2010)
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observed that there has been a statistically significant increase in precipitation and air temperatures in vast
major cities in Nigeria. Eludoyin (2009) studied monthly rainfall distribution in Nigeria between 1985-
1994 and 1995-2004 and noticed some fluctuations in most months over the decades. Igwenagu (2015)
also observed this fluctuation as measures of irregularity in the patterns of rainfall in Enugu state, Nigeria.
She observed a clear decline in patterns of rainfall from the year 2000 to 2001 and a slight increase from
2002 to 2003. The trend increased remarkably from 2004 to 2010 with a peak being observed in 2006.
Ayansina and Ogunbo (2009) investigated the seasonal rainfall variability in the Guinea savannah part of
Nigeria and concluded that rainfall variability continues to be on the increase as an element of climate
change. Olaniran (2002) opined that the rainfall onset (start of rain) has been progressively delayed since

1968 over southern Nigeria and this has been further corroborated by a significant decline in April rainfall.

In Benin City, Nigeria, Ikhile and Aifesehi (2011) observed that rainfall in the decade 1961-2000 exhibited
distinct variations, with the first decades showed double maxima of rainfall with an August break. In the
fourth decade (1991-2000), the August break was absent with the August months recording generally
higher rainfall values than all the other decades. This means that the normal trend was reversed in this
decade. Even the December months were very wet. January was generally the driest month with a total of
682 mm of rain between 1960 and 2000. July was the wettest month with a total of 14 975 mm of rainfall

between 1961 and 2000.

However, Babatolu (2002) noticed that rainfall distribution of Ondo during the period of study (1961-
2000) showed wide variability. The highest rainfall figure in the decade was recorded in 1963 (2,441 mm)
and the lowest was recorded in 1997 (1,217 mm). The rains decreased generally in the last decade (1991-
2000), meaning that rainfall distribution along the axis of Ondo and Benin is quite varied (Ikhile, Aifesehi
2011). However, Olaniran (2002) agreed that the likelihood of flooding in the southwestern Nigeria is as a
result of abundant of rainfall received by the region especially with Ondo and Ado flooding in 1999. He
further explained that flooding is common in these areas in the month of July as evidence that the atea is

expetiencing normal rainfall but not in rainfall frequency.

Olaniran (2002) concluded that there has been a progressive early retreat of rainfall over Nigeria for up to
half a century now, and that this is consistent with this pattern of decline in the frequency of rainfall. This
pattern is as a result of noticeable changes in the beginning and end of the rainy season in recent times in
Nigeria. Odjugo (2010), Oguntude et al. (2012) separately reported that spatial and temporal variations in
temperature were noticed in Nigeria where air temperature has been on the increase gradually since 1901
and with a noticeable increase from 1970. Igwenagu (2015) found that the average annual rainfall in

coastal areas of Enugu is around 2000 mm because of heavy rainfall during the rainy season.

The coastal regions of West Aftica (areas around Calabar) are a continuously rainy area, where there ate some
seasonal variations in rainfall but where no real dry season occurs. This is followed by a region where two rainy
seasons and two dry periods alternate. The length and intensity of the two major rainy and two dry seasons are

rarely the same. In the northern part of West Africa, only a short rainy season and a lon: 7 S€ason OCcut.
y p , only Y g
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Rainfall decreases, both in duration and amount, from the coast to the intetior except where altitudinal effects
create islands of higher rainfall (e.g. Jos Plateau). The coastal areas receive over 4000 mm spread over 8-10
months while the extreme north receives less than 250 mm spread over 3 to 4 months. The length of each

season however varies from place to place depending on the proximity from the sea (Oyewo 2005)

Wind plays a great role in the formation of rainfall in Nigeria; the direction of wind blow determines the
rainfall pattern, which majorly in moist-rich environments with moist air mass, thus leading to rainfall.
Moreover, the process of adiabatic cooling and condensation is an essential factor of rainfall (Bravar,
Kavvas 1991; Christopherson 2012). As it relates to other element of weather, wind direction has been
changing with climate change. The direction of wind has been shifting from normal to abnormal over
particular periods of time (Christopherson, Birkeland 2017; Davy et al. 2018). In some prevailing
conditions, changes in wind pattern can bring about rainfall or drought conditions. Thus, observing the

direction of wind could help in determining the nature of rainfall over a period of time.

The selection of Southwestern Nigeria for this study enhances the understanding of climate patterns in
most of the related environment in Nigeria and in the world at large. This current research examines the

analysis of rainfall and wind-flow patterns in Southwestern Nigeria with a view to determining the best

way to adapt to the impact of climate change on rainfall fluctuation.

2. Materials and methods

Southwestern Nigeria is a prominent region in the country. It is located roughly between longitudes 2°31'
and 6°00' East and latitudes 6°21' and 8°37' North. This region comptises six states and their capitals:
Lagos (Ikeja), Ogun (Abeokuta), Oyo (Ibadan), Osun (Osogbo), Ondo (Akure), and Ekiti (Ado-Ekiti)
(Fig. 1). This location is dominated by the Yoruba-speaking people of Nigeria with some high levels of
related indigenous socio-economic activities that include agriculture. The agricultural practices are
dependent of the rain-fed cultivation of both cash and food crops. However, the vegetation and soil types

vary significantly as it depends on prevailing environmental dynamos.

Rainfall and wind flow data from the study area were collected from five major weather stations across
Ikeja, Ibadan, Abeokuta, Osogbo and Akure between 1971 and 2020. The selection of the study locations
and the observed data periods were based on the availability of/and accessibility to recorded climate data.
These seasonal climatic data were subjected to descriptive statistics with their results presented through
charts and wind flow maps. Geographical Information System application (Arc GIS 10.1) was used to
map out the patterns of wind direction within the study area. The application's capability to perform
image interpolation and rasterization is one of its relevant key components in this study. The interpolation
capability of GIS helped in adjusting image resolution and quality, while rasterization converted vector
graphics into a pixel-based format. The obtained mean annual value of the climatic variables was used to
map out the proportion of the variable in each weather station such that the thicker in colouration
obtained, the higher the concentration of the variable in the station. Wind direction in this study was

typically reported using the cardinal directions (north, east, south, west) and their intermediate points.

25



s'oow 000" SO0E 10°00E 15°00°E
e Tot

=
|5'O"0’N

15°00N

Jigawa Yobe

Kaduma > Bawchi Gombe

10°0'0'N
4
4

10°00°N

Adamawa

Legend . vy fimel ot
* Weather Station £
e

BayelsaRivers Ahwa ibos
I South Western Nigeria :

5°00°N

5460 Kimeters

S00UW 0o S00E 1000E 15'00°E

Fig. 1. Nigeria map showing Southwestern and locations of weather stations.

3. Results

3.1. Seasonal rainfall data in the Southwestern Nigeria

It was observed that Southerly, Westerly and South-westerly wind streams were the dominant wind flow
pattern over the entire study area. These wind flows encountered some micro- and mesoscale motions that
often refer to disturbances or perturbation in the region. The disturbances exerted measures of influence on
rainfall amounts recorded over four major seasons considered in this study. These seasons are: December-
January-February (DJF), March-April-May (MAM), June-July-August (JJA) and September-October-November
(SON) (Fig. 2). The mean seasonal rainfall amount in the decades during the period of study (1971-2020) was
presented in Table 1. The South-westerly monsoon is moisture laden and hence a rain- bearing wind which
blows inland from the Atlantic Ocean; as it blows inland, its influence on producing rain weakens. The
weakness of this wind aggravates during the December, January and February (DJF) months. These are dry
seasons because of the local influence of the dry harmattan wind which blows via the northerly wind from the
opposite direction. This accounts for the low rainfall amount recorded in most stations, especially in Ibadan at
this time. Ibadan ought to receive more rainfall than the Akure and Osogbo stations because of its proximity to
the Atlantic Ocean. In the June, July and August (JJA) season, the South-westetly is strengthened mainly
because of the absence of the desiccating wind and it is able to push inland. This accounts for the higher rainfall

amount recorded in every station as compared with the December, January and December (DJF) season.

It is important to note that during the March, April and May (MAM) season, spatial patterns of variation
change slightly from the previous occurrence. Based on the record, the decade 1991-2000 was wetter than
1981-1990. Ibadan ceased to be the driest during the first two decades, especially in the seasons of DJF
and MAM. However, variation in rainfall might be explained by the orographic characteristics of Akure
and Osogbo, which were situated on a higher ground level. This finding is supported with the outcome of
Barbro and Deliang (2003) that, on the upwind side of a mountain, precipitation increases; while less

rainfall is recorded on the leeward side.
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Table 1. Mean seasonal rainfall amounts in decades between 1971-2020. Source: Authot’s computation (2023).

Decade Stations DJF MAM JJA SON
Tkeja 20.76 171.51 302.98 136.36
Ibadan 11.68 132.50 168.64 113.10

1971-1980

(Dry decade) Abeokuta 0 0 0 0
Osogbo 20.26 124.77 178.03 119.42
Akure 19.36 133.41 229.30 142.99
Tkeja 33.97 133.10 174.05 100.58
Ibadan 13.14 132.81 135.89 92.98

1981-1990

(Wet decade) Abeokuta 0 0 0 0
Osogbo 9.98 117.64 138.10 112.84
Akure 25.26 145.33 208.98 123.98
Tkeja 16.50 121.26 198.82 100.83
Ibadan 12.14 108.79 182.95 107.14

1991-2000

(Dry decade) Abeokuta 15.65 116.05 150.88 77.44
Osogbo 12.53 118.58 157.55 111.99
Akure 19.98 162.36 197.41 108.88
Tkeja 25.10 136.97 187.30 129.95
Ibadan 20.01 118.62 176.64 105.95

2001-2010

(Dry decade Abeokuta 14.31 100.72 167.84 85.78
Osogbo 12.66 116.07 177.67 117.90
Akure 15.19 145.91 230.41 130.74
Tkeja 27.64 162.22 214.27 124.83
Ibadan 17.50 133.70 177.64 103.37

2011-2020

(Wet decade) Abeokuta 10.65 119.64 168.14 76.52
Osogbo 14.99 135.01 165.49 131.37
Akure 19.46 158.44 240.16 111.03
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Fig. 2. Rainfall data in selected Nigerian Southwestern cities from 1971 to 2020.
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3.2. Wind flow direction and the Nigerian rainfall system between 1971-2020

The South-westerly monsoon wind was consistent with the DJF season over Ikeja, Ibadan, Akure, while
the extension of strong westerly wind components pushing from the coastal area were much more
prevalent in Osogbo with a relatively stable atmosphere (Fig. 3). High wind speeds, fluctuating between
4.14-4.86 m/s, was recorded in Akure. The DJF rainfall amounts of 21 mm, 12 mm, 20 mm, 19 mm were
recorded for Ikeja, Ibadan, Osogbo and Akure respectively. Osogbo’s weather conditions were fairly good
in the season of DJF which could be the reason for the station recording rainfall of around 20 mm in the

decade.

The strong South-westerly wind stream was prominent and advanced in the season of JJA, being the peak
of the annual rainfall amount. In this season, lkeja received a mean seasonal rainfall amount of 303 mm
while 169 mm in Ibadan, 178 mm in Osogbo and 229 mm in Akure were recorded respectively (Tab. 1).
This implies that some local weather patterns like sea breeze and urban heat island influence had
contributed to the high amount of rainfall recorded in Ikeja in JJA season compared to other stations.
Ayoade (1988; 2004) and Omogbai (2010) agreed with this result — that maritime air mass is prominently

alert during the season of JJA — which accounts for more rainfall at this time.

Tropical westerly jet streams majorly characterized the season of MAM in all the meteorological stations.
During the season, Ikeja recorded 172 mm mean seasonal rainfall amounts with 133 mm in Ibadan, 124
mm in Osogbo and 133 mm in Akure. The close proximity of Ikeja to the Atlantic Ocean with the
influence of strong southerly winds and local sea breezes must have been the main reasons for the area

recording a remarkable amount of rainfall in the season.

Fig. 3. Predominant Seasonal Wind flow (1971-1980).
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Extensive strong southetly wind flows characterized the study area with a corresponding rainfall amount
of 136 mm in Ikeja, 113 mm in Ibadan, 119 mm in Osogbo and 142 mm in Akure in the season of SON.
This result shows that a westerly monsoon wind was the major wind direction that explained the rainfall
system of southwestern Nigeria in the first decade (1971-1980) of study. However, these meteorological
stations are found to be domiciled in major cities in Nigeria. Meanwhile, high amounts of rainfall recorded
in these stations are expected, as supported by Odjugo (2010) in his observation that there have been

statistically significant levels of precipitation and temperatures in vast major cities in Nigeria.

The strong westerly wind flow was effective in all the seasons in the second decade (1981-1990) as shown
in Figure 4. This pattern of wind flow generally affected the rainfall system of the study area with Ikeja
recording a 34 mm mean seasonal rainfall amount. About 13 mm was recorded in Ibadan, 10 mm in
Osogbo and 25 mm in Akure respectively. The raining season JJA was largely influenced by strong
southerly components pushing from coastal areas toward the continent. Such push with high speed of
wind fluctuating between 5.22-6.33 m/s in Ikeja and Ibadan created good weather conditions and high
tendency for the development of eddies. This type of weather contributed remarkably to a high mean
seasonal rainfall amount of 135 mm and 174 recorded in Ibadan and Ikeja. However, there are many high
scrapers that obstructed the inflow of moisture laden southetly streams at any particular location. At such
locations, bulk of eddies were developed and lower atmosphere were fully saturated and resulted in

corresponding amount of rainfall.

Fig. 4. Predominant Seasonal Wind flow (1981-1990).

In Osogbo, a relatively stable atmosphere of 0.1-0.73 m/s wind speed was noted. The humid nature of this

environment accounted for the higher levels of rainfall, though the weather condition was fairly bad because
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of the high pressure that characterized the area recorded with 138 mm amount of rainfall. Moreover, the
convergence of direct southetly moistute flows over Akure with wind speed ranging between 0.74-1,85 m/s

also affected the rainfall system of this area compared to other stations in the same season, JJA.

The season of MAM in the decade was also influenced by a tropical westerly wind with a mean seasonal
rainfall amount of 133 mm recorded in Ikeja, 133 mm in Ibadan, 118 mm in Osogbo and 145 mm in
Akure respectively. Akure recorded a high amount of rainfall, about 145 mm, due to the pronounced
effect of the orographic natute of the area and the wind speed being relatively low (about 2.9 m/s). The
SON season recorded low amounts of rainfall compared to SON of the previous decade. However,
southerly wind dominated the season in all the stations with high wind speed fluctuating between 4.23-
5.13 m/s in Ikeja and Ibadan. It was observed that high rates of wind speed in these stations resulted in
low amount of rainfall in 100 mm in Ikeja and 93 mm in Ibadan compare to 113 mm in Osogbo and 124
mm recorded in Akure in the same SON season. The high amount of rainfall recorded during the seasons
MAM and JJA, and relatively high rainfall in SON is as a result of the movement of ITD towards the
northern part of the country during these seasons. Adejuwon et al. (1990) and Ayoade (1988) are in
support of this, finding that ITD is the most populatly accepted medium that influences rainfall
distribution in Nigeria. In other words, rain falls mostly when an area is overlain by the maritime air mass

and ceases when the area is overlain by continental tropical air mass.
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Fig. 5. Predominant Seasonal Wind flow (1991-2000).

In Figure 5, it was observed that both Westerlies and South-westerly wind streams were the major wind
patterns that controlled the rainfall system of the study area in the decade (1991-2000). The summer

period of DJF revealed that South-westerly winds over Ibadan and Abeokuta produced mean seasonal
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rainfall amount of 12 mm and 16 mm. The westerly wind component over Osogbo, Akure and Ikeja
recorded low amounts of mean seasonal rainfall of 13 mm, 20 mm and 17 mm respectively. The rate of
wind speed in Akure was extremely low compared to other stations. This low wind speed however must
have been the reason for the station recording increased amounts of rainfall. Ideally, low wind speed

would always promote air convergence in the lower atmosphere.

In the season of JJA, a South-westerly air stream was very pronounced and acted to induce convective
precipitation as high mean seasonal rainfall amount of 199 mm in Ikeja, 183 mm in Ibadan, 151 mm in
Abeokuta, 158 mm in Osogbo and 198 mm in Akure were recorded respectively. Wind speed contributed
to the development of various weather systems in this season because the low effect of the southetly
moist air from the Atlantic Ocean influenced the weather pattern in Ikeja, thereby increased the rainfall
amount compared to other stations that were far apart from the effect. The MAM and SON were
predominantly influenced by the South-westerly monsoon wind that repeated itself from season to season.
The season being the period for rainfall onset, received a corresponding rainfall amount of 121 mm in
Ikeja, 109 mm in Ibadan, 116 mm in Abeokuta, 119 mm in Osogbo and 162 mm in Akure. A kind of low
pressutre was created in SON toward the Atantic Ocean, with wind speed ranging between 3.63-4.12 m/s
in Ibadan and 3.14-3.63 m/s in Akure. This showed that weather condition was faitly good, and that the
atmosphere was relatively stable in the season. This is the reason for the season recording a corresponding
rainfall amount of 101 mm in Ikeja, 107 mm in Ibadan, 77 mm in Abeokuta, 112 mm in Osogbo and 109
mm in Akure. Wind speed was generally low in the decade compared to the last decade. However, the
ITD has been shifted towards the southern part of the country whereby dry wind with easterly effect has
greater influence on the rainfall system at this season. Both the temperature and wind speed are on the
increase during the season of DJF because of the state of ITD. Adejuwon (1990) supported this finding
with his assertion that rainfall characteristics in terms of distribution, retreat and periodicities cannot be

compared with the relatively stable nature of the temperature.

This study revealed that, in Figure 6, southerly wind stream, westerly wind and South-westerly wind flows
were the principal wind patterns that controlled the rainfall system of the study area in the 2001-2010
decade. Southerly wind was prevalent in Ibadan and Abeokuta in the season of DJF, MAM, JJA and SON
while southerly wind over Ikeja in the season of MAM and SON produced the mean seasonal rainfall of
137 mm and 130 mm. Similarly, strong consistent westetly winds with continental air mass over Osogbo
and Akure in DJF accounted for low mean seasonal rainfall amount of 13 mm and 15 mm respectively.
Osogbo recorded 118 mm high amount of rainfall in SON season because of strong westerly push.
Meanwhile, South-westerly wind influenced the rainfall system in JJA and MAM in all the stations with the
exception of Ikeja with corresponding mean seasonal rainfall amount ranging between 100-230 mm with
maximum wind speed fluctuating between 5.19-5.98 m/s in the season of peak amount of rainfall (JJA).
However, the low wind speed of 0.71-1.27 m/s was recorded in SON season. In DJF, atmospheric
volume was reduced and allowed the free flow of air stream especially in Ikeja, Osogbo and Abeokuta

fluctuating between 4.0-4.6 m/s, 3.4-3.9 m/s and 2.79-3.39 m/s respectively.
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The season of JJA revealed that extensive westerly stream had its way over the entire study area. Akure
recorded substantial mean seasonal rainfall of about 146 mm because the speed of wind was very low
thereby allowing the formation of rain-forming cloud. Ikeja received about 137 mm of rainfall because of
the effect of local wind, e.g. the prevailing sea breeze. The low effect of the sea breeze was also noted in
Abeokuta just as continental effects like relief, topography and vegetation typically influenced the rainfall
system of Akure. This result is supported by Barbro and Deliang (2003): that precipitation distribution in
Sweden is largely influenced by wind speed and topography.
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Fig. 6. Predominant seasonal wind flow (2001-2010).

Figure 7 showed the predominant direction of wind flows between 2001-2010 in the study area. The DJF
season recorded that South-westerly wind streams were very prominent in Ikeja, Ibadan, Abeokuta and
Osogbo with corresponding mean seasonal rainfall amount 28 mm, 18 mm, 11 mm and 15 mm
respectively, and direct westetlies over Akure accounting for 20 mm mean seasonal rainfall. The season of
JJA was the peak of maximum mean seasonal rainfall in the decade. The season was majorly controlled by
South-westerly monsoon winds with a remarkable corresponding rainfall amount of 214 mm in Ikeja,

178 mm in Ibadan, 168 mm in Abeokuta, 166 mm in Osogbo and 240 mm in Akure compared to the
SON season which was controlled by the South-westerly wind. It could be pointed out that the season of
SON had little effect on easterly flows from the Sahata area. This eastetly flow contributed to little decline
in rainfall amount to 130 mm, 106 mm, 86 mm, 118 mm and 131 mm recorded in Ikeja, Ibadan,

Abeokuta, Osogbo and Akure respectively compared with the JJA season in the decade.
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Interestingly, the MAM season recorded average mean seasonal rainfall amount due to the interception of
easterly winds over this period. The decade was marked with high wind speeds in Ikeja, ranging between
5.38-6.18 m/s in DJF, 5.22-5.63 m/s in JJA, 5.62-6.24 m/s in MAM and 4.66-5.29 m/s in SON
respectively. Similatly, Osogbo recorded an increasing wind speed, fluctuating between 4.57-5.37 m/s in
DJF, 4.79-5.21 m/s in JJA, 4.99-5.61 m/s in MAM and 4.03-4.65 m/s in SON respectively. It thus implied
that strong southerly winds exerted a great control on the rainfall system in the decade as measured with

a reasonable mean seasonal rainfall amount. The decade must have recorded bountiful economic yields
especially in the area of agriculture in the study area. Hsu and Guo’s (2005) report is consonant with this
finding that rainfall loss rate increases when wind speed increases and rainfall intensity decreases. In other

words, rainfall amount is largely affected by predominant wind speed and wind direction.

Fig. 7. Predominant Seasonal Wind flow (2011-2020).

4. Conclusion

The study has examined rainfall and wind flow patterns of southwestern Nigeria from 1971 to 2020 and
observed a deviation from the annual mean. Ikeja was perceived as the wettest location in the rainy season
of the June, July and August (JJA) months because of the strong southerly wind and local sea breeze that
generated a remarkable amount of rainfall in the season. The recorded mean seasonal rainfall amounts of
303 mm in Ikeja, followed by Akure (229 mm), Osogbo (178 mm), and Ibadan (169 mm) were indications
of local weather patterns, like sea breeze influence, that usually results in rainfall variability. The South-
westetly monsoon is moisture laden and, hence, a rain bearing wind, which blows inland from the Atlantic
Ocean. The study also observed the weakness of the wind during the December, January and February
(DJF) months due to the local influence of the dry harmattan wind that blows northerly from the opposite
direction. This period of dryness has been accounted for low rainfall amount recorded in most stations.

especially in Ibadan at this time.
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Analysis of heatwaves in Uzbekistan: characteristics, implications, and future

climate projections
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Abstract

Heatwaves (HWs) have emerged as some of the most setious climate-induced hazards worldwide. This research analyzes the
occurrence, characteristics, and consequences of HWs across Uzbekistan between 1980 and 2020. The study primarily aims to
identify heatwave thresholds, examine related meteorological patterns, and evaluate their influence on human health and
agricultural systems. Using reanalysis data from the National Center for Environmental Prediction and the National Center for
Atmospheric Research (NCEP/NCAR), heatwave thresholds were established based on temperature anomalies exceeding 5°C
above the long-term July mean. Summer heat in Uzbekistan peaks in July; Bukhara and Khorezm are identified as the regions
most affected by extreme temperatures. During the 40-year period, five HWs were documented in Bukhara and seven in
Khorezm. Synoptic analysis revealed that persistent cyclonic activity dominated during these episodes, leading to stagnant and
exceptionally warm atmospheric conditions. Mortality statistics from the United Nations indicate that although the overall death
rate has declined since the late 1970s, the health risks associated with prolonged heat events remain substantial. Agricultural
sensitivity was also evident, with increasing heat contributing to reduced crop yields and water stress, thus threatening food
security. Furthermore, Coupled Model Intercompatison Project Phase 6 (CMIPG) model simulations under SSP1-2.6, SSP2—4.5,
and SSP5-8.5 scenarios suggest that continued warming will likely heighten both the frequency and duration of HWs, posing
greater tisks to human well-being and agricultural resilience. These results underscore the need for enhanced early warning
systems, improved weather forecasting, and climate-resilient policies in Uzbekistan. Strengthening community awareness and
integrating scientific insights into policy frameworks are vital for minimizing the escalating impacts of HWs in a warming

environment.
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1. Introduction

Heatwaves (HWs) are widely recognized as one of the most hazardous extreme climate phenomena
globally. The World Meteorological Organization (WMO 2016) defines a HW as a period of abnormally
high temperatures persisting for at least two or more consecutive days (Chambers 2020). Additional
researchers have broadened this criterion to encompass three or more consecutive days of anomalously
clevated temperatures, frequently linked to significant social, environmental, and economic repercussions
(Perkins-Kirkpatrick, Lewis 2020; Raei et al. 2018). Heatwaves generally arise when daily maximum
temperatures exceed the long-term average by 5-10°C, occasionally accompanied by elevated humidity,
and are strongly associated with negative health effects, agricultural losses, infrastructure impairment, and

wildfires (Russo et al. 2017; Chen et al. 2019).

Worldwide, HWs have already inflicted catastrophic consequences. The HWs in Chicago during 1980 and

1995 were among the most lethal natural catastrophes in the United States in recent decades, resulting in
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hundreds of deaths, especially among the elderly (Catlson 2008). The 2003 European heatwave resulted in
more than 70,000 fatalities, predominantly among individuals over 75 years of age in France (Carlson
2008). These instances illustrate that HWs disproportionately affect vulnerable populations while also

producing enduring consequences for agriculture and food security.

In Central Asia, especially Uzbekistan, HWs have increased in frequency and intensity over recent decades
(USAID 2018b; Wotld Bank 2021). The nation's arid and semi-arid continental climate, coupled with
delicate ecosystems and limited water resources, heightens its susceptibility to excessive heat. Bukhara,
Khorezm, and the Aral Sea basin are recognized as some of the most heat-affected areas, where HWs
pose tisks to public health, diminish agricultural productivity, and jeopardize sustainable development
(UNFCCC 2016; World Bank 2020). Forecasts suggest that HWs in Uzbekistan might extend by 3-9 days
and potentially by as much as 43 days by 2085 under high-emission scenarios (USAID 2018b). Such
alarming projections highlight the urgent need for comprehensive scientific assessment and adaptation
planning. This research examines the period from 1980 to 2020 and seeks to deliver a thorough evaluation
of HWs in Uzbekistan. The primary objectives are (1) to ascertain heatwave thresholds and corresponding
meteorological conditions; (2) to assess their effects on human health, agricultural output, and food
security; (3) to investigate the correlation between HWs and climate change, including prospective
scenatios based on CMIP6 projections; and (4) to delineate potential strategies and policies for mitigation
and adaptation. A long-term view is crucial for identifying patterns and trends, as well as enhancing

decision-making through superior forecasting and readiness.

This work addresses the information gap about HWs in Uzbekistan by merging observational datasets,
reanalysis outputs, and climate model simulations. The findings are anticipated to offer significant insights
for policymakers, health officials, and agricultural strategists in mitigating risks and bolstering resilience to

excessive heat under a changing climate.

2. Data and methodology

2.1. Study area

Uzbekistan is a landlocked country in Central Asia, located between latitudes 37°N and 46°N and
longitudes 56°E and 73°E. The area is approximately 447,000 km?, bordered by Kazakhstan to the north,
Kyrgyzstan and Tajikistan to the east, Afghanistan to the south, and Turkmenistan to the southwest. The
country's geography is vatried, comprising vast deserts (particulatly the Kyzylkum Desert), rich river basins,
and mountainous areas in the east. The climate is primarily arid to semi-arid continental, marked by cold
winters and extensive, hot, dry summers (USAID 2018b; World Bank 2021). Average summer
temperatures in Uzbekistan frequently surpass 30°C, with daily maxima attaining 45-49°C in arid areas
(Wortld Bank 2021). July is the warmest month, characterized by a heightened likelihood of HWs. The
regions of Bukhara, Khorezm, and the vicinity of the Aral Sea are especially susceptible to high heat owing

to their geographical positioning and dominant meteorological conditions. These regions also host
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significant agricultural activities, including cotton and wheat cultivation, which are particularly vulnerable

to extended periods of elevated temperatures and water shortages.
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Fig. 1. Location and topographical map of Uzbekistan.

Uzbekistan's population is approximately 35 million (UZSTAT 2023), with prominent metropolitan
centers including Tashkent, Samarkand, Bukhara, and Khorezm. Accelerated urbanization and inadequate
adaptive infrastructure heighten the population's susceptibility to extreme heat. Furthermore, the
ecological catastrophe in the Aral Sea region has intensified local climate extremes, making the northwest
of the country a focal point for environmental stressors, including frequent HWs. Because of its
geographic and meteorological attributes, Uzbekistan is a vital region for examining historical trends and
future forecasts of HWs, along with their effects on human health, agricultural output, and food security
(UNDP 2007; UNFCCC 2016). Uzbekistan's geographic position and the primary heat-prone areas are
depicted in Figure 1.

2.2. Data

2.2.1. Reanalysis data

Two global reanalysis products were used to examine historical temperature variability and to identify HW
occurrences across Uzbekistan. The ERA5 dataset from the European Centre for Medium-Range Weather
Forecasts (ECMWTF) provides high-resolution climate fields (0.25° X 0.25°) for the period 1980-2020,
which were applied to analyze both spatial and temporal patterns of surface temperature and to create
synoptic-scale sea-level pressure maps. The NCEP/NCAR Reanalysis produced by NOAA, with a coarser
spatial resolution of 2.5° X 2.5° (Mufloz-Sabater et al. 2021), was also used for 1980-2020 to estimate HW

thresholds and perform model comparison and validation (Copernicus Data Store). Heatwaves were

identified when daily mean temperature anomalies exceeded 5°C above the long-term July average,
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tfollowing the criteria of Barbier et al. (2018). Given the limited and discontinuous nature of ground-based
observations in Uzbekistan, these reanalysis datasets were preferred for their consistent spatial coverage

and temporal continuity, making them suitable for long-term climate analysis.

2.2.2. Climate projection data

Projected changes in temperature were analyzed using data from the Coupled Model Intercompatison
Project Phase 6 (CMIPO), retrieved from the Canadian Climate Data Portal (https://climate-

scenarios.canada.ca). The simulations span 1961-2067 and were interpolated to a 1° X 1° grid for

consistency. The data were divided into four climatic intervals to represent historical and future
conditions:

1. 1961-1992 (Historical I).

2. 1993-2005 (Historical II).

3. 2006-2036 (Future I).

4. 2037-2067 (Future II).

Three Shared Socioeconomic Pathways (SSPs) — SSP1-2.6, SSP2—4.5, and SSP5-8.5 — were applied to
project warming trends and spatial variability (Miao et al. 2014; Araya-Osses et al. 2020; Navarro-Racines
et al. 2020). Special emphasis was placed on Bukhara and Khorezm, identified as the regions most

vulnerable to extreme heat events.

2.2.3. Socioeconomic data

Global socioeconomic datasets were incorporated to assess the potential human and agricultural
consequences of rising temperatures. The United Nations World Population Prospects (1976-2100)
dataset was used to analyze mortality rates (per 1,000 population) for Uzbekistan, excluding deaths
attributed to COVID-19. Additionally, the World Bank Agriculture, Forestry, and Fishing dataset (1987-
2020) was employed to investigate agricultural output and the economy’s dependence on climate-sensitive

sectors such as farming and irrigation.

2.2.4. Model validation data

Model performance was assessed using NCEP/NCAR reanalysis data as the observational baseline
(Willmott et al. 2012; Duveiller et al. 2016). Three statistical indicators were computed to quantify the
agreement between observed and simulated temperature fields:

o Correlation coefficient (R): measures the strength of linear association.

e Root Mean Square Error (RMSE): evaluates the magnitude of prediction errors.

e Index of Agreement (d): expresses the overall model consistency with observations.

These statistical metrics (R, RMSE, and d) were applied to assess the performance of CMIP6 simulations
over Bukhara and Khorezm (Akoglu 2018). The characteristics of all datasets used in this study are

summatized in Table 1.
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Table 1. Data sources used in the study.

Dataset Source Period Resolution | Purpose

Historical temperature and

ERA5 ECMWF 1980-2020 | 0.25° % 0.25° . .
synoptic analysis

Heatwave detection and model

NCEP/NCAR NOAA/PSL 1980-2020 2.5° x 2.5° R
validation

CMIP6 (SSP1-2.6, SSP2-4.5, SSP5-8.5) | IPCC/CCCS 1961-2067 1° % 1° Future temperature projections

Mortality trend related to

UN Mortality (WPP) United Nations | 1976-2100 National climatic stress

Agricultural productivity and

World Bank Agriculture World Bank 1987-2020 National ¢ .
climate impact

The combined datasets form a comprehensive foundation for analyzing both historical (1980-2020) and
projected (1961-2067) temperature variability, as well as evaluating the socioeconomic implications of

future HWs across Uzbekistan.

2.3. Methodology

The methodology employed in this study integrates statistical, synoptic, and climate projection techniques
to analyze both historical and projected temperature variations and heatwave characteristics across

Uzbekistan, with a particular focus on the Bukhara and Khorezm regions.

2.3.1. Spatial and temporal long-term mean of temperature (1980-2020)

To establish the baseline climatology and assess spatial-temporal variability of surface air temperature, the
ERAS reanalysis dataset provided by the ECMWEF was utilized for the period 1980-2020. The ERAS5
dataset offers high spatial and temporal resolution and has been widely validated for climatological studies
(Mufioz-Sabater et al. 2021). Daily mean temperature data were processed and aggregated into monthly

and seasonal means using MATLAB and Climate Data Operator (CDO) tools.

The long-term mean temperature for each grid cell was computed using Eq. (1):
T=23WT, 1)
where (T}) is the monthly mean temperature for month 7, and N represents the total number of months

(480 for the 1980-2020 period).

Seasonal averages were calculated for the JJAS (June—July—August—September) period, which corresponds
to the hottest part of the year in Central Asia. Spatial interpolation was performed using the Inverse

Distance Weighting (IDW) method to visualize regional temperature gradients across Uzbekistan.

This climatological analysis provided the foundation for identifying the heat-prone regions and the

warmest months, which served as a basis for subsequent heatwave detection and classification.
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2.3.2. Heatwave identification and classification

Heatwave (HW) events were identified following the threshold-based approach of Barbier et al. (2018),
where a 5°C temperature anomaly above the long-term July mean indicated a heatwave event. Similar
definitions have been applied in previous global studies (Russo et al. 2017; Perkins-Kirkpatrick, Lewis
2020). Daily temperature data from ERA5 and NCEP/NCAR reanalysis (Kalnay et al. 2018) were used to
calculate anomalies and to detect both heatwave (HW) and severe heatwave (SHW) occurrences during
1980-2020.

Each HW event was classified by its intensity and duration, as follows:
e 5°C < anomaly < 7°C = HW;,
e anomaly = 7°C = SHW.

Sea-level pressure (SLP) and temperature fields from ERA5 were further analyzed to identify dominant
synoptic patterns during HW periods. The 14-16 July 1986 HW over Khorezm was selected as
a representative event to demonstrate the link between atmospheric circulation and surface

temperature extremes.

2.3.3. Climate projection and future warming analysis

Future climate projections were derived from the Coupled Model Intercomparison Project Phase 6
(CMIPO6) under three Shared Socioeconomic Pathway (SSP) scenarios — SSP1-2.6, SSP2—4.5, and SSP5—
8.5 — representing low, moderate, and high greenhouse gas emission trajectories, respectively (Eyring et al.

2016).

Temperatute outputs wete interpolated to a 1° X 1° grid and divided into four climatic petiods:
1. 1961-1992 (Historical I).

2. 1993-2005 (Historical II).
3. 2006-2036

4. 2037-2067

Future I).

(
(Future II).

Temporal and spatial analyses were conducted to assess projected changes in heatwave frequency,

intensity, and distribution across Uzbekistan.

To evaluate model performance, NCEP/NCAR reanalysis data were used as the observational benchmark

(Kalnay et al. 2018), and three standard statistical indicators were computed:
o Correlation coefficient (R) — linear agreement between observed and modeled data.
e Root Mean Square Error (RMSE) — magnitude of average model error.

e Index of Agreement (d) — measure of overall model-observation consistency (Willmott, Matsuura

2005).

Three statistical indicators — correlation coefficient (K), root mean squate error (RMSE), and index of

agreement (d) — were computed using Egs. (2) — (4):
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where (x;) and (¥;) are observed (NCEP/NCAR) and modeled (CMIPG) temperatures, respectively; (X)
and (¥) denote their means; and # is the number of samples. As shown in Egs. (2) — (4), these indicators
collectively evaluate the linear relationship, model error magnitude, and overall agreement between
observed and simulated temperatures. Validation was performed for Bukhara and Khorezm, identified as

the regions most prone to extreme heat events.

2.3.4. Socioeconomic and agricultural impact assessment
To investigate the potential societal impacts of projected warming, the study integrated human mortality
and agticultural datasets. Mortality rates (1976-2100) were obtained from the United Nations World

Population Prospects; agtricultural productivity indicators (1987-2020) were taken from the World Bank.

These datasets have been widely used in regional climate impact assessments (USAID 2018a; Liu et al.
2020).

This methodological framework integrates reanalysis-based statistical detection of HWs with CMIP6-
driven future projections, providing a comprehensive foundation for understanding both historical and

future HW behavior in Uzbekistan.

3. Results
3.1. Spatial and temporal variability of temperature (1980-2020)

ERADS reanalysis data (1980-2020) reveal clear spatial and temporal variations in Uzbekistan’s temperature
pattern. The annual cycle (Fig. 2) shows July as the hottest month, with mean temperatures above 30°C

in Bukhara and Khorezm, and occasional peaks exceeding 40°C in some years.

A) Annual cycle of Khorezm City B) Annual cycle of Bukhara City
from 1980 to 2020 from 1980 to 2020
o 39
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Fig. 2. Annual mean temperatute (°C) for Uzbekistan’s hottest cities: (a) Khorezm and (b) Bukhara (1980-2020).
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Figure 3 illustrates the spatial distribution of temperature, where (a) shows the June—July—August—
September (JJAS) seasonal mean and (b) represents the July long-term mean. The highest temperatures
occur in the southwestern and central regions (Bukhara, Khorezm, Navoi), while the eastern highlands
remain cooler. This baseline climatology supports the identification of heat-prone areas and defines the
long-term July mean used for heatwave analysis.

A)

June—-September. Average of T C Uzbek. 1980-2020 July Average of T C Uzbek. 1980-2020
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40N
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_—_—_ O
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Fig. 3. Spatial distribution of average temperature (°C) over Uzbekistan (1980-2020): (a) JJAS seasonal mean and (b)

July long-term mean.

3.2. Heatwave occurrence and classification (1980-2020)

These thresholds were taken as temperature anomalies from the July mean, as shown in Tables 1 and 2.
The tables below present the detected HW and severe heatwave (SHW) events in Bukhara and Khorezm
during 1980-2020. If the temperature anomaly equals +5°C, it is classified as a HW, whereas anomalies
greater than +5°C indicate severe HWs. A total of five HWs were recorded in Bukhara and seven HWs in

Khorezm (Tables 2-3). The most intense events reached anomalies of 8°C above the long-term mean.

Table 2. Heatwave statistics for Bukhara.

Bukhara city: Average temperature for July (1980-2020) is 30.84°C.

Date HW temp. °C Anomaly Intensity
38.78 7.94

29-31 July 1983 39.00 8.16 Severe
36.08 5.24
36.53 5.69

6-8 July 2005 36.88 6.04 Severe HW
37.28 6.44
36.55 5.71

15-17 July 2015 37.37 6.5 Severe HW
36.25 5.4
35.75 5.0

6-8 July 2017 35.97 5.0 HW
35.85 5.0

42



Table 3. Heatwave statistics for Khorezm.

Khotezm city: Average temperature for July (1980-2020) is 32.91°C

Date HW temp. °C Anomaly Intensity
38.28 5.37

23-25 July 1984 40.21 7.30 Severe HW
39.15 6.24
38.28 5.37

14-17 July 1986 431(9)(3)471 34112 Severe HW
41.66 8.75
39.60 6.69

14-17 July 1995 259;253; 2;; Severe HW
38.85 5.94
38.07 5.16

15-18 July 2002 2332 EZZ Severe HW
40.07 7.16
38.63 5.72

5-7 July 2005 40.50 7.59 Severe HW
41.50 8.59
39.82 6.71
39.97 7.065

13-16 July 2015 39.52 o1 Sever HW
40.27 7.36
38.22 5.30

19-22 July 2018 39.57 6.66 Severe HW
40.87 7.96

Heatwave events were detected using the 5°C anomaly threshold above the July mean. In Bukhara, five
events were identified when daily temperature exceeded the mean by at least 5°C (Fig. 4). In Khorezm,
seven events occurred under the same criterion (Fig. 5). Severe anomalies reached up to 8°C above the

mean.
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Fig. 4. Heatwave events over Bukhara when daily temperature exceeded the mean by = 5°C.



A) Heatwave One Khorezm July 1984 B) Heatwave Two Khorezm July 1986
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Fig. 5. Heatwave events over Khorezm when daily temperature exceeded the mean by =5°C.

3.3. Synoptic patterns and heatwave case study (July 1986)

The mean sea-level pressure and temperature distribution (Fig. 6) show that low-pressure systems
dominate Uzbekistan during July, especially over Bukhara and Khorezm. These synoptic conditions are
strongly associated with high surface temperatures and stagnant air masses, which favor HW

development.

A representative severe heatwave event was observed from 14 to 16 July 1986 in Khorezm. During this
period, mean daily temperature anomalies exceeded +5°C (Table 4), confirming a strong and persistent
heatwave episode. The synoptic charts (Fig. 7) show a stationary low-pressure center and calm conditions,

which reinforced surface heating across the region.

Table 4. Severe heatwave cases over Uzbekistan affected the city of Khorezm.

Date Temperature °C Temp. anomaly (July mean 32.91°C) Intensity

14 July 1986 38.28 5.37 Severe HW
15 July 1986 39.07 6.16 Severe HW
16 July 1986 40.34 7.43 Severe HW
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Fig. 7. Synoptic maps of the 14-16 July 1986 heatwave: (a) 14 July, (b) 15 July, (c) 16 July.

3.4. Model validation

Model performance was assessed using NCEP/NCAR reanalysis data as reference. Statistical indicators
were used to evaluate CMIP6 temperature projections over Bukhara and Khorezm. Results indicate that
the model performed better in Bukhara (R = 0.28, RMSE = 0.76, d = 0.66) than in Khorezm (R =
0.04, RMSE = 0.97, d= 0.34), showing moderate reliability, as shown in Table 5.

Table 5. Statistics used for model validation against NCEP/NCAR reanalysis dataset as observations.

R RMSE Index of Agreement
Bukhara NCEP vs. Historical 0.28 0.759 0.655
Khoarizm NCEP vs. Historical 0.041 0.974 0.338

3.5. Future temperature projections (1961-2067)

The CMIP6 model outputs under three SSP scenarios (SSP1-2.6, SSP2—4.5, SSP5-8.5) indicate a clear
warming trend throughout Uzbekistan. Four meteorological intervals were analysed using CMIP6 multi-
model ensembles: 1961-1992, 1993-2005, 2006-20306, and 2037-2067. During the historical period from
1961 to 2005, July average temperatures rarely exceeded 30°C, except at Khorezm (Fig. 8a-b). In the
SSP1-2.6 scenario (2036-2067), July averages in Bukhara and Khorezm are projected to increase by 2-3°C
(Fig. 8c-d). Projections with SSP2—4.5 and SSP5-8.5 suggest considerable warming, with average July
temperatures above 33°C across vast areas of Uzbekistan by 2067 (Fig. 9a-d).
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Fig. 8. Spatial distribution of mean air temperature (°C) during the historical petiods, where (a) represents 1961-1992
and (b) represents 1993-2005. For the SSP2—4.5 scenario, (c) corresponds to 2006-2036, and (d) corresponds to
2037-2067.
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Fig. 9. Spatial distribution of projected mean air temperature (°C) under SSP2—4.5 and SSP5-8.5 scenarios. Panels (a)
and (b) represent SSP2—4.5 for 2006-2036 and 2037-2067, respectively, while panels (c) and (d) represent SSP5-8.5

for the same periods.
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Figures 10 and 11 present temperature projection time series for Bukhara and Khorezm, including the
historical baseline (1976-2005) and future periods (2006-2067). City-level projections suggest that July
temperatures in Khorezm may rise by more than 1.5°C (Fig. 12) and more than 3°C in Bukhara (Fig. 13).
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Fig. 10. Time series of projected temperature over Bukhara, covering the historical period (1976-2005) and future

projections (2006-2067) under CMIP6 SSP scenarios.
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Fig. 11. Time series of projected temperature over Khorezm, showing the historical (1976-2005) and future (2006-
2067) temperature projections under CMIP6 SSP scenarios.
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3.6. Projected mortality and agricultural trends (1976-2100)

Projected mortality data from the United Nations World Population Prospects (UN WPP) show that
mortality rates are expected to increase steadily until 2067, coinciding with the projected temperature rise
(Fig. 15). The World Bank agricultural dataset (1987-2020) shows that years with higher temperatures are

generally associated with reduced crop productivity and greater water stress, underlining the vulnerability

of Uzbekistan’s agticultural economy to climate extremes.
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Fig. 14. Projected human mortality rate for Uzbekistan from 1976 to 2067.
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Fig. 15. Agricultural production, forestry, and fishing as a percentage of GDP for Uzbekistan from 1987 to 2020.
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4. Discussion

The results indicate a clear warming pattern across Uzbekistan over the past four decades, consistent with
regional trends in Central Asia (Liu et al. 2020). Similar findings have been reported in other regions of the
world. For instance, Yaméogo (2024) found increasing extreme temperatures before, during, and after the
rainy season in Burkina Faso, while Abatan et al. (2016) documented a rise in hot extremes and a decline
in cold events across Nigeria. These African studies, like our results in Uzbekistan, confirm a persistent
warming tendency in semi-arid and arid environments strongly influenced by large-scale atmospheric

circulation.

Analysis of ERA5 data confirmed that July is the hottest month, with mean temperatutres above 30°C in
Bukhara and Khotezm, occasionally exceeding 40 °C. The June—September season is the main warm
period, especially across the southwest and central plains, where low elevation and desert surfaces enhance
heat accumulation. Comparable seasonal dynamics have also been reported in West Africa (Ankrah et al.
2023), where maximum and minimum temperatures have increased significantly under future climate

scenatios, particularly during warm months.

Heatwave analysis (1980-2020) revealed five events in Bukhara and seven in Khorezm, mostly classified as
severe (> +5°C anomaly). Though infrequent, HWs are intense due to stagnant atmospheric circulation
and weak winds (Barbier et al. 2018; Chen et al. 2019). In the July 1986 case, a stationary cyclone caused
calm winds and surface heat buildup, a pattern typical of Central Asian extremes (Kang et al. 2019).
Similar patterns of prolonged summer heat and weak circulation were also observed in Serbia (Tosi¢ et al.

2023), where warm days and tropical nights have increased notably during the past seven decades.

Model validation against NCEP/NCAR reanalysis showed moderate accuracy: good agreement for the
index of agreement (d), but weak correlation (R). Despite local bias, CMIP6 models reliably captured the
regional warming trend (Eyring et al. 2016; Chen et al. 2019). Future projections under SSP1-2.6, SSP2—
4.5, SSP5-8.5 reveal a pronounced warming of 3.0 to 3.5°C by 2067 in Uzbekistan. The 30°C isotherm
expands northward, indicating longer and stronger HWs (Kang et al. 2019). The eastern highlands remain
cooler under persistent high-pressure influence. Projections of similar warming tendencies were also made
for Europe; Tomczyk et al. (2022) reported continuous increases in maximum air temperature and the

number of hot days across Poland throughout the twenty-first century.

Socioeconomic data highlight rising mortality and reduced agricultural productivity, consistent with higher
temperatures and water scarcity (Sutton et al. 2013). Such impacts mirror regional trends of drought,

evapotranspiration, and food insecurity (USAID 2018a; Liu et al. 2020).

Overall, Uzbekistan’s climate is warming rapidly; HWs, though rare, are intensifying. Without adaptation,
CMIPO6 projections suggest increasing risks to human health, agriculture, and water resources. Integrated

adaptation measures and regional cooperation are urgently needed to build long-term climate resilience.
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5. Conclusion

The 40-year temperature analysis (1980-2020) confirmed that July is the hottest month in Uzbekistan, with
Bukhara and Khorezm identified as the main regions prone to HWs. Using the NCEP/NCAR reanalysis
dataset, a 5°C anomaly above the July mean was determined as the heatwave threshold. Based on this
criterion, five events were detected in Bukhara and seven in Khorezm. Synoptic assessment revealed that
stationary cyclonic systems dominated during extreme events, causing calm winds and intense surface

heating, typical precursors of severe heat episodes in Central Asia.

Future climate projections from CMIP6 models (SSP1-2.6, SSP2—4.5, SSP5-8.5) indicate a persistent
warming trend, with mean temperatutes expected to tise by 3 to 3.5°C by 2067, especially in the
southwestern lowlands. This warming will likely increase heatwave frequency and intensity, aggravate

water scarcity, and reduce agricultural productivity.

Socioeconomic analyses show that mortality rates may rise because of intensified thermal stress, while
agricultural yields decline in hotter years, highlighting the vulnerability of Uzbekistan’s irrigation-
dependent economy. Model validation demonstrated moderate but acceptable accuracy, particulatly for

Bukhara, supporting the use of CMIPG6 outputs for regional assessments.

Opverall, Uzbekistan’s climate is warming rapidly, and severe but infrequent HWs represent growing
threats to human health, agriculture, and water resources. To enhance resilience, it is essential to
strengthen early-warning systems, promote climate-smart agricultural practices, and implement integrated

national adaptation strategies across Uzbekistan and Central Asia.
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Abstract

This study evaluates the performance of several bias correction techniques applied to CMIPG6 precipitation simulations over Sudan
for the period 1991-2014, using the high-resolution CHIRPS observational dataset as a reference. Four widely used bias
correction methods: Empirical Quantile Mapping (EQM), Gamma Quantile Mapping (Gamma-QM), Local Intensity Scaling
(LOCI), and the Delta Method were applied to ten CMIP6 models to assess their ability to reduce systematic biases and improve
consistency with observed climatology. The raw simulations reveal pronounced seasonal biases, charactetized by overestimation
during the pre-monsoon season (MAM) and underestimation during the monsoon season (JJAS), whereas annual biases are
moderate but exhibit notable spatial heterogeneity. Among the tested techniques, EQM and Gamma-QM consistently yield the
most effective cotrections, achieving median bias reductions of 94-100% across both annual and seasonal timescales, and
markedly enhancing Kling—Gupta Efficiency (KGE) values. Among the evaluated models, EC-Earth3, GFDL-ESM4, and INM-
CM4-8 demonstrate the best performance annually and during June-September, whereas NESM3 performs better during March-
May, highlighting model-specific strengths in simulating seasonal precipitation variability. Spatial analyses further confirm that bias
corrections effectively align precipitation variability with observations, with statistically significant improvements across most
regions of Sudan. These findings highlight the critical role of quantile-based correction methods in producing reliable CMIP6
precipitation outputs over Sudan and establish a robust framework for assessing both model skill and bias correction performance

in regions characterized by complex, seasonally varying rainfall regimes.
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1. Background and motivation

Precipitation is a fundamental component of the hydrological cycle, supporting agricultural productivity,
water resource management, and ecosystem sustainability. Sudan exhibits pronounced climatic variability,
ranging from hyper-arid desert conditions in the north to semi-humid savannahs in the south. Under-
standing precipitation patterns and variability is therefore essential for mitigating drought impacts, ensuz-
ing food security, and developing effective climate adaptation strategies in this highly climate-sensitive re-
gion. However, the spatse and uneven distribution of ground-based meteorological stations across Sudan
limits the accurate reconstruction of historical precipitation records and constrains the assessment of cli-

mate-related risks (Funk et al. 2015).

Global Climate Models (GCMs), including those developed under the Coupled Model Intercomparison
Project Phase 6 (CMIPG6), provide valuable insights into past and future climate conditions. Nonetheless,

these models often exhibit systematic biases when simulating regional precipitation, particularly in arid and
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semi-arid regions (Eyring et al. 2016). Such biases can significantly affect the reliability of model-based
precipitation estimates and increase uncertainties in hydrological modeling and climate impact assess-
ments. To overcome these limitations, bias correction techniques are widely applied to statistically adjust

GCM outputs, aligning them more closely with observed data (Gudmundsson et al. 2012; Maraun 2013).

Despite the growing use of bias correction methods, comprehensive evaluations focusing specifically on
Sudan remain scarce (Gebrechorkos et al. 2019). The country’s steep climatic gradients and high spatial
and temporal rainfall variability pose unique challenges for model calibration and correction. While studies
across Hast Africa have shown that bias adjustment improves model performance, systematic assessments
for Sudan, where observational networks are particularly limited, are still lacking. This gap highlights the
need for detailed regional analyses to identify the most effective bias correction techniques for improving

precipitation simulations and supporting climate resilience planning (Siddig et al. 2022).

2. Objectives and scope

Bias cotrection techniques enhance the reliability of climate model outputs by reducing systematic errors
and improving alignment with observed climatology. Such adjustments are especially important for
General Circulation Model (GCM) analyses, where uncorrected biases can substantially limit the
usefulness of model projections. This study evaluates the performance of four widely used bias correction
methods: Empirical Quantile Mapping (EQM), Gamma Quantile Mapping (Gamma-QM), Local Intensity
Scaling (LOCI), and the Delta Method. These methods were applied to monthly precipitation simulations
from ten CMIP6 models over Sudan during the 1991-2014 historical period. The Climate Hazards Group
InfraRed Precipitation with Station data (CHIRPS) is the observational benchmark for assessing each
method’s effectiveness. Model performance is quantified using multiple complementary statistical mettics,
including the Pearson correlation coefficient, centered root-mean-squate deviation (CRMSD), mean bias,
and Kling—Gupta Efficiency (KGE). In addition to evaluating bias correction methods, the study identifies
the best-performing CMIP6 models for annual and seasonal (March-May and June-September) periods,
providing guidance on the most reliable simulations for capturing spatial and temporal precipitation
variability across Sudan. This study is novel in its regional focus on Sudan and in systematically comparing
quantile-based and scaling-based bias correction techniques. By integrating statistical performance metrics
with spatial diagnostics, it enables a comprehensive evaluation of model performance, thus providing
practical guidance for applying bias correction and selecting appropriate climate models for hydroclimatic

studies across East Africa.

3. Study area and data

3.1. Study area

This study focuses on Sudan, the third-largest country in Africa, located between approximately 8°—
23.5°N and 21°E-39°E. The country exhibits a pronounced climatic gradient, transitioning from hyper-

arid desert conditions in the north to semi-arid and savanna environments in the south (Fig. 1), with eleva-
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tion decreasing from the highlands in the east and south to the northern plains. Correspondingly, precipi-
tation patterns are highly variable across the country, with northern regions receiving little rainfall and

southern regions experiencing substantially higher totals, as shown by CHIRPS observations.

Rainfall in Sudan is strongly seasonal, primarily driven by the north-south migration of the Intertropical
Convergence Zone (ITCZ), with most precipitation occurring between June and September (Nicholson
2018; RCCC 2022). This spatial and temporal variability has important implications for agriculture, water
resources, and disaster risk management. Northern Sudan frequently faces prolonged droughts, while

southern areas are more susceptible to intense rainfall events that can trigger seasonal flooding (RCCC

2022).

Sudan’s sensitivity to climate variability and change, combined with environmental and socio-economic
pressures, makes it a valuable case study for evaluating climate models and assessing the effectiveness of

bias correction techniques in reproducing historical precipitation patterns (Jackson et al. 2020).
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Fig. 1. Maps of Sudan with geographical coordinates. Panel (a) shows the shaded-relief elevation derived from the
digital elevation model (DEM), and panel (b) shows the mean annual precipitation (mm/year) from CHIRPS,

averaged over 1991-2014 at 0.25° spatial resolution.

3.2. Data

This study employs both observational and climate model datasets to evaluate bias correction techniques
for monthly precipitation over Sudan. Observational data are sourced from the CHIRPS dataset, a high-
resolution gridded product that integrates satellite-derived precipitation estimates with in-situ rain gauge
measurements (Funk et al. 2015). CHIRPS provides near-global coverage at 0.05° spatial resolution,
making it particularly valuable in regions with sparse or unevenly distributed observational networks, such
as Sudan (Nicholson 2018; ICPAC 2020). Its reliability has been demonstrated in multiple studies across
East Africa, including evaluations of historical precipitation variability, seasonal rainfall patterns, and
extreme events, establishing CHIRPS as a robust benchmark for climate model evaluation in the region

(ICPAC 2020).
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For this analysis, monthly CHIRPS precipitation data from January 1991 to December 2014 were
aggregated to a 0.25° resolution to match the climate model outputs. Precipitation values are expressed in
mm month', and the data were spatially clipped to Sudan’s national boundaries using a country-level
shapefile. The combination of high spatial resolution, integration of ground-based observations, and
demonstrated reliability makes CHIRPS a suitable reference for assessing CMIP6 precipitation simulations
and the effectiveness of bias correction techniques over Sudan. Although CHIRPS is available through
2020, the evaluation was restricted to 1991-2014 to align with the CMIPG6 historical simulations.

Table 1. CMIP6 models used in this study, with their institutions, countries, approximate horizontal resolution, sensi-

tivities and key reference.

No. Model ID Institute/Country ReS(zil)mon Sensitivity Reference
AWI-CM-1-1- Alfred Wegener Insti- ° Strqng ocean—sca-icee coupling, af- . Semmler et
1 © ~1.0 fecting moisture transport and tropi-
MR tute / Germany ; al. (2019)
cal rainfall.
EC-Earth Consortium o Updated convecton anfi acrosol- Déscher et
2 EC-Earth3 ~1.0 cloud schemes, improving monsoon
/ Europe . : al. (2022)
rainfall representation.
NOAA Geophysical Improved cloud microphysics, radia- Held et al
3 GFDL-ESM4 Fluid Dynamics Labor- ~1.0° tion, and land—atmosphere coupling (2019 '
atory / USA shaping East African rainfall. )
g4 | HadGEM3- Met Office Hadley ~1.25° Sccl)lr:rlrjllee: ﬁ?giviﬁﬁiﬁﬁgiﬁbud Williams et
GC31-LL Centre / UK ITCZ/tropical rainfal. al. (2018)
. . Simplified cloud and convection pro- .
5 INM-CM4-8 Institute fgr Numer{cal ~2.0° cesses leading to weaker precipitation Volodin et al.
Mathematics / Russia (2018)
feedback.
Korea Meteorological Updated KIM convection scheme Buun et al
6 KACE-1-0-G Administration / South ~1.25° enhancing tropical rainfall timing and ZyOul9 '
Korea intensity. ( )
2 | ammoce | ACRU/NIES/JaM- || momoonpre. | Tacbe cal
STEC / Japan : onveeton, Improving p (2019)
cipitation.
Meteorological Re- o Advgqced cloud mlgrophyslcs apd Yukimoto et
8 MRI-ESM2-0 : ~1.1 precipitation formation, improving
search Institute / Japan . o al. (2019)
rainfall distribution.
Nanjing Univ. of Infor- i Strong cloud feedback and updated Cao et al.
9 NESM3 . . . ~1.0 boundary-layer scheme affecting
mation Science / China ST (2018)
monsoon variability.
Research Center for Enhanced aerosol—cloud—convection Lee et al
10 TaiESM1 Environmental ~1.0° interactions influencing spatial rain- '
. (2020)
Changes / Taiwan fall patterns.

Climate data were obtained from ten carefully selected CMIP6 global climate models, chosen based on

spatial resolution, data availability, and relevance to East Africa (Eyring et al. 2016). Model outputs were

converted to mm month-, regridded to 0.25° spatial resolution, and clipped to Sudan’s national boundary

to ensure consistency with CHIRPS observations (Gudmundsson et al. 2012). These ten models corre-

spond to a subset of 23 CMIP6 models previously evaluated over the IGAD region, including Sudan, and

identified in the literature as demonstrating relatively high skill in reproducing precipitation totals, seasonal

cycles, and extreme events (Ayugi et al. 2022). Their documented performance makes them particularly

suitable for climate impact assessments and hydrological studies in the region.
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4. Methodology

4.1. Bias correction methods

To address systematic biases in CMIP6 precipitation outputs, four bias correction techniques were applied
at a monthly time scale: Empirical Quantile Mapping (EQM), Gamma Quantile Mapping (Gamma-QM),
Local Intensity Scaling (LOCI), and the Delta Method. These methods span both parametric and non-par-

ametric approaches, capturing a broad methodological spectrum relevant to precipitation adjustment

(Teutschbein, Seibert 2012).

Empirical Quantile Mapping (EQM)
EQM is a non-parametric bias correction approach that aligns the empirical cumulative distribution func-
tion (CDF) of the simulated precipitation with that of the observations (Maraun 2016). The corrected pre-

cipitation is computed as:

Pcorrected = Fo_b%s,emp [Fmod,emp (Praw)] (1>
where Finoqemp and Fo_b%gremp represent the empirical CDF of the model and the inverse empirical CDF

of the observations, respectively.

Gamma Quantile Mapping (Gamma-QM)
Gamma-QM is a parametric technique that assumes precipitation follows a gamma distribution.
The distribution parameters are estimated via maximum likelihood for both model and observations.

The correction is expressed as:

Peorrectea = Fo_bls,l" [Fmod,F(Praw)] 2

where Fyoqr and Fo_bi,l" denote the gamma CDF of the modeled and observed precipitation, respectively.

This method preserves the skewness typical of precipitation distributions (Li et al. 2010).

Local Intensity Scaling (LOCI)

LOCI preserves the occurrence of dry months while correcting precipitation intensity. For months where

Pragw <T (withT = 1 mm/month in this study), precipitation remains zeto; otherwise, it is scaled by:
(S Pogw <T
P, corrected — { Praw X F, Praw >T (3>

where the scaling factor is:

F = Hobs>T (4>

Hmod,>T

57



where Ugps > and Upog > are the wet-month average precipitation values from observations and models,
respectively (Schmidli et al. 20006). This approach preserves dry-month statistics, corrects systematic inten-

sity biases, and is particularly suitable for arid and semi-arid regions such as Sudan.

Delta Method

A straightforward bias adjustment method applying a monthly multiplicative correction:

_ ﬁobs

Peorrected = Praw X P ®)
mod

where Poq and Ppoq are the long-term monthly means from observations and the model, respectively.

Only wet months (=0.001 mm/month) are adjusted, thereby preserving the dry-season structure (Hay et

al. 2000; Teutschbein, Seibert 2012).

4.2. Performance evaluation metrics
To quantify the effectiveness of the bias correction techniques, a set of complementary statistical measures

was employed to compare simulated precipitation against the CHIRPS observational reference. The Pear-
son correlation coefficient (1) evaluates the strength and direction of the linear association between mod-
eled and observed values. The Root Mean Squate Error (RMSE) captures the overall magnitude of devia-

tions, reflecting the typical difference between simulations and observations. The Mean Bias (MB) indi-
cates the systematic tendency of models to overestimate or underestimate precipitation relative to observa-

tions.

The Pearson correlation coefficient (1) quantifies the strength and direction of the linear relationship be-

tween simulated (x;) and observed (y;) precipitation:

_ G- (yi—5)
r =
JzyZl(xi—f)z JZ?:1<yi—y)2

©)

where (X) and () ate the mean values of the simulated and obsetved precipitation, respectively. This met-

ric evaluates the temporal agreement between simulations and observations.

The Root Mean Square Error (RMSE) provides a measure of the average magnitude of deviations be-

tween simulations and observations, reflecting the overall accuracy of the model:

1
RMSE = |25, G — 30 )
The Mean Bias (MB) indicates systematic overestimation or underestimation by the model:

MB =1

n

X g —yi) @®
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A key integrative metric, the Kling—Gupta Efficiency (KGE), synthesizes three critical aspects of a model:
performance correlation, variability, and mean bias, into a single score. Using the revised formulation

(Kling et al. 2012), the KGE'is calculated as:

Oobs/Hobs

1<GE=1—\/(r—1)2+(a—1)2+(M—1)2 )

Here, 1 represents the Pearson correlation coefficient, which quantifies the linear association between

Osim

simulated and observed precipitation. The term a = denotes the variability ratio, reflecting the relative

Oobs
Gsim/ Hsim

spread of simulated precipitation compared to observations. The third component, expressed as oo/ o
obs/ Fobs

is the ratio of the coefficients of vatiation (CVj of simulated to obsetrved precipitation, thereby
incorporating the combined influence of variability and bias. This formulation ensures that deviations in
correlation, variability, or normalized variability (via CVratio) are equally weighted, providing a more

balanced assessment of model performance.

4.3. Uncertainty quantification and robustness assessment

To assess the reliability of the performance metrics and the robustness of bias correction methods, a non-
parametric bootstrapping approach was implemented with 1,000 resampled datasets to estimate 95%
confidence intervals, providing a rigorous evaluation of statistical uncertainty for each metric (Efron,
Tibshirani 1993). In addition, sensitivity analyses were conducted to examine both seasonal (March-May
and June-September) and spatial variability in method performance across Sudan (Saltelli et al. 2008).
Statistical significance testing was applied to determine whether observed improvements in bias-corrected

outputs relative to raw simulations were meaningful, ensuring that conclusions drawn are robust and

defensible (Wilks 2011).

5. Results

5.1. Model evaluation

The initial evaluation of raw CMIPG6 precipitation simulations over Sudan was conducted through direct
comparison with CHIRPS observational data for the period 1991-2014. Four complementary statistical
metrics were computed to quantify model performance: Centered Root Mean Square Difference
(CRMSD), mean bias, Pearson correlation coefficient (1), and Kling—Gupta Efficiency (Wilks 2011; Kling
et al. 2012). CRMSD measures the magnitude of pattern errors after removing the mean bias, bias quanti-
fies systematic overestimation or underestimation, the correlation coefficient assesses the temporal agree-
ment between model and observations, and KGE integrates correlation, variability, and bias into a single

skill metric.

Substantial variability was observed among the ten CMIP6 models when expressed relative to the
CHIRPS mean precipitation. Correlation coefficients ranged from 0.72 to 0.95, with EC-Earth3 (r = 0.95),
NESM3 (r = 0.93), INM-CM4-8 (r = 0.92), KACE-1-0-G (¢ = 0.92), and MIROCGO6 (r = 0.92) exhibiting
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the strongest temporal agreement. Relative CRMSD values, expressed as a percentage of the CHIRPS
mean, ranged between 10.87% (EC-Earth3) and 25.31% (MRI-ESM2-0), highlighting marked differences
in the models’ ability to reproduce observed temporal variability. Mean bias analysis revealed that most
models tended to underestimate rainfall, particularly AWI-CM-1-1-MR (-28.45%), HadGEM3-GC31-LL
(—22.50%), and KACE-1-0-G (-16.15%), whereas GFDL-ESM4 (+5.24%) and INM-CM4-8 (+2.28%)
slightly overestimated precipitation. KGE scores ranged from 0.58 (MRI-ESM2-0) to 0.89 (EC-Earth3),

emphasizing pronounced inter-model differences in overall simulation skill.

(a) Model Performance Heatmap - 0.00 0.20 (b) CMIP6 Taylor Diagram
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Fig. 2. CMIP6 model evaluation over Sudan (1991-2014). (a) Model Performance Heatmap: centered root-mean-
square difference (CRMSD), mean bias magnitude, Pearson correlation coefficient (r), and Kling—Gupta Efficiency
(KGE) for raw precipitation simulations. Metrics were rescaled to 011 to allow direct compatison; lighter colours
indicate better relative performance. Original unscaled values are annotated within each cell. (b) CMIP6 Taylor
Diagram: standard deviation, correlation coefficient, and CRMSD of each model relative to CHIRPS observations.
Models closer to the reference point (CHIRPS) exhibit higher agreement in precipitation pattern and magnitude. EC-
Earth3 achieved the highest correlation and lowest CRMSD, whereas MRI-ESM2-0 displayed the lowest correlation
and highest CRMSD among the evaluated models.

These results are summarized in the heatmap presented in Figure 2a, which displays the four performance
metrics for each model. To enable direct comparison across metrics with differing units and ranges, all
values were rescaled to a standardized 0-1 scale, where lighter colours indicate better relative performance
(i.e., lower CRMSD and bias magnitude, higher correlation and KGE), and darker colours denote poorer
performance. Numeric annotations within each cell represent the original unscaled metric values. Comple-
menting the heatmap, Figure 2b shows a Taylor diagram (Taylor 2001) that simultaneously illustrates the
standard deviation, CRMSD, and correlation of each model relative to CHIRPS. Models positioned closer
to the reference point indicate superior agreement with observed precipitation patterns and magnitudes.
EC-Earth3 achieved both the highest correlation and the lowest CRMSD, indicating strong fidelity in re-
producing observed variability. Conversely, MRI-ESM2-0 exhibited the weakest correlation and largest
CRMSD, reflecting limited skill. Intermediate-performing models such as KACE-1-0-G, MIROCO, and

60



INM-CM4-8 clustered near the reference point, displaying modest pattern errors but satisfactory correla-

tion strength.

Together, the heatmap and Taylor diagram provide a comprehensive assessment of raw CMIP6
precipitation performance over Sudan. The observed inter-model differences in magnitude, pattern, and
combined skill metrics underscore the necessity for bias correction before employing these simulations for

impact assessments or climate adaptation planning.

5.2. Bias characteristics

The raw CMIP6 ensemble precipitation over Sudan exhibits substantial annual, seasonal, and spatial biases
relative to CHIRPS observations (Fig. 3). At the annual scale (ANN), the median bias is modestly positive
at 7.14%, with a wide variability ranging from —82.20% to +100% (standard deviation: 48.01%).
Overestimation dominates 60.4% of the country, primarily in the southern regions, while underestimation
affects 39.6%, mainly across the northern and western arid zones. This indicates a spatially mixed bias

pattern at the annual scale.
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Fig. 3. Seasonal precipitation over Sudan for the annual (ANN), pre-monsoon (March-May; MAM), and monsoon
(June-September; JJAS) seasons during 1991-2014. Panels from left to right show CHIRPS observations, raw CMIP6
ensemble mean precipitation, and the corresponding median bias (CMIP6 — CHIRPS) in percent (%). Hatching

indicates areas where the bias is statistically significant (p < 0.05), determined using two-sample t-tests.
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5.3. Bias correction effectiveness

The performance of four bias-correction techniques: Local Intensity Scaling (LOCI), Delta Change
(Delta), Empirical Quantile Mapping (EQM), and Gamma Quantile Mapping (Gamma-QM) was assessed
for ten CMIP6 precipitation models over Sudan during 1991-2014, using CHIRPS observations as the
reference. Model fidelity was evaluated through Pearson correlation (r), Kling—Gupta Efficiency (KGE),
and the centered root-mean-square difference (CRMSD). Figure 4 summarizes inter-model performance
across methods. Both EQM and Gamma-QM deliver the strongest and most consistent improvements.
Mean correlation (mean t standard deviation across models) increases from 0.91 = 0.01 in the raw
ensemble to 0.98 £ 0.01 after EQM and 0.98 *+ 0.01 after Gamma-QM. Correspondingly, mean CRMSD
decreases from 17.7 = 6.5 mm in the raw simulations to 7.7 £ 0.4 mm (EQM) and 7.9 £ 0.5 mm
(Gamma-QM). The average KGE rises sharply from 0.72 £ 0.22 in the uncotrrected models to 0.98 £ 0.01
following both quantile-based corrections, indicating a near-complete recovery of observed precipitation
variability and bias structure. LOCI yields moderate but robust gains, increasing mean correlation to 0.96
1 0.01 and KGE'to 0.94 + 0.03, while reducing CRMSD to 9.6 £ 1.1 mm. In contrast, the Delta method
exhibits greatet inter-model variability, with mean cotrelation 0.93 £ 0.06, mean KGE0.91 £ 0.07, and
CRMSD 12.7 £ 4.6 mm. Although Delta performs comparably to LOCI for several models, its linear
scaling approach fails to capture nonlinear precipitation biases fully, resulting in less uniform

improvements.
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Fig. 4. Heatmaps illustrating Pearson correlation coefficient, Centered Root Mean Square Difference (CRMSD), and
Kling—Gupta Efficiency (KGE) for ten CMIP6 climate models before and after bias correction by LOCI, Delta,
EQM, and Gamma methods. Results are benchmarked against CHIRPS observations over Sudan (annual mean,
1991-2014). Supetior performance is indicated by higher correlation and KGE, and lower CRMSD values, with EQM

and Gamma methods showing consistently better skill.

Overall, these results demonstrate that quantile-based bias-correction approaches (EQM and Gamma-
QM) are the most effective for CMIP6 precipitation simulations over Sudan. They minimize amplitude

errors, enhance temporal coherence with CHIRPS observations, and substantially improve both statistical
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reliability and physical realism. Such corrections are therefore essential for downstream hydrological and

climate-impact analyses in the region.

5.4. Uncertainty assessment via bootstrapping

The robustness of each bias-correction method was evaluated using non-parametric bootstrapping with
1,000 replicates across three seasonal periods: annual, pre-monsoon, and monsoon. Four evaluation met-
rics were considered: bias, root mean square error (RMSE), Pearson correlation coefficient (1), and Kling—
Gupta efficiency (KGE). The corresponding bootstrapped medians with 95% confidence intervals (CF5)

are summatized in Table 2.

Table 2. Bootstrapped (median +95% CI) evaluation of CMIP6 precipitation over Sudan for Raw and bias-cortrected
methods (Delta, EQM, Gamma-QM, LOCI) across ANN, MAM, and JJAS petiods. Metrics shown include Kling—
Gupta Efficiency (KGE), RMSE;, Bias, and ABias (%), which represents the percentage reduction in absolute bias rel-

ative to the Raw simulation.

Method | Period KGE RMSE Bias ABias (%)
Raw ANN 0.78 (0.00-0.93) 14.17 (11.79-39.55) —0.48 (—7.54-18.91) 0
Delta ANN 0.98 (0.81-0.99) 2.19 (1.27-19.36) 0.11 (—3.62-1.05) 77
EQM ANN 1.00 (0.99-1.00) 0.11 (0.04-0.64) —0.03 (—0.34——0.01) 94
Gamma | ANN 1.00 (0.99-1.00) 0.13 (0.02-1.33) 0.03 (—0.02-0.41) 94
LOCI ANN 0.98 (0.92-1.00) 1.65 (0.87-3.83) —0.54 (—2.70-0.19) —13
Raw MAM 0.41 (0.00-0.83) 16.52 (11.13-42.07) 5.18 (—9.40-23.90) 0
Delta MAM 0.99 (0.72—1.00) 0.78 (0.08-15.14) —0.14 (—3.24——0.01) 97
EQM MAM 1.00 (0.96-1.00) 0.05 (0.01-1.55) —0.02 (—0.74——0.01) 100
Gamma | MAM 1.00 (0.99-1.00) 0.09 (0.03-0.73) 0.02 (—0.07-0.13) 100
LOCI MAM 0.95 (0.76-0.99) 2.03 (1.33-7.12) —0.03 (—4.50-1.10) 99
Raw | JJAS 0.81 (0.19-0.90) 37.21 (27.57-75.34) —8.33 (—22.85-35.53) 0
Delta | JJAS 0.99 (0.841.00) 1.82 (0.08-39.68) ~0.52 (—7.99——0.02) 94
EQM | JJAS 1.00 (1.00-1.00) 0.31 (0.01-0.89) ~0.07 (—0.35-0.00) 99
Gamma | JJAS 1.00 (1.00-1.00) 0.13 (0.03-0.40) 0.00 (—0.06-0.16) 100
LOCI | JJAS 0.97 (0.95-1.00) 3.98 (0.93-5.95) —1.68 (—3.26-0.24) 80

The bootstrapped results indicate that quantile-based methods (EQM and Gamma-QM) consistently
achieve the highest reduction in absolute bias (ABias %) across all seasons. For the annual period, EQM
achieved the largest improvement with ABias = 94%, closely followed by Gamma-QM (ABias = 94%).
During the pre-monsoon season, both EQM and Gamma-QM fully corrected the mean bias

(ABias = 100%), reflecting near-perfect alignment with CHIRPS observations. In the monsoon petiod,
Gamma-QM slightly outperformed EQM (ABias = 100% vs. 99%), demonstrating robust performance

during the main rainy season.

Other methods, such as LOCI and Delta, generally improved model performance but were less consistent.
Notably, LOCI slightly increased the absolute bias in the annual period (ABias = —13%). Overall, these
findings highlight the superiority of EQM and Gamma-QM for correcting precipitation biases in regions
with complex seasonal variability, such as Sudan, while simultaneously improving KGE, RMSE, and bias

relative to the raw CMIP6 simulations.
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5.5. Annual and seasonal evaluation

Figure 5 presents the spatial distribution of seasonal precipitation biases for the ensemble raw and EQM-
corrected CMIPG6 simulations over Sudan, including maps of bias differences and the statistical
significance of the corrections. The raw simulations reveal a mean annual bias close to zero, with a median
of 2.16% and substantial spatial heterogeneity (standard deviation: 69.69%). During March-May, biases are
dominated by overestimation, with a median of 8.86% and standard deviation of 23.64%, while the June-
September period exhibits underestimation, with a median of —6.31% and a standard deviation of 65.22%.
Following EQM bias correction, median biases across all seasons are effectively reduced neatly to zero
(March-May: —0.21%, June-September: —0.15%, annual: —0.71%), and the spread of residual biases is
substantially narrowed (EQM standard deviations: annual 1.01%, March-May 0.43%, June-September
0.71%). The ABias (%), representing the relative improvement after EQM correction, shows a median
reduction of 96.18% for the annual period, 98.42% for March-May, and 98.75% for June-September,

indicating a marked enhancement in model-observation agreement.
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Fig. 5. Spatial distribution of annual and seasonal precipitation biases over Sudan (1991-2014) for the ensemble raw
CMIP6 simulations and EQM bias-corrected outputs. Columns represent (from left to right) the raw bias, EQM-
corrected bias, and the percentage reduction in bias (ABias %) following EQM cortection. Units are mm/year for
the annual (ANN) row and mm/season for seasonal rows (MAM: March—May, JJAS: June—September). Grey shad-
ing in MAM highlights arid northern and central regions with observed precipitation below 10 mm/season, excluded

from the ABias calculation. Hatching indicates areas where bias reduction is statistically significant (p < 0.05).
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The observed seasonal biases likely arise from a combination of factors inherent to global climate models,
including limitations in convective parameterizations, representation of orographic effects, and model res-
olution constraints, all of which influence the simulation of precipitation intensity and spatial distribution.
The pronounced overestimation during the pre-monsoon season may reflect difficulties in simulating the

onset of the rainy season, whereas the underestimation during the monsoon season could be related to

deficiencies in representing the full intensity and extent of monsoonal rainfall.

While the EQM bias correction method substantially mitigates these systematic biases, it is important to
note that bias correction techniques primarily adjust the statistical properties of model outputs and do not
address the underlying model physics. Consequently, residual biases and uncertainties may persist, espe-
cially under future climate conditions or outside the calibration period. Moreover, the spatial patterns of
bias correction effectiveness vary, emphasizing the need for continued model development alongside the

application of bias correction approaches.

5.6. Evaluation of model performance

The performance of ten CMIP6 models in reproducing observed precipitation climatology over Sudan
was evaluated for annual and seasonal periods. Empirical Quantile Mapping (EQM) was applied to assess
its influence on model fidelity. Model skill was quantified using correlation, centered root-mean-square
difference expressed as a percentage of observed mean precipitation (CRMSD%) and normalized standard
deviation relative to CHIRPS. Both raw and EQM-corrected simulations were analyzed to determine the

magnitude of improvement following bias correction.

At the annual scale, EQM substantially reduces model errors, with CRMSD decreases ranging from 35%
to 48% compared to the raw simulations (Fig. 6a). EC-Earth3, GFDL-ESM4, and INM-CM4-8 exhibit
the strongest improvements, achieving correlations of 0.97 and CRMSD values below 10% of the

observed annual mean, indicating a highly realistic representation of spatial rainfall vatiability.

During the pre-monsoon season, model performance shows greater variability (Fig. 6b). EQM reduces
CRMSD for all models, with the best-performing models NESM3, EC-Earth3, and GFDL-ESM4)
achieving CRMSD levels of 12-18% of observed seasonal precipitation and correlations between 0.81 and
0.91. These results highlight the effectiveness of EQM in correcting models that initially underestimated

early-season rainfall.

For the main monsoon season, EQM correction again improves simulation fidelity (Fig. 6¢). EC-Earth3,
GFDL-ESM4, and INM-CM4-8 continue to rank highest, with correlations of 0.87-0.88 and CRMSD
values of 15-20% relative to CHIRPS. Although correlations are slightly lower than at the annual scale,

these models consistently capture the spatial distribution of monsoon rainfall.

Overall, converting the evaluation to a percentage-based framework demonstrates that EQM significantly
enhances CMIPG precipitation simulations by reducing systematic biases and improving spatial pattern

agreement across Sudan’s diverse climatic zones.
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Fig. 6. Taylor diagrams for ten CMIP6 models before and after EQM bias correction during (a) annual, (b) March-
May, (c) June-September. Each diagram compares model performance with CHIRPS precipitation over Sudan in
terms of correlation (radial distance), CRMSD (curved distance from the reference point), and standard deviation
(distance from the origin). Star markers denote CHIRPS; circles represent raw models; triangles represent EQM-

corrected models.

Opverall, the Taylor diagram analysis (Fig. 6) demonstrates that EQM bias correction substantially
improves the statistical agreement of CMIP6 ensemble simulations with observations across all seasons.
EC-Earth3, GFDL-ESM4, and INM-CM4-8 are consistently the top performers annually and during the
monsoon season, while NESM3 excels during the pre-monsoon season. These results highlight both the
effectiveness of statistical bias correction and the relative strengths of individual models in capturing

seasonal precipitation dynamics over Sudan.

6. Discussion

The evaluation of CMIP6 precipitation simulations over Sudan reveals substantial variability in model skill,
highlighting the challenges of representing rainfall in arid and semi-arid climates. Raw model outputs ex-
hibit systematic biases, often overestimating rainfall during the pre-monsoon season and underestimating
it duting the main monsoon (Ayugi et al. 2022; Omay et al. 2023). Although annual biases appear smaller
on average, they conceal significant spatial heterogeneity, reflecting compensating errors across northern,
central, and southern Sudan. These discrepancies indicate that even the latest CMIP6 models struggle to
capture convective rainfall initiation, monsoon propagation, and regional orographic influences: issues that

have been documented in other CMIPG6 evaluation studies (Vogel et al. 2018; Toolan et al. 2025).

Application of bias correction methods markedly improves simulation fidelity, although effectiveness var-
ies by technique and season. Quantile-based approaches consistently produce the largest reductions in bias
while improving temporal correlation and overall model performance (Ayugi et al. 2022; Tiku et al. 2025).
These methods effectively mitigate seasonal biases during MAM and JJAS, reducing annual biases substan-
tially. In contrast, simpler methods with linear or intensity-scaling assumptions achieve only moderate im-
provements and fail to capture the nonlinearity of precipitation distributions during early-season rainfall
(Switanek et al. 2017). These findings underscore the importance of advanced, distribution-focused bias

correction in regions with highly seasonal and spatially variable rainfall.
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Spatially explicit analyses further demonstrate that bias correction reduces not only the magnitude of er-
rors but also improves the representation of precipitation variability in regions critical for water resources
and agriculture. By excluding arid northern areas with negligible precipitation (<40% of the seasonal
mean), and focusing on statistically significant improvements, this study ensures that methodological en-
hancements are both hydrologically meaningful and regionally robust. Such a spatially refined evaluation
represents an advancement over prior studies, which often assess only mean biases without accounting for

spatial heterogeneity or significance (Ayugi et al. 2022; Omay et al. 2023).

Finally, integrating bias reduction with rigorous model evaluation helps identify both the most reliable
models and the most effective correction methods. This framework demonstrates that even after statistical
correction, intrinsic model characteristics continue to influence seasonal performance. By combining bias
correction with model skill assessment, this study provides a robust approach for improving precipitation

simulations over Sudan and other regions with complex rainfall patterns (Tiku et al. 2025).

7. Conclusions

This study evaluated the performance of multiple bias correction techniques — LOCI, Delta, EQM, and
Gamma-QM — in improving CMIP6 precipitation simulations over Sudan for 1991-2014, using CHIRPS
observations as the reference. Raw CMIP6 models exhibited systematic spatial biases, primarily linked to
misrepresentation of the Intertropical Convergence Zone (ITCZ) and limitations in convective

parameterizations.

Among the tested methods, quantile-based approaches (EQM and Gamma-QM) consistently achieved the
largest improvements across statistical metrics (correlation, CRMSD, bias, and KGE), reducing mean bias
by up to 90 % and enhancing temporal agreement with observations. LOCI and Delta methods provided
moderate improvements, largely correcting mean precipitation, but were less effective in capturing
distributional variability. Bias correction effectiveness varied seasonally and spatially, performing best in
humid southern regions and during the monsoon season, while residual uncertainties persisted in arid

northern areas due to low rainfall and observational limitations.

By integrating multi-metric evaluation, robust bootstrapping, and spatially explicit significance testing, this
study demonstrates that advanced, distribution-focused bias correction substantially enhances model
fidelity, reproducing realistic spatial and temporal variability across annual and seasonal timescales. These
findings provide clear guidance for selecting reliable models and appropriate correction techniques in

climate impact assessments and water-resource planning.

Future work should extend these approaches to daily-scale analyses, incorporate multi-reference datasets,
and explore dynamical downscaling or hybrid correction frameworks to further improve model realism
under changing climate conditions, and to assess the persistence of correction effectiveness under non-

stationary climates.
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Abstract

Extreme weather events have significant impacts on society, water resources, health, and agriculture. In this research, we analyze
recent (1951-2020) and projected (2030-2099) trends in extreme precipitation indices within the Okpara Basin at the Nanon
outlet. To achieve this, eight indices of extreme precipitation indices recommended by the Expert Team on Climate Change
Detection and Indices (ETCCDI) were calculated using daily observations and outputs from SSP245 and SSP585 scenatios based
on the AWI-CM, INM-CM, and EC-Earth3 models. The Mann-Kendall and Student’s t-test methods were applied to examine
trends and changes in time series of extreme indices. The findings reveal that over the historical period, consecutive wet days
(CWD) and the number of wet days (R1mm) showed non-significant increasing trends. The consecutive dry days (CDD),
RX5day, R95p, and R99p indices indicated non-significant downward trends. Over the projected petiod, the CWD and CDD
indices exhibit downward or upward trends depending on the scenario and climate model: the RX1day, RX5day, R95p, R99p,
R1mm, and PRCPTOT indices display upward trends for all scenarios and models. An intensification of wet conditions is
therefore expected in the basin, and it is important for basin managers, planners, and decision-makers to develop strategies to

prevent and propetly manage possible water-related crises in the basin.
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1. Introduction

Long-term changes are coupled with extreme weather events, which are difficult to identify and classify,
and therefore difficult to simulate and even more difficult to predict (Royer 2024). Climate events are
classified as extreme when a meteorological or climatic variable exceeds (or falls below) a threshold close
to the upper (or lower) limit of the range of values observed for that variable (ONERC 2018). Climate
extremes and their impacts are now recognised as one of the greatest challenges facing the wo1ld through

its people, environment, and economies (IPCC 2021).

Extreme precipitation has become increasingly frequent as the climate changes. These events have
multiple impacts on humans and the environment. Extreme precipitation causes flooding, soil erosion,
reduced agricultural productivity, and crop and livestock losses. It can also cause extensive damage to
infrastructure, leading to economic losses and sometimes loss of life. Significant efforts have been made

wortldwide to anticipate the consequences of extreme precipitation. Future climate simulations under
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various scenarios are developed to analyze future precipitation trends. These scenarios range from SRES
(Special Report on Emission Scenarios) scenarios (IPCC 2007) to SSPs (Shared Socioeconomic Pathways)
scenarios, including RCPs (Representative Concentration Pathways) scenarios. Numerous studies at
global, regional, and local levels have examined trends and changes in precipitation and other
meteorological variables using these simulations. Efforts have also been made to develop extreme climate
indices. For example, the Expert Team on Climate Change Detection and Indices (ETCCDI) has
recommended several extreme precipitation indices (Zhang et al. 2011). These indices have enabled

significant progress in the study of the future climate.

In West Africa, Odoulami and Akinsanola (2018) detected a significant downward trend in the number of
dry days and a significant upward trend in the number of wet days in the Sahel. Diatta et al. (2020)
indicated a downward trend in dry conditions in the Sahel and Sahara, while an upward trend was
observed in the west and south of the Sahel. Atiah et al. (2020) indicated a significant downward trend in
wet indices around Lake Volta and in central Ghana, whereas upward trends were detected over northern
Ghana. In Benin, Attogouinon et al. (2017) reported no strong trends in extreme precipitation indices in
the upper Ouémé basin. N’tcha M’po et al. (2017) showed that the number of days with heavy and very
heavy precipitation, the number of consecutive wet days, the number of wet days per year, and total
precipitation are declining at most of the precipitation stations in the Ouémé basin. Houngue et al. (2019)
reported an intensification of heavy precipitation, a simple daily intensity index (SDII), and a decrease in
consecutive wet days (CWD) on the Ouémé delta in Benin. Obada et al. (2021) studied the spatio-
temporal variability of extreme precipitation across Benin. The intensification of these phenomena,
coupled with constant population growth and urbanization, suggests that flooding in Benin’s watersheds
will worsen. However, these studies were based on observed data and simulations based on RCPs
scenarios, and no study has been conducted on the future evolution of precipitation in the Okpara basin,
despite its proven importance in supplying water to the city of Parakou. Shared Socioeconomic Pathways
(SSPs) are climate change scenarios that describe alternative global socioeconomic futures up to 2100,
detailing different trajectories for population, economic development, technology, and environmental
policy. Combined with greenhouse gas emissions, they provide context for climate models and inform
policy responses. As with the RCP scenarios, it is important to know: What is the trend in extreme
precipitation in the Okpara basin under these scenarios? What are the changes in extreme precipitation
indices compared to the recent past, and what are the implications for the environment and populations?
The purpose of this study is to examine trends and changes in extreme precipitation indices in the Okpara
basin in Nanon under SSP scenarios. This study is important because prior knowledge of the impact of
climate change on extreme precipitation will raise awareness, lead to more rigorous climate change
policies, and improve preparedness for the consequences of extreme precipitation. Knowledge of the
impacts of climate change on extreme precipitation in the future would therefore be a major asset in the
process of sustainable development and environmental protection in a region highly vulnerable to climate

change.
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2. Methods

2.1. Study area and data

The Okpara watershed at the Nanon outlet is characterized by a crystalline peneplain interspersed with
hard-rock hills. It spans 2,070 km? and encompasses all or parts of five communes in the Borgou
Department: Tchaourou, N’Dali, Perere, Nikki, and Parakou (PNE-Bénin 2008). Geographically, it is
situated between 9°4’59” and 9°52’40.61” N, and 4°6°49.5” and 4°37°11.5” E (Fig. 1).

Observed daily precipitation (1951-2020) from five in situ stations (Ina, Nikki, Okpara, Parakou, and
Tchaourou) was obtained from the Agence Nationale de la Météorologie (Météo-Bénin). The observed
data are supplemented with simulations from climate models. In the Inter-model Comparison Project
Phase 6 (CMIPG6), a combination of Representative Concentration Pathway (RCP) and Shared
Socioeconomic Pathway (SSP) scenarios (Riahi et al. 2017) was developed. Among these scenarios,
historical, SSP245, and SSP585 scenarios from the AWI-CM, INM-CM, and EC-Earth3 climate models
(Table 1) were used. These models were selected for their high spatial resolution and ability to reproduce

extreme rainfall events in West Africa (Agyekum et al. 2022; Lebeza et al. 2024).

Table 1. Characteristics of the climate models used.

CMIP6 Institution Atmosphere lat/lon (°)
AWI-CM-1-1-MR Alfred Wegener Institute 0.9%0.9
INM-CM4-8 Institute for Numerical Mathematics (INM), Russia 1.5%2.0
EC-Earth3-CC EC-EARTH consortium, The Netherlands/Ireland 0.7x0.7
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Fig. 1. Geographical location of the Okpara basin in Nanon.
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2.2. Methods

Prior to using climate model data, bias correction needs to be applied at local scales (Worner et al. 2019).
Bias correction addresses biases in model output that result from how physical processes are captured in
the original climate models, their boundary and initial conditions, and the effects of the numerical
algorithms used for solving the partial differential equations within the model (Alamou et al. 2022). Bias
correction also removes errors due to the large spatial scale of grid cell models that can vary with local
climate specificity (Alamou et al. 2022). The ISI-MIP method (Hempel et al. 2013) is used in this study to

bias-correct climate model simulations (historical, SSP245, and SSP585).

To assess trends in precipitation and temperature indices, the Mann-Kendall test (Mann 1945; Kendall
1975) was used. The non-parametric Mann-Kendall test is commonly used to detect monotonic trends
in series of meteorological, hydrological, and environmental data (Bera 2017; Yu et al. 2017). The main
advantages of the Mann-Kendall test are (1) low sensitivity in homogeneous time series (Jaagus 20006)

and (2) there is no assumption of normally distributed residuals (Tabari, Talaece 2011).

To find whether the means of the projected periods are statistically different from the mean of the
reference period, Student’s t-test was used. Under the null hypothesis of equal sample means and the

alternative hypothesis of unequal sample means, the t-statistic is calculated as in Obada et al. (2021).

2.3. Extreme precipitation indices
To characterize extreme precipitation events in the Okpara Basin at Nanon, we investigated eight indices

of extreme precipitation recommended by the Expert Team on Climate Change Detection and Indices

(ETCCDI) (Zhang et al. 2011) (Table 2).

Table 2. List of extreme climate indices used.

Index Name Définition Unit
RX1day Maximum daily precipitation year Annual maximum daily precipitation mm
Rx5day Maximum precipitation of 5 consecutive days year Ann}lgl maximum of 5 consecutive days with mm
o precipitation
- Number of days with precipitation
Rimm Number of wet days (PRCP > = 1 mm) in cach year day
i 7 7 <
CDD Consecutive dry days Mammum length dry drays (PRCP < 1 mm) day
in each year
. ! Maximum length of wet days
CWD Consecutive wet days (PRCP > = 1 mm) in cach year day
R95p Very wet days When annual precipitation is > 95th percentile mm
R99p Extremely wet days When annual precipitation is > 95th percentile mm
o . ) Total annual precipitation in wet periods
PRCPTOT | Total annual precipitation of wet days (RR > = 1 mm) mm

3. Results
3.1. Performance of the bias correction
Figures 2 and 3 show the performance of bias correction on precipitation indices. On the one hand, these

results show that the ISI-MIP method used to correct the data performed well. The figures show that the
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differences between the raw data from the climate models and the observed data are reduced after the
biases have been corrected. Correcting for bias brings the model simulations closer to the observed data.
In this way, climate model projections can be used with maximum confidence to study the future

evolution of temperature and precipitation extremes in the basin.
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Fig. 2. Performance of the correction method on monthly precipitation.

3.2. Recent trends in precipitation indices in the Nanon basin

Figure 3 shows the spatial distribution of the frequency indices: consecutive dry days (CDD), consecutive
wet days (CWD), and number of wet days (R1mm). The first line of this figure shows that the CDD wvaries
between 44.3 and 164.7 days, with an average of 109.4 * 20.7 days over the period 1951 to 2020. It shows
an increasing gradient with latitude. This index shows a significant upward trend at the 95% threshold
throughout the basin, with higher trends recorded to the east of the basin. On average, this trend is about
4 days per decade in the basin. Furthermore, the CDD index shows, through Hubert’s test at the 1%
Scheffé test significance level, a breakpoint in 1961 dividing the study period into two sub-periods (1951-
1961 and 1961-2020). These two sub-periods have respective averages of 85.291 and 114.431 days.

The CWD varies between 2.9 and 13.2 days, with an average of 5.8 £ 1.4 days. This index decreases as
latitude increases, shows an average upward trend of 0.1 days/decade in the basin, and is only significant

in the extreme north. There is no break in the CWD.

The RImm index varies between 46.2 and 102.3 days, with an average of 75.8 = 9.4 days. It shows a
significant upward trend of 0.6 days/decade on average over the northern basin. Similar to CWD, it shows
a latitudinal gradient that decreases as latitude increases. The Rlmm shows a breakpoint, which is
highlighted by Hubert’s test at the 1% significance level of the Scheffé test. This point was detected in
1956. An average of 91.16 days was recorded for the first period (1951-1956) and an average of 76.865
days for the second period (1957-2020).

Figure 4 shows the spatial distribution of the average intensity indices (RX1day, RX5day, R95p, R99p and

PRCPTOT), their trends and significance, as well as their chronological evolution and probable
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breakpoints over the historical period (1951-2020). Figure 5 shows that the RX1day index varies between
52.7 and 141.5 mm, with an average of 78.1 = 11.2 mm, while the RX5day index varies between 90.5 and

185.5 mm, with an average of 124 £ 17.6 mm. The R95p index varies between 60.3 and 581.6 mm with an

average of 228.1 = 77.8 mm, while the R99p varies between 0 and 251.6 mm with an average of 70.3 *
35.9 mm. PRCPTOT varies between 671.6 and 1575.3 mm with an average of 1128.8 = 155.5 mm. The

RX5day, R95p, R99p, and PRCPTOT indices show a non-significant downward trend, except for
PRCPTOT, which is significant in the northern basin at the 1% threshold. The RX1day is increasing non-

significantly at the 1% threshold. Of all the intensity indices, only PRCPTOT shows a breakpoint detected

in 1969.
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Fig. 3. Trends of frequency indices (R1lmm, CDD, and CWD) over 1951-2020.
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Fig. 4. Trends of intensity indices (RX1day, RX5day, R95p, R99p, and PRCPTOT) over 1951-2020.

77



3.3. Future trends and changes in climate indices in the Nanon basin

Figure 5 shows future trends in the CDD and CWD indices of the AWI-CM, EC-Earth3, and INM-CM4
climate models under the SSP245 and SSP585 scenarios for the period 2030-2099. Under the SSP245
scenario, the AWI-CM model indicates significant increasing trends that vary from 1.5 to 5 days per
decade. The EC-Earth3 model indicates decreasing trends of —4.1 to —1.5 days per decade. These trends
are significant in the center of the basin. Under the SSP585 scenario, the INM-CM4 model indicates non-
significant mixed (downward and upward) trends for CDD. Significant downward trends in CDD, varying
from —5.4 to -3 days per decade, are indicated in the northern basin for the EC-Earth3 model, while non-

significant upward trends are predicted for the AWI-CM model.

The CWD index shows non-significant upward trends under both scenarios for the AWI-CM. Using the
EC-Earth3 model, non-significant downward trends are indicated for the SSP245 scenario, whereas
significant upward trends are predicted for the SSP585 scenario across the entire basin. For the INM-CM4
model, regardless of the scenatio, the CWD index shows downward trends across the entire basin; the
trends are significant for the SSP585 scenario. Overall, the predicted trends for all models and scenarios

are very small (less than 1 day per decade).

Figure 6 presents the changes in the CDD and CWD indices under the SSP245 and SSP585 scenarios
(2030-2099) compared to the observation period (1951-2020). The CDD could increase by 0 to 5 days in
the southern part of the basin and decrease by 0 to 7 days in the northern part of the basin under both
SSP245 and SSP585 scenarios for the AWI-CM model compared to the observation period. The EC-
Earth3 model predicts increases of about 7 to 15 days for the CDD under the SSP245 scenatio and 6 to
12 days under the SSP585 scenatio compared to the obsetvation period. These increases are statistically
significant in the central and southern basin. The INM-CM4 model indicates a significant decrease in
CDD over the entire basin, varying from 13 to 33 days for SSP245 and from 19 to 40 days for SSP585.
The indications are a possible decrease in the dry period in the basin and an increase in the rainy season
under these scenarios. The CWD could increase significantly over the entire basin compared to the
observation period, regardless of the scenatio and the climate model considered. These increases are of
the order of 3 to 7 days for the AWI-CM and EC-Earth3 models but relatively low for the INM-CM4
model (1 to 3 days).

Figure 7 shows the future trends of the PRCPTOT and RX1day indices under the SSP245 and SSP585
scenarios (2030-2099). The three climate models indicate non-significant increasing trends in the basin,
except for the INM-CM4 model, which predicts decreasing trends. However, significant upward trends
wete found over the entire basin with the SSP585 scenario for all models. For the PRCPTOT index, the
trends vary from 7.1 to 9.1 mm/year, 9.4 to 13.8 mm/year, and 12.1 to 13.4 mm/year, respectively, for
the AWI-CM, EC-Earth3 and INM-CM4 models. For the RX1day index, the trends vary between 6 and
11 mm/decade for the 3 climate models. The RX5day index shows significant upward trends across the

basin under the SSP585 scenatio for the 3 climate models considered, vatying from 12 to 18 mm/decade.
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The R1mm index shows downward trends under both AWI-CM model scenarios; significant under the
SSP245 scenatio, and varying between 1 and 2 days/decade, while the EC-Earth3 and INM-CM4 models
indicate significant upward trends under the SSP585 scenario across the basin and vary between 1.1 and
3.5 days/decade for EC-Earth3 and 3.6 and 4.3 days/decade for INM-CM4. These significant increases in

the number of wet days are consistent with the increase in PRCPTOT in the basin.

Figure 8 shows the changes in the PRCPTOT and RX1day indices under the SSP245 and SSP585
scenarios compared to observations. The PRCPTOT and RX1day indices could increase significantly
across the basin regardless of the scenario and climate model considered, except for the SSP245 scenario
of the AWI-CM climate model, which indicates significant decreases in the south of the basin and non-
significant increases in the north. Under the SSP245 scenario, the PRCPTOT index could increase
compared to the obsetvation petriod by 230 to 440 mm/year, 270 to 420 mm/year and 200 to 280
mm/yeat, respectively for the AWI-CM, EC-Earth3, and INM-CM4 models under the SSP245 scenatio
compared to increases of 550 to 700 mm/year, 430 to 550 mm/year and 420 to 500 mm/year under
SSP585. This indicates that future periods will be wetter than past periods under both scenarios . The
SSP585 scenario would be wetter than the SSP245 scenatio. The increases ate also significant for the
RX1day index. They vaty from 6 to 16 mm/year under SSP245 and 25 to 45 mm/year under SSP585 for
the EC-Earth3 model. For the INM-CM4 model, they vary from 55 and 75 for both scenarios. Regardless
of the scenario and climate model, the RImm and RX5day indices could increase significantly across the
basin. The Rlmm index could increase by 6 to 14 days/year under both scenarios for the EC-Earth3 and
INM-CM4 models compated to 10 to 30 days/year for the AWI-CM model.
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Fig. 5. Trends in CDD and CWD under SSP245 and SSP585 scenarios (2031-2099) at Nanon.
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Fig. 6. Changes in CDD and CWD under SSP245 and SSP585 scenarios (2031-2099) compared to historical

observations (1951-2020) at Nanon.
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Fig. 7. Trends in PRCPTOT and RX1day under SSP245 and SSP585 scenatios (2031-2099) at Nanon.
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Fig. 8. Changes in PRCPTOT and RX1day under SSP245 and SSP585 scenarios (2031-2099) compared to historical
observations (1951-2020) at Nanon.

4. Discussion

In this study, three global climate models are used for a local-scale study: the Okpara watershed at Nanon
outlet. The models have shown sufficient capacity to reproduce the region’s precipitation pattern, making
them ideal tools for studying the impact of climate change in the region. However, the models are unable
to simulate precipitation amounts correctly, underestimating the dry months and overestimating the
wettest months (July-August). These difficulties in simulating the local climate can be explained by the
limited spatial resolution of these models, which does not allow them to capture fine-scale phenomena,
and by the complexity of the interactions between the components of the climate system. Furthermore,
these difficulties may also be due to poor integration of regional boundary conditions (such as ocean
currents and topography) and local forcings such as changes in land use. These limitations lead to etrors in

key variables such as clouds, precipitation, and winds, which are influenced by fine-scale processes.
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The ISI-MIP method used to correct model errors has effectively brought the model simulation data
closer to the observation data. As a result, the projections using these models in the region would be

acceptable.

Over the 2030-2099 period, maximum consecutive wet day (CWD) and maximum consecutive days
(CDD) indices show upward and downward trends depending on SSP scenarios and climate models. For
the number of wet days (R1mm), maximum daily precipitation (RX1day), maximum precipitation of 5
consecutive (RX5day), heavy precipitation (R95p), very heavy (R99p), and total annual precipitation of wet
days (PRCPTOT) indices of all scenarios and models generally display significant upward trends. These
results are consistent with those obtained at the global scale with SSPs scenarios (Shi et al. 2021; Anil, Raj
2024, Tavosi et al. 2024; Nazarenko et al. 2025). For Africa, Lagos-Zufiga et al. (2024) report mixed
trends in the Rx5day and CDD indices, with significant spatial heterogeneity in both magnitude and
direction using RCPs scenatios. The frequency and intensity of heavy precipitation events are also
expected to increase with rising greenhouse gas emissions in East Africa (Ayugi et al. 2021; Demissie et al.
2025). Similar results are reported by Ebedi-Nding et al. (2024) for Central Africa. In the far future (2071-
2100), intensified wet conditions are expected on the Guinea Coast under SSP585, according to Ilori and

Adeyewa (2025).

The upward trends observed for most of the extreme precipitation indices led to a significant increase in
these indices under the SSP245 and SSP585 scenarios over the period of 2030-2099 compared to the
reference period (1951-2020). This suggests an intensification of wet conditions in the future in the
Okpara basin. This intensification could increase the risk of flooding (Aryee et al. 2024). Other
consequences of this warming are an increase in gross domestic product (GDP) and population exposed
to hazards (Shi et al. 2021; Yang, Zhao 2024). These trends reveal a need for specific management and
adaptation strategies focused on flooding. The findings of this work could provide useful information for
the development of climate change mitigation and adaptation policies in a region that is highly vulnerable
to the consequences of climate change due to a constantly increasing population and a lack of adequate
adaptation strategies (Diatta et al. 2020). The various development programs of the municipality of
Parakou should account for these aspects to preserve the safety of people and property, and with the aim

of efficiently managing possible water-related crises.

5. Conclusion

The analysis of precipitation indices in the Okpara Basin at Nanon over the period 1951-2020 shows non-
significant increasing trends for consecutive wet days (CWD), number of wet days (Rlmm), and
maximum daily precipitation (RX1day). Maximum consecutive dry days (CDD), maximum precipitation
of 5 consecutive (RX5day), heavy precipitation (R95p), very heavy precipitation (R99p), and total annual
precipitation of wet days (PRCPTOT) indices indicated non-significant downward trends. Projections
from AWI-CM, INM-CM4, and EC-Earth3 climate models under the SSP245 and SSP585 scenarios

indicate statistically significant upward trends for most of the indices, leading to a statistically significant
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increase of these indices in the future related to the observation period. An intensification of wet
conditions is therefore expected in the basin, and it is important that basin managers, planners, and

decision-makers must develop strategies to prevent and propetly manage possible water-related crises in

the basin.
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