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Abstract
Understanding the trend, extent, and effect of climate variability and land cover change are globally important for monitor-
ing river catchments water resources. Due to the majority of river catchment from developing countries such as Tanzania 
experiencing insufficient time series data, the long-term ERA5-Land (1960–2021) reanalysis was used to assess the influence 
of climate variability and land cover change on water resource in the Wami river catchment. The Mann–Kendal–Sneyer test 
revealed a change that reflects the effect of land cover change on runoff in 1992, hence the mean annual runoff, precipitation, 
and actual evapotranspiration decreased by 19%, 9.7%, and 8.9%, respectively, while potential evapotranspiration increased 
by 5% after the change. Budyko decomposition and climate elasticity methods illustrated that variability change caused a 
notable contribution to the reduction of Wami River runoff. Hydrological sensitivity analysis revealed that variability of 
climate is a primary factor that reduced runoff with a contribution of 69%, while land cover change is 31%, this illustrates 
runoff in the Wami river catchment is more vulnerable to climate variability than land cover change by considering that 
most of the catchment are classified as arid or semi-arid. Thus, our study emphasizes the importance embracing climate 
adaptation strategies, particularly a nature-based solution (NbS), to ensure the sustainability of water resources within the 
Wami river catchment.
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Introduction

Across the globe, river catchments are vigorous systems 
that undergo complex process caused by climate, physical 
properties of catchment, and anthropogenic actions (Dey and 
Mishra 2017). These process are being affected by climate 
change and anthropogenic operations, which is leading to 
a decrease in water resources and an increase in the num-
ber of hydrological disasters (Chen et al. 2013). The altera-
tion in precipitation and temperature are the driving force 
behind these changes, and they are being accelerated by 
global warming. Anthropogenic activities are also influenc-
ing runoff variability, as a results of land use and land cover 
changes (Lang, et al. 2017; Balist et al. 2021).

Apart from climate change and variability, anthropo-
genic actions alter land use land cover (LULC) changes, and 
hydrologic processes which eventually significantly affect 
ecosystem types and services, landscape patterns and eco-
logical processes, ecosystems diversity, river catchments, 
and water resources (Balist et al. 2021). Therefore, consid-
ering the aforementioned factors of increasing water use, 
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climate change, and LULC changes, achieving sustainable 
water resources at a catchment becomes exceedingly chal-
lenging (Kim et al. 2014; Shao et al. 2019). Quantifying the 
effects of climate change on water resources is important 
for the sustainability of river catchment management for 
the current and future generations. This is because climate 
change is already having a significant impact on river catch-
ments, as evidenced by the reduction of 17% in stream flow 
in several major rivers catchment in Tanzania (Lalika et al. 
2015). The primary cause of this reduction is the alterations 
in precipitation and temperature, both stemming from the 
climate change. The impact of climate change and anthropo-
genic actions is more significant in arid and semi-arid areas, 
resulting in changes in water resources (Chen et al. 2013). 
This is also true for the Wami/Ruvu catchments, which are 
largely arid and semi-arid and have experienced changes in 
both climate and LULC which cause the decline of water 
availability within the catchment (Wambura et al. 2015). 
The population of the Wami/Ruvu river basin is estimated 
to be 10 million according to 2019 estimates (Twisa and 
Buchroithner 2019; Kanyabwoya 2022).

The impact of climate change and land cover change on 
water resources is a complex issue, and the severity of these 
impacts in the Wami river catchment has not been fully 
quantified. However, there is evidence that these impacts 
are already having a negative impact on the availability of 
water for both human and environmental use (Kalugendo 
2014). A recent article published in The Citizen newspa-
per on 11th November 2021, described a water shortage in 
Dar es Salaam. The city relies on water supplies from the 
Wami River and Upper Ruvu River, but these rivers have 
been experiencing a reduction in water level due to drought 
(Nachilongo 2021).

The lack of accurate ground-based data in the Wami river 
catchment has made it difficult to assess the impact of cli-
mate change and anthropogenic actions on water resources. 
Ground stations are inadequate and unevenly distributed 
globally and in most low-income countries (Ayehu et al. 
2017). Wami river catchment is also among the catchment 
in Tanzania, facing the challenge of lacking in-situ meas-
ured data (Mulungu and Mukama 2022). In recent years, 
there have been significant advances in remote sensing, 
reanalysis, and machine learning, weather data from satel-
lites has become an alternative data source, reducing the 
big gap of unavailability of accurate ground-based data sets 
(Nawaz et al. 2021). Despite advancement in remote sens-
ing RS, reanalysis data are widely used due to its ability 
to produce consistent time series of various climatic vari-
ables. This is achieved by employing the latest model and 
incorporating up-to-date global observations (Chiaravalloti 
et al. 2022). To address the challenges of obtaining accurate 
ground-based data, the used ERA5-Land reanalysis data 

were applied. The ERA5-Land is a global product produced 
by the European Centre for Medium-Range Weather Fore-
cast (ECMWF) as part of the 5th generation of European 
Reanalysis (ERA5) (Dhawan et al. 2023). This data source 
was chosen as it offers a wide range selection (i.e., a total 
of 50) of weather parameters, and enhances the robustness 
and scope of our research findings. The ERA5-Land data 
set offers hourly temporal resolution, incorporating surface 
modelling (H-TESSEL), an advanced 4D-var data assimi-
lation scheme, and a numerical weather prediction model 
shared with ERA5 (Muñoz-Sabater et al. 2021; Xie et al. 
2022). As a result, it provides a spatial resolution of 9 km, 
enhancing the precision and accuracy of the data (Xie et al. 
2022).

The ERA5-Land reanalysis data are a valuable resource 
of data that can be used to improve our understanding of 
the impact of climate change and anthropogenic actions on 
water resources in the Wami river catchment. By assessing 
the potential causes of these changes, could help to improve 
understanding of hydrological variation, develop sustainable 
river catchment management strategies, and help decision-
makers develop sustainable solutions to tackle the challenges 
of water scarcity and adaptation to climate change.

Materials and methods

Description of the study area

This study took place within the Wami river catchment, 
located in the eastern-central area of Tanzania between lati-
tude 5° 00–7° 27′ S and longitude 36° 00′–39° 00 E (Fig. 1). 
The catchment consists of an area of 43,743 km2 that is 
divided into three sub-catchments, namely, Kinyasungwe 
(16,509 km2), Mkondoa (12,964 km2), and Wami (14,270 
km2). However, in this study, a total area of 41,073 km2 
was used by considering hydrological stations as a bench-
mark point. Dodoma Region forms a large part of the catch-
ment and is a plateau, while the Uluguru and Udzungwa 
Mountains in Morogoro Region form the roof part of the 
basin. The elevation of the Wami River sub-basin ranges 
from 0 to 2382 m. The catchment has an average rainfall of 
550–1000 mm per annum (Ngondo et al. 2022). The study 
area consists of distinct rainfall seasons, which are unimodal 
rainfall occurring from December to May in the western and 
southwestern parts. In addition, bimodal season, occurring 
in eastern and northeastern parts as these regions experience 
two wet periods between October to December, and March 
and May (Luhunga 2018). The mean annual temperature 
within the area ranges from 12 to 24 °C (Wambura et al. 
2015).



Environmental Earth Sciences          (2024) 83:133 	 Page 3 of 17    133 

Data sources

Landsat satellite imagery acquisitions, processing, 
and classification

The Landsat imageries have been used to analyse Land 
use/cover (LULC) changing patterns throughout the 
Wami river catchment and are in four different paths and 
rows of Landsat images tiles (such as paths, 166,167,168 
and rows 66, 65) with 30 m of spatial resolution as indi-
cated in Table A.1 in the supplementary material. To 
cover the entire area, six Landsat data sets for each year 
were obtained from the United States Geological Survey 
(USGS) Earth Explorer website https://​earth​explo​rer.​
usgs.​gov/, and thus 16 cloud-free images were acquired 
by considering dry season (June–August) to minimize 
seasonal influence. Using radiometric calibration and 
dark subtraction, fast line of sight atmospheric analysis of 
spectral hypercube (FLAASH) was used to atmospheri-
cally correct each image scene in the ENVI 5.3 software 
(produced by Hariss Geospatial Solutions in Broomfield, 
Colorado, USA) (Ngondo et al. 2021). The top of atmos-
phere (TOA) reflectance was obtained using the Landsat 
digital numbers (DNs). The adjusted Landsat images were 
then mosaicked into a single composite image and clipped 
to research area boundary. This study was conducted for 
30 years, using decade intervals (1991, 2001, 2011, and 

2021). In addition to satellite images, several reference 
data sets were acquired, including topographical data such 
as a digital elevation model and a Google Earth image for 
accuracy assessment of the classification of land use land 
cover change and a total of 450 ground truth were col-
lected using google earth to assist in the accuracy assess-
ment process of the study area.

Seven major classes of land use land cover were identi-
fied which are forest, agriculture land, bare-land, bushland, 
woodland, built up area and wetland, as outlined in Table 1. 
To develop accurate result of classification from Landsat 
images we applied an integrated image classification method 
which involves combination of both spectral bands and vari-
ous indexes approach. Random forest supervised classifier 
was used in this study to digitally categorize Landsat images 
into various classes of land use/cover. Random forest algo-
rithm is non-parametric and Ensemble learning algorithms 
which have recently increasing interest in use in remote 
sensing, because they are more accurate and robust to noise 
than single classifiers (Dietterich 2000; Belgiu and Drăguţ 
2016).Also, it is relatively robust to outliers and noise.

Accuracy assessment

Accuracy evaluation was purposely to evaluate the degree to 
which pixels have been correctly assigned to their respective 
land cover classes (Rwanga and Ndambuki 2017). Ground 

Fig. 1   Wami river catchment

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
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truth techniques using field survey conducted from 01 august 
2021 to September 15, 2021, for a total of 450 sample cover-
ing about 1750 km of road travel in the Wami river catch-
ment. Ground data were collected based on pre-classified 
output, handheld Garmin GPS and Cannon Camera were 
used to capture information in the field. The ground point 
information was collected from 300 m × 300 m plots and 
capture GPS locations, land use/cover categories, and the 
estimate of land cover percentages. Ground point sample 
were acquired within large continuous of a particular land 
use/cover. Furthermore, Google earth pro was employed as 
additional ground survey information in class identification 
for previous years’ land use/cover image generate.Confusion 
matrix table (error matrix) was generated with the use of Arc 
map 10.8 which is widely used in reporting the accuracy 
of classification obtained from remotely sensed data (Roy 
et al. 2015). This model of error provides the estimates for 
user, and producer accuracy along with the error of inclusion 
and exclusion and overall accuracy for each classification 
(Roy et al. 2015). Kappa statistic (Khat) is another accu-
racy approach used in this study and is used to measure the 
matrix agreement (Cohen 1960).

To assess the accuracy of LULC, a total of 480 ground 
truth sample points were generated using a random sam-
pling approach in Google Earth. The accuracy assessment 
process was then performed in ArcMap (10.8.2) software 
using the class values. Finally, an error matrix table was 
created, which consists of different statistical measurements. 
The Kappa statistics, user accuracy, producer accuracy, and 
overall accuracy were calculated from the values in the 
matrix using the following formulas:

where Obs represent accuracy found in the error matrix 
(overall accuracy) and exp represents correct classification. 
Based on the accuracy and classification, seven major LULC 

(1)Overallaccuracy =
sumofdiagonalelements

Totalnoofaccuracysites(pixels)
× 100

(2)KappaStatistics =
Obs−exp

1−exp

classes were identified as presented in Table A.2 in sup-
plementary material. These classes include built-up, agri-
cultural land, bare land, bushland, woodland, wetland, and 
forest (Fig. 2).

Climatological and hydrological data  Gauge data set: Due 
to the scarcity of measured climate data sets in the study 
area, only available monthly meteorological data, specifi-
cally rainfall from a total of 8 weather stations (Fig. 1) were 
obtained. These stations were selected based on a reference 
period of 1991–2021 and the data were sourced from the 
Tanzania Meteorological Agency (TMA). It is evident as in 
Fig. 1 shows that the distribution of stations is quite spatial, 
with only eight available functioning stations covering an 
area of about 43,743 km2. Only rainfall data from observed 
rain gauge stations were used to validate ERA5-Land pre-
cipitation within the catchment.

The standard normal homogeneity test (SNHT) (Alexan-
dersson 1986) and Buishand’s range test (1982) were used 
to evaluate the homogeneity of observed rainfall time series 
data at a 95% significance level. As Table 2 illustrates, all 
the observed rainfall data were found to be homogeneous.

ERA5-Land data set: The ERA5-Land is a reanalysis of 
the land surface variables that are based on the ECMWF, 
ERA5 climate reanalysis, and it has a native horizontal 
resolution of about 9 km, which means that it can capture 
smaller-scale features on the land surface (Chiaravalloti et al. 
2022). Its coverage period is from 1950 to the present as 
it is illustrating in vast detail the water and energy cycles 
with hourly temporal frequency output (Muñoz-Sabater et al. 
2021). The retrieved data at the monthly step used in this 
study are 2 m air temperature T (K), precipitation P (m), 
potential evapotranspiration PET (m), actual evapotranspira-
tion AET (m), and surface runoff (m). The data were down-
loaded from the Climate Dara Store (CDC) https://​cds.​clima​
te.​coper​nicus.​eu/ for the time interval from 1960 to 2021, 
whereby the store is a free and open-access repository of 
climate data.

Evaluation of observed rainfall and ERA5-Land precipi-
tation: Several statistics metrics such as Pearson correlation 

Table 1   Land use/cover classes categories identified in the study area

Sn LULC category Description

1 Built up area Urban settlements, Rural/Trading center, transportation networks, commercial and industrial area
2 Agriculture land Agriculture fields
3 Bare land Exposed field of land and sand fill area
4 Bush land Shrubs, scrub and bushed
5 Woodland Open Crown trees
6 Wetland Covered with shallow water, Perennial water body, lake, ponds and other water reservoir, and 

flowing water confined in a channel
7 Forest Evergreen and semi evergreens forest cover

https://cds.climate.copernicus.eu/
https://cds.climate.copernicus.eu/
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(R), mean absolute error (MAE), root mean square error 
(RMSE), and percentage bias (PBIAS) for evaluating the 
performance of observed and ERA5-Land precipitation data 
(Xie et al. 2022) were used. The equations and optimal val-
ues are given in Table 3.

Whereby xie is the value of ERA5-Land data, yio is 
observed data, x and y averages of observed and ERA5-Land 

precipitation, n is the degree of freedom of variables, and N 
is the total amount of data.

Mann–Kendall (MK) test  The Mann–Kendall trend test 
is a non-parametric statistical that was found by Kendall 
and Mann (Mann 1945; Kendall 1975). It is a widely used 
method for identifying trends in hydro-climatological time 

Fig. 2   Framework approach for the quantifying LULC in study area
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series data (Silva et al. 2015; Nyikadzino et al. 2020). In 
this study, the method was used to quantify the trends and 
magnitude of precipitation, temperature, PET, AET, and 
runoff change for the period from 1960 to 2021.

The MK test statistics (S) were computed using below 
equations:

whereby n indicated the number of observations, xi, and 
xj are the data values in time series which ranked as ith 
(i = i + 1……n) and jth (j = i + 1……n), respectively, of pre-
cipitation, temperature, and runoff. In addition, sgn ( Xj − �i ) 
is signum function and computed as

It has described that when n > 10, then statistics S is 
normally distributed with the mean E(S) = 0 (Eyasmin 
2017), and its variance is computed using the following 
equation:

(7)S =
∑n−1

i=1

∑n

j=i+1
sgn

(

Xj − Xi

)

sgn
(

Xj − 𝜒i

)

=
{

+1… if
(

Xj − 𝜒i

)

> 0, 0… if
(

Xj − 𝜒i

)

= 0,−1… if <
(

Xj − 𝜒i

)

< 1, (8)

whereby m = number of tied groups; (Σ) = summation of all 
tied groups, and ti = the number of ith ties group (I = 1,2, 
3.…n). The presence of a statistically significant trend (i.e., 
standardized test statistics) Zc is computed using Eq. (10), 
and formulated using S as follows:

The statistical trend was computed using the Zc value. 
A positive value of Zc indicates an upward, and a nega-
tive indicates a downward trend (Perera et al. 2020). The 
statistic Zc has a normal distribution to test for either an 
upward or downward trend at α level of significance (usu-
ally 5% ± Z1-α/2 = 1.96) (Perera et al. 2020; Gocic and 
Trajkovic 2013).

Sen’s slope estimator  Sen’s slope estimator was used to 
indicate the magnitude of the trend in the pair data set, 
and it is estimated using a simple nonparametric proce-
dure developed by Sen, (Sen 1968). The slope is given by 
the following formula:

whereby Xh and Xp were considered as values at time j and k 
(j > k) correspondingly. The median of these N values of Qi 
can be determined by Atta-ur-Rahman and Dawood (2017) 
and is represented as Sen’s estimator of slope which is given 
as

whereby the positive value of β illustrates an increase in 
trend, while the negative value of β showcases a decreas-
ing trend, and zero illustrates no trend (Atta-ur-Rahman 
and Dawood 2017; Mohammad et al. 2022). As the value of 
β indicates the trend of data, Figure A.1 in supplementary 
material indicated variability in potential evapotranspiration, 
actual evapotranspiration, and temperature of the Wami river 

catchment from 1960 to 2021.

Identification of  change point  The Mann–Kendall–
Sneyer test is a non-parametric method that was developed 
by Sneyers (1975). The method is commonly applied to 
detect the change point in the time series (Aminikhang-

Var(S) =
n(n − 1)(2n + 5) −

∑m

i=1
t
i
(t − 1)(2i + 5)

18
(9)

(10)
ZC =

�

S−1
√

Var(S)
… ifS > 0, 0… ifS = 0

S+1
√

Var(S)
… ifS < (0, #

(11)dk =
Xh−Xp

h−p
, forp = 1, 2, 3… ., n

(12)� =

{

d n+1

2

, nisodd,
1

2
(d n

2
+, d n+2

2

), niseven

Table 2   Homogeneity results of observed rainfall series at 95% sig-
nificance level

SN Station name Station ID SNHT BR
P value P value

1 Barega 9,637,003 0.095 0.581
2 Dakawa 9,637,091 0.728 0.992
3 Dodoma 9,635,001 0.389 0.835
4 Hombolo 9,535,019 0.331 0.996
5 Itiso 9,536,002 0.471 0.877
6 Kinyasungwe 9,636,020 0.089 0.996
7 kongwa 9,636,029 0.077 0.967
8 Mandera 9,638,004 0.937 0.590

Table 3   Statistics indicators are used to evaluate the monthly 
observed and ERA5-Land precipitation

Statistics Equations (3–6) Range Opti-
mal 
value

R R =
∑n

i=1
(xie−x)(yio−y)

√

∑n

i=1
(xie−x)

2

√

∑n

i=1
(xio−y)

2

– 1 to 1 1

PBIAS PBIAS =
∑n

i=1
(yio−xie)

N

 − ∞ to ∞ 0

RMSE

RMSE =

�

∑n

i=1
(xie−yio)

2

N

0 to ∞ 0

MAE MAE =
∑n

i=1
�yi−xi�

N

0 to ∞ 0
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hahi and Cook 2017). The test statistics were determined 
using the following formula:

The test statistics are normally distributed with mean, 
and variance is given by

Let

whereby ufx is the forward, and the backward sequence ubx 
is calculated using the same equation but with reversed data 
(Ervinia et al. 2017).

ERA5-Land runoff data were used to detect the step 
change point in the Wami River runoff spanning from 1960 
to 2021. When the intersection appears within the sig-
nificance level, it signifies the presence of a step change 
point, as described by Chen et al. (2013). In this study, the 
curve intersection demonstrated a change in 1992 at the 
significance level of 0.05. Therefore, the study period was 
divided into two distinct periods: the pre-transformation 
period (1960–1992) and the post-transformation period 
(1993–2021). In the pre-transformation period, it was 
assumed that the variability in the catchment was solely 
influenced by climate change. Conversely, during the post-
change, it was posited that the variability was influenced by 
both climate change and land cover change such as LULC 
in water resources within the catchment.

Conceptual approach  Tomer and Schilling's conceptual 
approach: A conceptual method introduced by Tomer and 
Schilling, (Tomer and Schilling 2009), describes the utiliza-
tion of water and energy within the catchment ecosystem. In 
addition, the approach emphasizes that alteration in the eco-
system is caused by shifts in climate, vegetation, or manage-
ment practices, which can be reflected by changes in water 
excess (Pex) and energy excess (Eex) (Krajewski et al. 2021). 
This approach considers PET, AET, and precipitation to 
describe changes occurring in the particular catchment. The 
approach is written by the following formula:

(13)Sx =
∑x

i=1
ri(2 ≤ x ≤ n

(14)ESx =
x(x−1)

4

(15)varSx =
x(x−1)(2x+5)

72

(16)Ufx =
Sx−ESx
√

varSx
#

(17)Eex =
PE−AET

PE
#

(18)Pex =
P−AET

P
#

Nevertheless, this method merely offers broad insights 
into whether the variation occurred due to climate change 
or anthropogenic actions (Dey and Mishra 2017).

Decomposition of the Budyko hypothesis  To quantitatively 
examine the influence of climate variability and land cover 
change on the Wami River runoff, the hydroclimatic data set 
was subjected to the application of the Budyko model (Bud-
yko 1948). This model characterizes the long-term water-
energy balance within the catchment by taking into account 
the relationship between water and land heat balance (Liu 
et al. 2023). Therefore, the Budyko curve is written as fol-
lows:

However, Krajewski et al., (2021) have illustrated that 
the aforementioned equation solely depicts a broad correla-
tion between evaporation ratio and the aridity index. Con-
sequently, to address this limitation, Budyko (1974), Fu 
(1981), and Yang et al. (2008) introduced empirical equa-
tions for estimating actual evaporation within the Budyko 
framework. These equations are presented as follows:

In Fu’s equation, the parameter ‘w’ represents catchment 
characteristics related to vegetation type, water storage, 
relative infiltration capacity hydraulics, and topography (Fu 
1981; Padrón et al. 2017). The default value for ‘w’ in the 
Budyko framework is commonly set to 2.6 (); Li et al. 2013; 
Greve et al. 2016; Gan et al. 2021however, a value of 2 for 
‘w’ as it aligned better with other equations employed in the 
Budyko analysis was utilized.

In addition, the parameter ‘α’ in Yang et al. (2008) equa-
tion signifies the characteristics of the basin landscape, 
primarily associated with soil, topography, and vegetation 
(Yang et al. 2008; Xu et al. 2014). There is a relationship 
between Fu’s and the Choudhury–Yang equation, where 
‘w’ is correlated with ‘α’ through the equation w = α + 0.72. 
Both parameters are influenced by catchment characteristics, 
such as slope, soil texture, and vegetation (Gan et al. 2021; 
Xu et al. 2014; Yang et al. 2009). Therefore, in this study, 
the parameter α = 1.5 based on this relationship was used.

In this study, a decomposition method proposed by Wang 
and Hejazi (2011) was employed to separate and quantify 

(19)AET

P
= f

(

PET

P
, basinproperties

)

#

(20)AET

P
=
{

PET

P

[

1 − exp
(

−
PET

P

)]

tanh
(

1∕
PET

P

)}0.5

(21)AET

P
= 1 +

PET

P
−
[

1 +
(

PET

P

)w]
1

w

(22)AET

P
=
[

1 +
(

PET

P

)�]−
1

�
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the respective impacts of land cover change and climate 
variability on runoff. This method operates on the assump-
tion that, in the absence of land cover land use activities 
the aridity index shifts to a different range solely due to cli-
mate change. Similarly, the evaporative ratio also undergoes 
a shift but continues to adhere to the same Budyko curve 
(Krajewski et al. 2021). Therefore, the alteration in Wami 
River runoff attributed to land cover change land use can be 
expressed using the following equation:

where P2 is the average annual precipitation in the post-
transformation period, AET ′

2 is the annual AET in the post-
transformation period estimated by the Budyko curves, 
AET2 is the average annual AET post-transformation.

Analytical approach  Climate elasticity: The impact of climate 
on river runoff can be evaluated through the climate elasticity 
method introduced by Schaake, (1990). This method examines 
how changes in precipitation and PET, correspond to changes 
in runoff on a proportional basis (Krajewski et al. 2021). The 
climate elasticity method is given by the following formula:

whereby �Pand�PET indicate the elasticity coefficient of 
runoff concerning precipitation and potential evapotran-
spiration, respectively, P is the long-term average annual 
precipitation, ΔP is the total change in precipitation, Q is 
the long-term average annual runoff and ΔPET is the total 
change in potential evapotranspiration (Mo et al. 2021). In 
this context, the Budyko approach provides the elasticity 
coefficient of runoff concerning precipitation and is indi-
cated as the aridity index ( ϕ =

PET

P
)Dey and Mishra 2017; 

Arora 2002) as follows:

and

whereby F’ is a derivative of the Budyko equations.
Hydrological sensitivity method: Changes in precipitation 

and PET have the potential to alter the water balance within the 
catchment. Therefore, this alteration can be assessed through 
the hydrological sensitivity method, which examines the 

(23)ΔQhum = P2

(

AET�2

P2

−
AET2

P2

)

(24)ΔQclim =
(

�P
ΔP

P
+

ΔPET

P

)

Q#

(25)�P = 1 +
�F

�
(�)

1−F(�)
#

(26)�P + �PET = 1#

changes in mean runoff relative to changes in mean annual 
precipitation (P), and PET (Li et al. 2007; Zuo et al. 2014).

The hydrological sensitivity method proposed by Dey and 
Mishra, (2017), provides insights to identify the change in 
mean runoff attributed to climate variability. The formula is 
as follows:

whereby ΔQclim,ΔP and ΔPET indicating changes in run-
off due to climate variability, change in precipitation, and 
change in potential evapotranspiration, respectively (Jiang 
et al. 2011). �Q

�P
 and �Q

�PET
 illustrates the coefficients of sen-

sitivity of runoff to precipitation and potential evapotran-
spiration, respectively (Li et al. 2007). It can be written as 
follows:

where ϕ is the aridity index (PET/P) and � is the plant-avail-
able water coefficient, whereby a change in the mean runoff 
may result from climate variability or land cover change 
based on the following equation:

where ΔQ describes the change in the mean annual runoff 
between two periods and ΔQclimandΔQhum are the changes 
in the mean annual runoff due to climate variability and land 
use/cover, respectively (Chen et al. 2013). A change in the 
mean annual runoff can be computed as follows:

where ΔQobs1 is the average runoff in the pre-transforma-
tion period, and ΔQobs2 is the average runoff in the post-
transformation period. Then, the relative contribution of 
climate variability and land use/cover to runoff changes can 
be expressed as follows:

where ΔQclim% and ΔQhum% are the percentage contribution 
of climate variability and land use/cover, respectively, to 
runoff changes in the Wami river catchment.

(27)ΔQclim =
�Q

�P
ΔP +

�Q

�PET
ΔPET#

(28)
�Q

�P
=

1+2ϕ+3�ϕ

(1+ϕ+�ϕ2)2
#

(29)
�Q

�PET
= −

1+2�ϕ

(1+ϕ+�ϕ2)2
#

(30)ΔQ = ΔQclim + ΔQhum

(31)ΔQ = ΔQobs1 − ΔQobs2

(32)ΔQclim% =
ΔQclim

ΔQ
× 100

(33)ΔQhum% =
ΔQhum

ΔQ
× 100
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Results

Spatiotemporal and the impact of land use and land 
cover

Classification accuracy

The accuracy assessment for our classification process 
gave the output of 76%, 81.2%, 85.4% and 85.83% for 
overall accuracy for 1991, 2001, 2011, and 2021 classi-
fication, while for Kappa statistics, the results were 72%, 
78.5%, 83.7% and 84.2%, respectively, to the other accu-
racy, as shown in the table below.

Years LU/LC Producer 
accuracy

User 
accuracy

Overall 
accuracy

Kappa

1991 Built-Up 95.27897 91.73554 75.93 72.65
Bare Land 98.43137 86.85121
Bush 

Land
85.5 51.12108

Agricul-
ture

69.26148 87.40554

Woodland 71.14914 72.93233
Wetland 79.41176 81.46552
Forest 61.08597 89.701

Years LU/LC Producer 
accuracy

User 
accuracy

Overall 
accuracy

Kappa

2001 Built-Up 92.90323 83.96501 81.2 78.59
Bare Land 94.23077 84.12017
Bush 

Land
69.62264 83.86364

Agricul-
ture

82.35294 78.53659

Woodland 72.52525 77.37069
Wetland 80.26316 84.13793
Forest 91.97531 80.75881

2011 Built-Up 91.01124 83.96501 85.47 83.76
Bare Land 89.9705 84.12017
Bush 

Land
83.28076 83.86364

Agricul-
ture

82.44444 78.53659

Woodland 75.18987 77.37069
Wetland 95.9799 84.13793
Forest 89.0411 80.75881

Years LU/LC Producer 
accuracy

User 
accuracy

Overall 
accuracy

Kappa

2021 Built-Up 94.78827 90.37267 85.83 84.23
Bare Land 89.05109 93.84615
Bush 

Land
89.74359 89.3617

Agricul-
ture

89.67254 91.75258

Woodland 71.2766 86.17363
Wetland 84.84848 88.11189
Forest 92.27642 73.7013

LULC change in the Wami river catchment  Through Land-
sat images between the years 1991 to 2021, managed to 
understand the existing LULC scenario of the Wami river 
catchment over a period of 30 years, which we obtained 
through the classification process. A total of seven major 
LULC classes were identified within the catchment area. 
These classes include built-up, wetlands, bare land, bush-
land, woodland, agricultural, and forests (Fig. 3).

The results derived from the classification between 
1991 and 2021 years show that anthropogenic actions 
such as LULC are the major factor of alteration within 
the catchment (Fig. 4). Thus, in 1991, the catchment had 
a total area of 41,073 km2 with bushlands being the most 
dominant LU/LC category, covering 58% of the total area. 
Agriculture and woodland were the second and third most 
dominant categories, covering 19.2% and 15% of the total 
area, respectively. In 2001, changes in the distribution of 
LU/LC categories were observed. Bushland retained its 
dominance, encompassing 53.7% of the entire area, agri-
culture (25.2%) became the second, followed by woodland 
(14.3%) as indicated in Table A.4 in supplementary mate-
rial. In 2011, agriculture shows growth of almost 20%, 
covering 38.4% of the entire catchment. Despite bushland 
maintaining its position as the most prominent category, 
covering 49% of the entire catchment, woodland emerged 
as the third most dominant category, accounting for 7.9% 
of the overall land. In 2021, notable alterations occurred 
in the distribution of LULC within the catchment area. 
The built-up experienced a remarkable surge, escalat-
ing from 0.8% in 2011 to 4.2% in 2021, making it the 
fourth most dominant category, while agriculture became 
the most dominant category covering 48.8%, followed by 
bushland (38.3%). Therefore, agricultural expansions, 
charcoal production, and built-up area expansion are the 
main driving factors of Land use/cover change. The dete-
rioration of vegetation cover (forest, woodland, and bush-
land), increasing of agricultural land and settlement land 
cover may increase the deterioration of natural ecosystem 
hence stakeholders’ intervention is requiring minimizing 
the potential impacts.
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Comparison of  observed and  ERA5‑Land precipitation  A 
point-to-pixel approach was used to compare only monthly 
observed rain gauges and ERA5-Land precipitation data to 
eliminate uncertainties during interpolation. The results, 
shown in Table A.5 as shown in supplementary mate-
rial, there was a moderate to strong correlation observed 
between the observed precipitation and ERA5-Land data 
set. The Pearson correlation coefficient ranged from 0.52 to 

0.75, indicating a significant relationship between the two 
data sets (Moriasi et al. 2007; Mararakanye et al. 2020). In 
addition, MAE magnitude ranges from 30.49 to 45.35, and 
RMSE is from 47.84 to 63.89. PBIAS values range from 
– 42.10 to 60.45, with an average value of 1.40, hence this 
indicated a tendency of underestimation of some stations 
and overestimation for others. The ERA5-Land precipitation 
performs moderately well against rain gauges at the differ-

Fig. 3   LULC of Wami river 
catchment from 1991 to 2021

Fig. 4   LULC graph for 1991, 
2001, 2011, and 2021 at the 
Wami River sub-basin
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ent weather stations, with the highest correlation and lowest 
error at the Kongwa station and the lowest correlation and 
highest error at the Mandera station (Table A.6). The aver-
age values of the statistical measure across all stations in the 
entire catchment indicate the moderate performance of the 
ERA5-Land precipitation data.

Mann–Kendall trend test of  annual ERA5‑Land data  The 
Mann–Kendall (MK) test was used to analyse annual 
climatological and hydrological variables from 1960 to 
2021 to identify long-term trends within the catchment. 
The results of the analysis (as shown in Table A.6 in sup-
plementary material) suggests that the annual tempera-
ture has been increasing significantly at a rate of 0.02 0C 
per year. Precipitation and AET, on the other hand, show 
negative trends with decreasing rates of 2.2 mm per year 
and 2.4 mm per year, respectively. Furthermore, PET dis-
plays a positive trend, albeit not statistically significant, 
with an annual increase of 5.19 mm. On the other hand, 
runoff demonstrates a decreasing trend with a decline rate 
of 0.30 mm per year, which similarly, lacks statistical sig-
nificance.

Identified change point  The mean annual runoff in the 
pre-transformation and post-transformation changes due 
to LULC is 47  mm/year and 38  mm/year, respectively. 
When comparing the two changes period, it is evident 
that the Wami River runoff undergoes a decrease of 9 mm 
per year (equivalent to a 19% reduction) within the Wami 
river catchment (Table A.7 in supplementary). The mean 
annual precipitation during the pre-transformation and post-
transformation is 1094 mm per year and 997 mm per year, 
respectively, which shows a minimal decrease of 97  mm 
per year (8.9%). The mean PET during the pre- and post-
transformations is 4786 mm per year and 5032 mm per year, 

respectively, which indicates a yearly increase of 246 mm 
(5%). In addition, the average annual air temperature experi-
enced a shift in the pre-and post-transformation phases, with 
values of 22.8 °C per year and 23.4 °C per year, respectively. 
This indicates an increase of 0.6 °C per year (equivalent to 
2.6% of the long-term average). Furthermore, the mean 
annual AET within the Wami river catchment experienced 
changes as well. In the pre-transformation period, it indi-
cated 1034  mm per year, whereas in the post-transforma-
tion period, it decreased to 941 mm per year, signifying a 
decline of 93  mm per year (8.9%). Consequently, during 
the post-transformation period (1993–2021), the annual 
air temperature rose by 0.6 °C (which accounts for 2.6% of 
the long-term average), while the overall annual precipita-
tion decreased by 107 mm (9.7% of the long-term average). 
This alteration resulted in a reduction of 9 mm (19%) in the 
annual runoff within the catchment.

Results from  the  conceptual approach  Results from tom-
mer and schilling framework: To assess the impact of cli-
mate change and anthropogenic actions within the catch-
ment, both the pre- and post-transformations periods were 
evaluated. Following the conceptual approach proposed 
by Tomer and Schilling, (Sneyers 1975), the energy excess 
(Eex) augmented from 0.78 to 0.81, while the water excess 
(Pex) diminished from 0.06 to 0.05. Based on the findings 
presented in Table A.3, it can be concluded that changes 
in Wami River runoff are primarily influenced by shifts in 
climatic factors, and minor by changes in land cover change. 
However, the methods give the general information as to 
either the variation in runoff is due to land management or 
climate variability.

Budyko decomposition: Fig. 5 illustrates the spatial distri-
bution of the catchment area in Budyko space. The evapora-
tion ratio, represented by AET/P, reflects the relationship 

Fig. 5   Established Budyko 
curves for the Wami river catch-
ment and indicate the distribu-
tion of catchments in Budyko 
space
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between actual evaporation and precipitation. On the other 
hand, the aridity index (ϕ), is a function of potential evapo-
ration and precipitation (PET/P), defined by Budyko (1974). 
The ϕ is used to classify climate zones, such as hyper-arid 
(ϕ > 20), arid (5 < ϕ ≤ 20), semiarid (2 < ϕ ≤ 5), dry sub-
humid (1.5 < ϕ ≤ 2), and humid (ϕ < 1.5) (Ponce et al. 2000; 
Cherlet et al. 2018).

The Budyko curves based on the equations proposed 
by Budyko (1974), Fu (1981), and Yang et al. (2008) were 
developed for the Wami river catchment. The findings 
revealed that a majority of the catchment’s parts (represented 
by ER5-Land grids) are located in arid and semi-arid areas, 
while a small portion (2.9%) falls within the dry sub-humid 
zone in the Budyko space.

Due to the prevalence of arid a semi-arid condition in the 
catchments, characterized by elevated potential evaporation, 

limited precipitation, and evapotranspiration, it can be dem-
onstrated that an increase in the aridity index is associated 
with a decrease in runoff within these areas (Fig. 6).

The impact of climate variability and LULC actions on 
runoff alteration was examined using three decomposition 
methods. The analysis of these equations revealed that cli-
mate factors played a primary role in the changes observed 
within the catchment, as indicated in Table 4. The decom-
posing proposed by Budyko (1974) indicated that reduction 
in runoff (averaging 9.0917 mm) was primarily influenced 
by climate variability (100%). Further analysis conducted 
using Fu (1981) and Yang et al. (2008) suggested that cli-
mate variability accounted for approximately 99.3% and 
99.7% of the runoff reduction in the Wami river catchment, 
while land cover change contributed only 0.7% and 0.3%, 
respectively.

Fig. 6   Mean runoff and climate 
aridity in the Wami river catch-
ment

Table 4   Results of Budyko 
decomposition

Budyko decomposition Standard Error ∆Q (mm) ∆QH (mm) ∆QC (mm) ∆QH (%) ∆QC (%)

Budyko (1974) 0.0102 – 9.0917 0.0198 – 9.1115 0 100
Yang et al. (2008) 0.0071 – 9.0917 – 0.0247 – 9.0669 0.3 99.7
Fu (1981) 0.0093 – 9.0917 – 0.0673 – 9.0243 0.7 99.3

Table 5   Computed parameters and contribution of climate elasticity and hydrological sensitivity methods

ϭP ϭPET ΔQ (mm) ΔQH (mm) ΔQC (mm) ΔQH (%) ΔQC (%)

Climate Elasticity Budyko (Budyko 1974) 0.08 0.92 – 9.0917 – 7.2 – 1.9 79.3 20.7
Yang et al., (2008) 0.02 0.98 – 9.0917 – 1.05 – 8.04 11.6 88.4
Fu (Fu 1981) – 1.63 2.63 – 9.0917 – 1.99 – 7.10 21.9 78.1

Hydrological Sensitivity Parameters acc. To Li 
et al. (Li et al. 2007)

β γ ΔG (mm) ΔGH (mm) ΔGC (mm) ΔGH (%) ΔGC (%)
0.027 – 0.014 – 9.0917 – 2.8 – 6.3 30.6 69.4
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Results from an analytical approach  Climate elasticity: The 
climate elasticity approach was used to determine the cli-
mate elasticity coefficients of Wami River runoff by consid-
ering the ERA5-Land data from the years 1960–2021. The 
results, according to the Fu (1981), and Yang et al. (2008) 
equations indicate that climate variability contributed to the 
reduction of the Wami River runoff by 78.1% and 88.3%, 
while land cover change such as LULC accounts for 21.9% 
and 11.6%, respectively. However, the Budyko equation 
indicated that land use land change as the dominant factor 
affecting river runoff by 79.3%, while climate variability 
contributed by only 20.7% in the river runoff reduction.

Hydrologic sensitivity: The hydrologic sensitivity equa-
tion developed by Li et al. (2007) was used to quantify the 
sensitivity of climate variability and land cover change on 
Wami River runoff. In the catchment, the average annual 
precipitation experienced a decrease from 1094 mm per year 
in the pre-transformation period to 997 mm per year after 
post-transformation. Conversely, average PET displayed an 
upward trend of 5%. The influence of climate variability on 
runoff was assessed by considering the annual average of 
precipitation and PET. The findings presented in Table 5, 
revealed that climate variability accounted for 69.4% of the 
change in annual runoff, while land cover change contrib-
uted to 30% of changes. It is worth noting that the impact of 
climate variability and land cover on runoff in the catchment 
differed significantly during the period of transformation. 
Therefore, the primary factor contributed to the decline of 
river runoff is climate variability.

Discussion

Land use and land cover change

The Wami river catchment economy is heavily relying on 
agriculture, leading to overuse of forest land, woodland, and 
bushland for farming purposes to support the rapidly grow-
ing population. This has caused a decline in forest resources, 
negatively impacting the basin's ecosystem services. Over 
the past 30 years, agricultural land has grown at a rate of 
48%, while settlements have grown at a rate of 4.25% (Table 
A.4 in supplementary material). Forest vegetation within 
the catchment has rapidly decreased, and wetlands have 
also experienced a similar trend. Almost 50% of water bod-
ies have been lost due to environmental modification and 
unwise water usage in the last 30 years. Due to the agricul-
ture sector’s predominant role in the catchment’s economy, 
agricultural water usage constitutes portion of the overall 
water consumption. The expansion of cultivated areas and 
agricultural irrigation practices are key factors contributing 
to this trend within the catchment. Therefore, deterioration 
of vegetation cover (forest, woodland, and bushland) and the 

increasing coverage of agriculture activities and settlement 
land may cause to further decline of natural ecosystems. 
Henceforth, the implementation of a nature-based solution 
is significantly important to reverse the natural ecosystem 
around the catchment.

The study classification faced many misclassification pix-
els for natural vegetation, such as woodland, and bushland, 
which were prone to errors due to gradual differences in 
reflectance characteristics, although post-classification com-
parisons were mostly consistent and conformed to historical 
maps. However, cropland, water, and bare land were less 
prone to errors due to strong spectral changes. In addition, 
the study faced a lot of challenges in ground truthing in 
dense forest land.

The results in this paper, along with similar results in 
Jamila Ngondo et al. (2021), who provide the information 
Wami–Ruvu river basin natural areas, including forests and 
grasslands, were intensively converted into agricultural land 
from 1990 to 2018; furthermore, these changes are antici-
pated to continue towards 2036, This LULC pattern is main 
influenced by economic forces that reinforce anthropogenic 
activities on LULC change in the basin.

Nobert and Jeremiah (2012) observed an increase in 
agriculture by 42.53% from 1990 to 2018 which resulted in 
the degradation of grasslands and wetlands. In their study, 
they found that most wetlands in some areas of the basin 
were converted into agricultural areas for rice and maize. 
In general, this change highlights the increasing demand for 
food production resulting from the increasing population 
pressure. Twisa et al. (2019) studied land use/land changes 
in the Wami-river basin and found that the changes in the 
basin are influenced by population growth which results in 
the conversion of natural vegetation into settlements land 
and agricultural fields as observed in the classified image.

Periodic (annually) Land use/cover Monitoring for the 
sub-basin and whole basin in the Wami-river are required 
for current and past change detection of LULC parameters 
to determine the rate and condition of their change this is 
of very high importance, because the basin experience such 
an alarming situation of degradation of forests and water, 
due to rapid expansion of agricultural activities. Meanwhile, 
periodic evaluation of the rate of reduction is lacking for a 
proper understanding of their impacts, particularly on land 
use and land cover change, biodiversity losses, and climate 
change. Therefore, time-based studies for the prediction of 
LULCC consequences on water resources and loss of bio-
diversity are vital for decision-making towards the sustain-
ability of water resources and filling the time-based gap of 
LULCC information. Further to the specific strategies, there 
is a need also to build broad and increased public awareness 
on the impact of LULC due to the increase of anthropogenic 
alteration on the basin land. This strategy can be applied to 
other basins globally.
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The trend of temperature and precipitation

The findings from our study indicated that the reduction of 
runoff in the Wami river catchment during the post-trans-
formation period was primarily influenced by climate vari-
ability, although both climate variability and LULC action 
played a role in shaping changes within the catchment. The 
Mann–Kendall trend test was employed to analyse tempera-
ture patterns within the catchment, the result showed a sig-
nificantly increasing trend with an average rate of 0.02 °C 
per year (equivalent to 1.22 °C per 61 years) (Fig A.2). This 
rate is higher than the global average temperature increases 
of 0.0074 °C per year (or 0.74 °C per century) as reported 
by Funk et al. (2012); and Mahmood et al. (2019). In a study 
conducted by Collins (2011), it was observed that Africa 
experience a faster temperature increase compared to other 
regions, with a rate of 0.016 °C per year. Considering this, 
if the temperature trend in the catchment follows a similar 
pattern, it suggested that the catchment could potentially 
face a temperature rise of approximately 2 °C over the next 
century.

Furthermore, as highlighted in the Sixth Assessment 
Report of the Intergovernmental Panel on Climate Change 
(IPCC), the rising concentration of greenhouse gases has 
emerged as the primary driver of the global warming (Pört-
ner et al. 2022). Despite Africa’s relatively low contribu-
tion of less than 4% to the global average (around 1 million 
metric tons, but the content has been disproportionately 
impacted by global warming. Consequently, the temperature 
increase observed in the Wami river catchment could pose 
serious challenge to water resources, agriculture activities, 
and the occurrence of floods and droughts.

Therefore, this study reveals a decline in annual precipita-
tion between 1960 to 2021, characterized by a strong down-
ward trend of 2.21 mm per year. Although the statistical sig-
nificance at 95% confidence level is not attained (Fig. A.6), 
the cumulative reduction in precipitation over the 61 year 
period amounts to 134.81 mm. This decline in precipitation 
within the catchment attributed by various factors, including 
changes in air temperature, and vegetation decline. If this 
trend continues in the future, it may have significant impli-
cations for the sustainability of surface water resources and 
groundwater recharge. This concern is particularly relevant 
as the population of catchment continue to increase, leading 
to a further rise in land cover change.

Identified step change

The Mann–Kendall–Sneyers test was used to identify the 
point of step change in the annual runoff series from 1960 
to 2021. As a result, the period from 1960–1992 was consid-
ered the natural period, characterized by minimal influence 

from anthropogenic activities on water resources in the 
catchment. Subsequently, the period from 1993 to 2021 was 
designated as a post-transformation period, during which 
both climate and anthropogenic actions contribute to pertur-
bations in river runoff. Mean annual precipitation, AET, run-
off and PET were assessed in pre- and post-transformation 
period, as shown in Table A.8. It was observed that in the 
post-transformation period, PET experienced a 5% increase, 
runoff exhibited a substantial decrease by 19%, while both 
precipitation and AET showed a decrease of 9%. Therefore, 
the continuous decrease in precipitation and runoff will have 
a significant impact on the river health. This decline in water 
availability will not only affect the ecological aspects but 
also have far-reaching consequence on the socio-economic 
aspects of the catchment. Rain-fed agriculture, which serves 
as the primary economic source in the basin, will be several 
affected, leading to a decline in agricultural productivity and 
potential economic losses. In addition, the local population 
will continue to face challenge of limited access to clean and 
safe water for both domestic and industrial purpose. Cur-
rently, people and economic activities around the catchment 
are already grappling with water scarcity issues, prompting 
the government to explore alternative such as groundwater 
extraction to compensate for the decreasing surface water 
availability.

Effect of climate change and LULC.

In a research conducted by Xue et  al. (2017), it was 
described that arid river catchment encounter severe water 
issues. Similarly, in the case of the Wami river catchment, 
where a majority of parts are arid and semi-arid, as illus-
trated in Fig. 3. It can be inferred that the notable increase 
in water issues, coupled with rising temperature, is likely 
to have resulted in high PET, which ultimately leading to 
persistent of drought condition in the study area. Further-
more, building upon the previous findings, it is worth noting 
that climate aridity plays a significant role in shaping the 
mean annual runoff in the catchment, as indicated in Fig. 4. 
This exacerbates the existing challenges faced by the social 
and economic sectors, particularly in terms of limited water 
access during the dry period, as highlighted by Nachilongo 
(2021). The combined impact of water scarcity, arid condi-
tions, and reduced runoff further compounds the difficulties 
faced by the Wami river catchment, necessitating a compre-
hensive approach to address these pressing issues.

Furthermore, in our study, decomposition methods, cli-
mate elasticity, and hydrological sensitivity methods were 
used. These approaches allowed to assess the influence of 
climate change and alteration of water resources, particu-
larly river runoff within the catchment area. According to 
the findings, Yang et al. (2008), Fu's (1981), and Budyko's 
(1974) equations demonstrated that climate change is a 
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significant dominant affecting runoff. However, it is worth 
noting that Budyko's (1974) equation does not account for 
changes in catchment properties, resulting in all runoff 
changes being solely driven by climatic variables, such as 
PET and P. In addition, the calculated standard error for this 
equation was relatively high compared to the others. On the 
other hand, both Yang et al. (2008) and Fu (1981) equations 
incorporate a term that consider changes due to land cover 
land use and climate properties. As result, the changes in 
runoff from these equations also reflects the contribution of 
land cover change.

Conclusion

The study found that both climate variability and land 
use land cover change (LULC) have markedly influenced 
the reduction of runoff in Tanzania’s Wami river catch-
ment. Specifically, the climate variability has significantly 
influenced to the decrease in river runoff, precipitation, 
and actual evapotranspiration. Concurrently, there was an 
increase in temperature and potential evapotranspiration dur-
ing the post-transformation period compared to the period 
preceding land cover change. These findings showcase the 
complex interplay between climate variability and land 
cover operations in the Wami river catchment.

The Yang (Yang et al. 2008) and Fu (1981) showed that 
Budyko decomposition exhibited reductions in river runoff 
within the catchment by 99.7%, 99.3%, respectively, climate 
elasticity by 88.3%, 78.1%, respectively, and hydrological 
sensitivity by 66.4%. These findings underscore the substan-
tial contribution of climate variability to the reduction in 
river runoff. Conversely, the land cover change activities 
contributed to the reduction by 0.3%, 0.7%, 11.6%, 21.9% 
and 30.6%, respectively, further emphasizing the multifac-
eted factors influencing the hydrological dynamics of the 
area. Thus, while the land cover change activities contribu-
tion was relatively low, the Wami river catchment displayed 
heightened sensitivity to climate variability. This observa-
tion underscores the necessity for implementing effective 
climate adaptation strategies, with particular emphasis on 
nature-based solutions.

However, this study is constrained by its reliance solely 
on long-term reanalysis data (ERA5-Land) due to the insuf-
ficient availability of observed rainfall data. Consequently, 
in future research study, it is crucial to incorporate observed 
long-term time series data to enhance the comprehensive-
ness of the analysis. This will contribute to a more robust 
understanding of the complex interactions between climate 
variables. In turn, would improve the overall reliability of 
the study’s findings and deepen our insights into the climate 
variability and land cover change dynamics of the study area.
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