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ABSTRACT 
Climate variability poses a significant threat to smallholder farm
ers in the Gwayi catchment, Zimbabwe. This study investigated 
the spatiotemporal dynamics of agrometeorological droughts 
from 1990 to 2020 using the Standardized Precipitation Index 
(SPI), Standardized Precipitation Evapotranspiration Index (SPEI), 
Vegetation Condition Index (VCI), and Vegetation Health Index 
(VHI). The triangulation of these indices provided a comprehen
sive understanding of drought dynamics. Severe to extreme 
drought events were identified in 1995, 1998, 2005, 2016, 2018, 
and 2020, while moderate droughts were consistently detected 
across all indices. Favourable conditions were observed in 2000 
and 2006. A strong positive correlation (r¼ 0.88) between VHI 
and VCI suggests their similar effectiveness in reflecting vegeta
tion health. In contrast, moderate correlations between VHI and 
SPI (r¼ 0.30), VHI and SPEI (r¼ 0.39), VCI and SPI (r¼ 0.28), and 
VCI and SPEI (r¼ 0.40) indicate that these indices capture comple
mentary information, reflecting not only precipitation deficits but 
also the impacts of temperature, soil moisture, and land cover 
changes. The SPI and SPEI displayed a strong positive correlation 
(r¼ 0.78), aligning in their sensitivity to precipitation and evapo
transpiration. Spatial analysis revealed a pronounced north-south 
drought gradient, with the southwestern region being particularly 
vulnerable, underscoring the need for targeted interventions.
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1. Introduction

Drought is a devastating climate that has widespread and concentrated impacts, espe
cially in rainfed agricultural areas such as sub-Saharan Africa and arid regions (Aksoy 
and Sertel 2022; Bamweyana and Kayondo 2018; Natarajan et al. 2023). Droughts 
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pose a substantial threat to food security by reducing crop production (Sharara et al. 
2022) and can trigger cascading effects such as soil degradation, water scarcity, and 
desertification (Wambura 2023). Understanding the spatiotemporal dynamics of 
drought is crucial for protecting the environment, managing resources, and develop
ing effective adaptation strategies (Hosseinizadeh et al. 2015).

The impact of agricultural drought is particularly severe in Africa, where many 
countries, such as Zimbabwe, rely heavily on rainfed agriculture. Numerous studies 
(e.g. Hall et al. 2024; Madamombe et al. 2024) highlight how insufficient rainfall and 
heightened climate vulnerability threaten agricultural activities, particularly for many 
smallholder farmers who rely on rainfed production. Climate variability exposes these 
farmers to unpredictable rainfall patterns, jeopardizing food security and the resili
ence of the region’s semi-arid agroecosystems. Limited water resources, exacerbated 
by climate change, further threaten food security and livelihoods across the continent 
(Ofori et al. 2021). Agricultural droughts can lead to significant reductions in crop 
yields (Mafongoya et al. 2022), impacting food security and nutrition, especially for 
vulnerable populations (Bogale and Erena 2022).

Droughts can be categorized into various types, including agricultural (focusing on 
impacts on crops and soil moisture) and meteorological (focusing on precipitation 
deficits) (Berman et al. 2024; Saini and Singh 2024; Tanarhte et al. 2024). 
Agrometeorological droughts encompass both of these aspects, considering how 
meteorological conditions (such as precipitation) affect agricultural systems (Qaiser 
et al. 2021; Katipo�glu 2023). Other types include socioeconomic droughts, which 
examine the social and economic effects of drought, and hydrological droughts, which 
focus on water availability in streams and groundwater (Li et al. 2022). This study 
focuses on agrometeorological droughts, which are particularly relevant for under
standing the challenges faced by rain-fed agriculture in the context of climate vari
ability and change.

Effective drought monitoring requires a multifaceted approach that combines 
ground-based meteorological data with earth observation information. This combin
ation allows the calculation of well-established drought indices, providing valuable 
insights for various applications, including drought monitoring, planning, forecasting, 
and agricultural decision-making (Afshar et al. 2022). Key indices in this approach 
include the standardized precipitation index (SPI), a meteorological drought index 
that focuses on precipitation anomalies, offering valuable insights into drought sever
ity on the basis of historical precipitation patterns (Sharafi et al. 2022; Hasan et al. 
2023; Chisadza et al. 2023). The standardized precipitation evapotranspiration index 
(SPEI) extends beyond the SPI. While it is primarily a meteorological index, the SPEI 
incorporates both precipitation and potential evapotranspiration. This offers a more 
comprehensive picture of water availability relevant for agricultural systems, even 
though it does not directly measure agricultural drought (Gebremichael et al. 2022). 
By considering evapotranspiration alongside precipitation deficits, the SPEI can indir
ectly reflect agricultural drought conditions. The SPI and SPEI indices, along with 
other indices, such as the vegetation condition index (VCI) and vegetation health 
index (VHI) (Dejene et al. 2023), provide valuable insights for drought recurrence, 
planning, forecasting, and agricultural applications (Afshar et al. 2022). Notably, 
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employing multiple indices and considering global climatic diversity leads to a more 
comprehensive understanding of drought dynamics (Hasan et al. 2023).

The Gwayi catchment in southern Zimbabwe is a region heavily reliant on 
rainfed agriculture. However, this area faces a critical challenge of recurrent 
droughts. Approximately 83% of the population residing within the Gwayi catch
ment area is predominantly smallholder farmers, as reported by Chingarande et al. 
(2020). The 2022 ZIMVAC report identified drought as the most significant cli
mate-related shock in the catchment, with more than half (51%) of the smallholder 
farmers being unable to cope with drought or prolonged dry spells (Government of 
Zimbabwe 2022). These frequent droughts significantly impact agricultural produc
tion, contributing to Zimbabwe’s high cereal insecurity rates (38%) (Government of 
Zimbabwe 2022).

Unfortunately, existing drought assessments in Zimbabwe often lack the necessary 
detail to capture the full picture within specific regions, such as the Gwayi catchment. 
These limitations often manifest as coarse-resolution data or analyses with limited 
data collection periods (Frischen et al. 2020; Mutowo and Chikodzi 2014). This cre
ates a critical knowledge gap in terms of the lack of a comprehensive understanding 
of how climate variability impacts the unique agroecosystems of the Gwayi catch
ment, particularly regarding the specific effects of drought on crop production and 
agricultural practices.

Previous studies on drought in Zimbabwe have played a valuable role in under
standing the phenomenon’s national impact (e.g. Measho et al. 2019; Okal et al. 2020; 
Schwarz et al. 2020; Uddin et al. 2020). However, these studies typically focused on 
broader geographical areas, which may have overlooked the unique challenges faced 
by specific regions, such as the Gwayi catchment. Gwayi catchment is characterized 
by a limited number of meteorological stations, restricting the availability of detailed 
data for fine-grained analysis. Additionally, the Gwayi catchment encompasses dis
tinct local variations and diverse agroecological zones (Manatsa et al. 2020). As such, 
existing studies with a broader national focus, such as Sharara et al. (2022), may not 
capture these complexities. This hinders a comprehensive understanding of how 
drought specifically impacts the vulnerability of the Gwayi catchment, particularly in 
terms of agricultural productivity, food security, water resource availability, and eco
system health.

This study aims to bridge this knowledge gap by investigating the spatiotemporal 
patterns, frequency, and severity of agrometeorological droughts in the Gwayi catch
ment. By employing a multi-index approach and focusing on a specific catchment 
area, this research offers a more detailed understanding of drought dynamics in this 
critical agricultural region. The findings of this study will not only inform policy and 
interventions for drought risk management in Gwayi but also contribute to achieving 
Sustainable Development Goal 2 (Zero Hunger) by enhancing the resilience and sus
tainability of the catchment’s agroecosystems. While this study provides valuable 
insights into drought characteristics in the Gwayi catchment, it is essential to acknow
ledge its limitations. The use of satellite-based data for VCI and VHI might not fully 
capture deep soil moisture deficits, and the definition of drought thresholds can influ
ence the results.
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2. Materials and methods

2.1. Study site

The study area encompasses the Gwayi catchment, which is located within the 
Matabeleland North Province of Zimbabwe and parts of the midlands (Figure 1). 
This catchment covers an approximate area of 94,858 km2 and falls primarily within 
agroecological regions V and IV (Manatsa et al. 2020). Figure 2 shows the average 
monthly maximum and minimum temperatures for the Gwayi catchment stations 
over the 1990–2020 period. The catchment experiences a warm to hot summer season 
from October to April, with average maximum temperatures exceeding 30 �C. 
Winters, spanning May to July, are mild, with average minimum temperatures rang
ing from 8.5 �C to 15 �C. Figure 2 presents the monthly rainfall pattern of the catch
ment. The rainy season extends from October to April, with peak precipitation 
occurring in December and January. Annual rainfall typically ranges between 450 and 
650 mm (Viceisza et al. 2020). The dominant soil types consist of Kalahari coarse 
sandy soils and shallow clays derived from greenstone belts and basalts and are char
acterized by low inherent fertility (Tirivarombo 2012). Subsistence agriculture, which 
is primarily rainfed, is the main source of livelihood for rural communities within the 
catchment. Maize and sorghum are the dominant crops cultivated in this region 
(Viceisza et al. 2020).

Figure 1. Location of the Gwayi catchment area.
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2.2. Research design

This study combined satellite imagery, climate data, and statistical tests to analyse 
both spatial patterns and trends in agro-meteorological droughts across three decades 
(1990–2020) (Figure 3). The study also evaluated the correlations among the indices 
applied.

2.3. Data collection

2.3.1. Rainfall and temperature data
Daily rainfall and temperature data were collected from six meteorological stations 
within the Gwayi catchment: Victoria Falls, Tsholotsho, Nkayi, Lupane, Hwange, and 
Binga, spanning the period of 1990–2020. To ensure data integrity for subsequent 

Figure 2. Annual climate cycle showing rainfall (mm) and mean temperature (�C) at the Binga, 
Lupane, Victoria Falls, Nkayi, Tsholotsho and Hwange stations.
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analyses, several pre-processing steps were undertaken to identify and correct any 
potential errors or inconsistencies within the dataset. The presence of autocorrelation, 
or dependencies between data points, can influence the statistical results. Therefore, 
the Durbin–Watson test was applied to the time series to detect autocorrelation in 
both the rainfall and temperature data. Autocorrelation refers to a situation where 
the correlation between a time series and its lagged values (past values) is statistically 
significant. In other words, the residuals (errors) from a statistical model are not ran
dom but are instead related to past errors. The presence of autocorrelation can violate 
the assumptions of some statistical tests, leading to unreliable results. If the test statis
tic indicated significant autocorrelation, an autoregressive integrated moving average 
(ARIMA) model was employed to remove the autocorrelation using partial autocor
relation (PACF) of the residuals (Dabaro et al. 2021; Muganda et al. 2021). ARIMA 
models are a class of statistical models that effectively handle time series data with 
autocorrelation. By fitting an ARIMA model to the data and using its residuals, we 
can ensure that the subsequent analyses (e.g. Mann–Kendall test) are not biased by 
the presence of autocorrelation. Following the potential correction for autocorrelation 
via the ARIMA model, the Mann–Kendall test was employed to detect trends in the 
precipitation and temperature time series. The Mann–Kendall test is a nonparametric 
statistical test that assesses whether there is a monotonic trend (increasing or decreas
ing) over time (Marsick et al. 2024). It is beneficial for analysing time series data that 
may not be normally distributed or may contain outliers. The Mann–Kendall test 
statistic considers the relative order of data points in the time series and does not 
require assumptions about the underlying data distribution. By using this test, we can 

Figure 3. Research design.
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determine if there are statistically significant trends in precipitation and temperature 
patterns within the Gwayi catchment over the 31-year study period (1990–2020). To 
detect abrupt shifts in rainfall or temperature patterns, the Pettitt test was applied. 
This method identifies changes in the median of a time series, providing insights into 
potential regime shifts within the study period (Andualem et al. 2024; Gaddikeri et al. 
2024).

2.3.2. Satellite data
Landsat 5/7/8 satellite imagery (Table 1) served as the source data for deriving the 
normalized difference vegetation index (NDVI) (Table 2) used in the vegetation index 
calculations. The land surface temperature (LST) was also derived from the acquired 
Landsat 5/7/8 top-of-atmosphere (TOA) reflectance data using an established method. 
We employed the radiative transfer equation approach, specifically the single-channel 
estimation (SCE) method, as outlined by Chatterjee et al. (2017) and Garc�ıa-Santos 
et al. (2018). This method uses specific bands from Landsat imagery to estimate LST 
values. The derived LST data were then incorporated into the VHI calculation to 
account for the combined effects of vegetation health and thermal stress on drought 
assessment. Landsat satellite imagery was acquired for the months spanning 
November to March within each year of the study period (1990–2020). This specific 
timeframe aligns with the critical growth stages of rain-fed crops cultivated in the 
Gwayi catchment, particularly maize and sorghum (Viceisza et al. 2020). By capturing 
imagery during this period, we ensured that the derived vegetation indices (VCI and 
VHI) effectively reflected the health and condition of the crops in response to the 
prevailing moisture conditions. November represents the early planting season, allow
ing for the assessment of vegetation establishment. March coincides with crop matur
ity or near-maturity stages, providing valuable insights into the impacts of 
agricultural drought on yield potential. To obtain high spatial resolution data for the 
standardized precipitation index (SPI) and standardized precipitation evapotranspir
ation index (SPEI) across the entire Gwayi catchment, we utilized data from 
TerraClimate (https://app.climateengine.com/climateEngine) (Abatzoglou et al. 2018). 
The limited number of meteorological stations within the catchment (only five) 
restricts the ability to spatially represent the SPI and SPEI using solely interpolated 
station data. TerraClimate data offer a viable alternative, providing gridded datasets 
at a high spatial resolution (Solaimani and Bararkhanpour Ahmadi 2024), comparable 
to our VCI and VHI analyses, enabling a comprehensive assessment of drought sever
ity across the region. While acknowledging the potential uncertainties associated with 
interpolated data from TerraClimate (Solaimani and Bararkhanpour Ahmadi 2024), 
this approach complements the localized insights from ground observations and 
ensures consistency in spatial resolution across all drought indices used in this study. 
Each data variable in Table 2 was analysed independently, which eliminated the need 

Table 1. Landsat satellite imagery attributes.
Year Sensor type Spatial resolution (m)

1990–1999 TM 30
2000–2013 ETM 30
2014–2020 OLI 30
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to standardize the resolution across different datasets. This approach allowed us to 
utilize the specific strengths and detailed information provided by each dataset, 
thereby enhancing the accuracy and relevance of our analysis.

2.4. Drought indices calculation

To assess agrometeorological drought, this study employed four drought indices: the 
vegetation condition index (VCI), vegetation health index (VHI), standardized pre
cipitation index (SPI), and standardized precipitation evapotranspiration index 
(SPEI). The SPI and SPEI were calculated on a 3-month timescale, while the VCI and 
VHI were assessed for the November–March period and aligned with the region’s 
agricultural season (as detailed in Section 2.3.2). This timeframe effectively captured 
both meteorological and agricultural droughts relevant to Zimbabwe’s typical seasonal 
patterns (Grey 2019; Manjowe et al. 2020). However, it is important to acknowledge 
the potential need to analyse different timescales depending on the specific applica
tion. This study used two broad categories for drought assessment. The first leverages 
spatial data from Landsat satellites, employing established indices such as the VCI 
and VHI, which are commonly used to evaluate vegetation health and drought condi
tions (Patil et al. 2021). The second approach focuses on calculating the SPI and 
SPEI, which are the primary meteorological indices for evaluating drought (Faye 
2022). A combination of the VCI, VHI, SPI, and SPEI provides a more comprehen
sive understanding of drought conditions by incorporating both vegetation health and 
meteorological factors.

2.4.1. Vegetation indices (VCI, VHI)
The vegetation condition index (VCI) and vegetation health index (VHI) are among 
the drought indices developed to evaluate how vegetation responds to drought condi
tions, particularly in arid, semi-arid, and subhumid climates (Alsenjar et al. 2022; 

Table 2. Data variables, sources and resolutions used in the study.
# Variable Source Resolution Derived variable Reference

1 NDVI Landsat 5, Landsat 7, and Landsat 8  
Top-of-Atmosphere (TOA)

30 m VCI/VHI (Liou et al. 2017)

3 SPI TerraClimate 4 km Spatial SPI-3
4 SPEI TerraClimate 4 km Spatial SPEI-3
5 LST Landsat 5/7/8 TOA 30 m TCI (Zeng et al. 2022)

Table 3. Vegetation indices.
Index type Landsat Sensor Formula Reference

NDVI TM/ETM NDVI ¼ Band 4 – Band3ð Þ

Band 4þ Band 3ð Þ
(Liu et al. 2019)

OLI/TRS NDVI ¼ Band 5 – Band4ð Þ

Band 5þ Band 4ð Þ

VCI VCI ¼ 100� NDVI - NDVIminð Þ

NDVImax - NDVIminð Þ
(Ezzahra et al. 2023)

TCI TCI ¼ LSTmax - nLSTð Þ

LSTmax - LSTminð Þ
� 100 (Jalayer et al. 2023)

VHI VHI ¼ a� VCIþ 1 - að Þ � TCI (Jalayer et al. 2023)
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Mardani et al. 2022; Zeng et al. 2022). The VCI and VHI were calculated using the 
formulas listed in Table 3. The NDVI and LST values were derived from processed 
Landsat satellite imagery acquired from the United States Geological Survey (USGS) 
Earth Explorer online portal (https://earthexplorer.usgs.gov/). The selection criteria 
for imagery included a path/row appropriate for the Gwayi catchment and a cloud 
cover percentage of less than 10%. The TCI was derived from the LST values for the 
VHI calculations. The weighting factor ‘a’ applied during the VHI calculation was set 
to 0.2 on the basis of the findings of Gidey et al. (2018) and Chughtai et al. (2021). 
The classification of drought severity was based on established VHI/VCI threshold 
percentages, as outlined in Table 4. A VHI/VCI above 35 indicates healthy vegetation 
with little to no drought, whereas values below 10 suggest extreme drought with very 
stressed vegetation.

2.4.2 Standardized precipitation index (SPI)
McKee et al. (1993) established the SPI, which is among the most widely used 
indicators in drought studies. The average SPI-3 was calculated using a drought index 
calculator (http://drought-software.com/dc0918/DrinC) based on the acquired precipi
tation data, using the following equation (Equation 1). Meanwhile, the spatial SPI-3 
was derived from the TerraClimate dataset (1990–2020). Although TerraClimate data, 
generated through interpolation methods, may introduce uncertainties compared to 
direct station observations, this trade-off allows for high spatial resolution data cover
age across the entire catchment. The SPI allows for the assessment of meteorological 
drought severity across various time scales. In this study, we specifically chose the 
3-month timescale (SPI-3) to capture seasonal variations in moisture conditions 
within the Gwayi catchment (Vishwakarma et al. 2020). A 3-month window effect
ively captures the seasonal shifts in precipitation patterns, which significantly impact 
drought development. Periods of below-average precipitation within a 3-month time
frame can trigger short-term to seasonal drought events. This timescale also aligns 
with critical growth stages for many crops, making it particularly relevant for assess
ing potential drought impacts on agricultural activities within the catchment 
(Vishwakarma et al. 2020). Finally, the 3-month timeframe balances sensitivity and 
stability. Shorter timescales may be overly sensitive to individual precipitation events, 
providing misleading signals, while longer timescales might miss crucial short-term 
drought episodes. The 3-month window offers good middle ground conditions and is 
sensitive to seasonal changes while maintaining stability for robust drought analysis.

To determine the SPI, the precipitation amounts are subtracted from the mean for 
a specific time frame (1990–2020), and the outcome is divided by the standard devi
ation, as indicated by Eq. (1).

Table 4. Drought classification using the VCI/VHI.
Level VHI/VCI (%) Classification

1 35–50 Mild
2 20–35 Moderate drought
3 10–20 Severe drought
4 0–10 Extreme drought
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SPI ¼
Zᵢr − Pᵢð Þ

rᵢ
(1) 

where
rᵢ ¼ Standardized deviation for the ith station
Zᵢr ¼ Rainfall for the ith station and rth observation
Pᵢ ¼ Mean rainfall for the ith station

2.4.3. Standardized precipitation evapotranspiration index (SPEI)
The SPEI-3 index was calculated using both precipitation and potential evapotranspir
ation (PET) data in the DrinC index calculator, while the spatial SPEI-3 data was 
derived from the TerraClimate dataset (1990–2020). Although using TerraClimate 
data introduces potential uncertainties due to interpolation methods, these uncertain
ties are a trade-off for achieving high spatial resolution across the entire catchment. 
Unlike the SPI, which only considers precipitation, the SPEI accounts for both pre
cipitation and PET, offering a more comprehensive view of drought by encompassing 
both meteorological and agricultural aspects. A three-month time scale was employed 
to capture seasonal variations in drought severity within the catchment. While SPI 
analysis focuses on the absolute reduction in rainfall, SPEI analysis considers the 
reduction in rainfall relative to potential evapotranspiration. This difference allows 
SPEI to reflect the combined effects of water availability and demand. The final 
drought index value is determined by translating the accumulated difference between 
precipitation and evapotranspiration into a probability distribution, which is then 
standardized to a normal distribution. This study used the 3-month SPI and SPEI to 
capture seasonal variations, as suggested by Salehan et al. (2024). The categorization 
of drought via the SPI and SPEI is shown in Table 5.

2.5. Temporal and spatial drought analysis

2.5.1. Calculation of the temporal dynamics of drought indices
Temporal variations in the average values of the VCI, VHI, SPI-3, and SPEI-3 were 
analysed over a 31-year period (1990–2020) to understand drought patterns and 
trends within the Gwayi catchment. Owing to its ability to handle nonnormal data 
and outliers, the Mann–Kendall test was chosen to analyse trends in drought indices 
(Wang et al. 2020). This nonparametric approach offers a distinct advantage over 

Table 5. Drought classification using the SPI and 
SPEI (Tigkas et al. 2015).
SPI/SPEI Categories

>2.00 Extremely wet
1.50 to 1.99 Very wet
1.00 to 1.49 Moderately wet
0 to 0.99 Near Normal
−0.50 to −0.99 Mild drought
−1 to −1.49 Moderate drought
−1.50 to −1.99 Severe drought
< −2.00 Extreme drought
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linear regression when dealing with time series data (Deng et al. 2022). Pearson cor
relation matrices were constructed using Xlstat software to examine the relationships 
among the various indices. Additionally, correlations between the drought indices 
and average annual rainfall were also determined. This analysis reveals how strongly 
each drought index corresponds to variations in rainfall (a positive correlation indi
cates similar trends, and stronger correlations indicate values closer to 1 or −1).

2.5.2. Spatial dynamics
Spatial variations in the VCI, VHI, SPI-3 and SPEI-3 were mapped across the Gwayi 
catchment for selected years (1990–1991, 1994–1995, 2000–2001, 2004–2005, 2009– 
2010, and 2014–2015) to visualize drought patterns across the region. Additionally, 
spatial dynamics were analysed to identify areas experiencing drought conditions 
within the catchment.

2.6. Summary of software used

This study utilized a combination of software tools for various data analysis tasks. 
XLSTAT 2019, a statistical software package, played a key role in several analyses. 
The Durbin–Watson test was used to detect autocorrelation in the rainfall, and tem
perature data in XLSTAT. Additionally, XLSTAT facilitated the identification of 
trends in precipitation and temperature time series through the Mann–Kendall test. If 
necessary, detrending with ARIMA models was performed within XLSTAT before the 
Mann–Kendall test was applied. Furthermore, XLSTAT was employed to conduct the 
Pettitt test to detect abrupt changes in the medians of the rainfall and temperature 
data. Finally, Pearson correlation analyses were conducted in XLSTAT to assess the 
relationships between various drought indices (VCI, VHI, SPI, SPEI) and annual rain
fall. To handle and pre-process satellite imagery data, as well as for spatial analysis and 
visualization of drought indices (VCI, VHI, SPI, and SPEI) across the Gwayi catch
ment, ArcGIS 10.8, a geographic information system (GIS) software, was employed. 
DrinC calculator version 1.7 ([http://drought-software.com/dc0918/DrinC]) was used to 
calculate the standardized precipitation index (SPI) and the standardized precipitation 
evapotranspiration index (SPEI) on the basis of the acquired precipitation data.

3. Results

3.1. Rainfall and temperature statistics

A positive autocorrelation (Table 6) was detected at all six stations (DW < 1.5). 
ARIMA models were subsequently employed to remove autocorrelation using partial 
autocorrelation (PACF) of the residuals (Abebe 2020; Amjad et al. 2022). This process 
successfully addressed the autocorrelation issue in the data, allowing for subsequent 
trend analysis. The Mann–Kendall test (Table 6) was employed to detect trends in 
precipitation and temperature. Only Victoria Falls exhibited a statistically significant 
trend (p< 0.05) with increasing rainfall (Sen’s slope ¼ 7.25 mm/year). The remaining 
stations (Tsholotsho, Nkayi, Lupane, Hwange, and Binga) showed no significant 
trends (p> 0.05). The Pettitt test results revealed no significant changes in the median 
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rainfall patterns at any of the six stations within the Gwayi catchment (all p values 
> 0.05).

A strong positive correlation was observed between all six rainfall stations 
(Victoria Falls, Tsholotsho, Nkayi, Lupane, Hwange, and Binga) (Table 7). All correla
tions, except those of Victoria Falls and Tsholotsho, were statistically significant 
(<0.05). The correlation strength varied, with stations such as Lupane and 
Tsholotsho exhibiting very strong positive correlations (values close to 1).

3.2. Temporal dynamics of agrometeorological drought

Analysis of the VCI classification (Figure 4a) provides valuable insights into the his
torical drought patterns within the Gwayi catchment. VCI values were averaged for 
the November–March period within each year, with a focus on the critical growth 
stages of rain-fed crops. This approach captured the overall health of vegetation dur
ing this critical window and its response to prevailing moisture conditions (rainfall 
and potential evapotranspiration). This same approach was applied to all the indices. 
Notably, normal conditions, indicative of relatively healthy vegetation, were observed 
in 11 of the 31 years analysed. However, drought events were also frequent, with mild 
drought being the most common category (occurring over 14 years). Moderate 
droughts occurred for four years (1992, 1998, 2002, and 2012), while severe droughts 
occurred in 1995 and 2005.

Analysis of the VHI classification (Figure 4b) revealed a pattern of fluctuating 
drought conditions within the Gwayi catchment area. Similar to the VCI results, mild 
drought was the most frequent category, occurring in 12 out of 31 years, indicating 
recurring periods of moderate stress on the vegetation. However, the VHI classifica
tion identified a slightly greater frequency of extreme droughts (2 years: 1998, 2015) 

Table 7. Correlation matrix for precipitation for the six stations in the catchment.
Correlation matrix (Pearson)

Variables Vic Falls Tsholotsho Nkayi Lupane Hwange Binga

Vic Falls 1 0.637 0.695 0.669 0.894 0.808
Tsholotsho 0.637 1 0.879 0.944 0.832 0.748
Nkayi 0.695 0.879 1 0.943 0.807 0.807
Lupane 0.669 0.944 0.943 1 0.838 0.807
Hwange 0.894 0.832 0.807 0.838 1 0.839
Binga 0.808 0.748 0.807 0.807 0.839 1

p< 0.0001 for all correlation between different stations.

Table 6. Durbin–watson and mann–kendal test results for rainfall at the six stations.
Durbin–Watson test Mann–Kendall test

Station DW rho Kendall’s tau p value Sen’s slope

Vic Falls 0.620 0.507 0.310 0.016 7.250
Tsholotsho 0.565 0.519 0.037 0.786 0.650
Nkayi 0.567 0.530 0.089 0.496 2.339
Lupane 0.569 0.521 −0.028 0.838 −0.703
Hwange 0.593 0.522 0.155 0.227 3.517
Binga 0.567 0.560 0.154 0.234 3.246
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than did the VCI. This suggests that the VHI might be more sensitive to periods of 
severe vegetation stress. The analysis also identified moderate droughts in four years 
(1992, 2002, 2010, and 2012) and severe droughts in 1995 and 2016. Normal condi
tions, indicative of healthy vegetation, were observed for eight years.

The SPI classification (Figure 4c) revealed a dynamic pattern of precipitation and 
drought conditions within the Gwayi catchment area. Notably, near-normal precipita
tion, indicative of balanced conditions, occurred most frequently (nine out of 
31 years). The catchment also experienced significant wet periods, with severe wet 
conditions observed over five years and moderate wet conditions over six years. 
Drought events were also evident on the flipped side. Moderate droughts occurred in 
seven years, whereas severe droughts were identified in four specific years (1995, 
2005, 2014, and 2017). The results also revealed that three years (1998, 2015, and 
2018) were classified as extreme droughts.

The SPEI analysis (Figure 4d) revealed a historical tendency towards mild drought 
conditions in the Gwayi catchment area. More than one-third (10 out of 31 years) fell 
under this classification, indicating a recurring pattern of dryness. However, the data 
also show a possible shift towards more severe droughts. This is evident in the occur
rence of five severe drought years (1995, 2005, 2014, 2017, and 2018) and three 

Figure 4. (a)–(d): VHI (4a), VCI (4b), SPI-3 (4c) and SPEI-3 (4d) variations from 1990 to 2020 show
ing temporal variations.
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extreme drought years (1998, 2015, and 2020) compared with only three moderate 
drought years (1992, 2002, and 2012).

3.3. Spatial dynamics of agrometeorological drought

3.3.1. Spatial variations in the VCI, VHI, SPI and SPEI across the catchment
Analysis of spatial drought patterns using VCI (Figure 5), VHI (Figure 6), SPI 
(Figure 7), and SPEI (Figure 8) revealed distinct variations within the Gwayi 

Figure 5. Spatial variation in the VCI across the Gwayi catchment for selected years.

Figure 6. Spatial variation in the VHI across the Gwayi catchment for selected years.
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catchment. The VCI and VHI, which reflect vegetation conditions, consistently indi
cated a north–south gradient in terms of vegetation health, with the northeastern 
region exhibiting relatively better conditions than the southwestern area. This pattern 
was particularly evident during the severe 1994–1995 drought, as depicted in 
Figures 8 and 9, where the southwestern portion of the catchment experienced exten
sive drought conditions. The SPI and SPEI, which represent meteorological condi
tions, also showed a general north–south gradient in terms of drought occurrence, 
with the northwestern region often experiencing drier conditions. However, these 

Figure 7. SPI spatial variation across the Gwayi catchment for selected years.

Figure 8. Spatial variation in the SPEI across the Gwayi catchment for selected years.
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indices revealed a more dynamic spatial pattern than did the vegetation-based indices. 
For example, Figure 7 shows a reversal in SPI patterns during the 2009–2010 season, 
with drier conditions in the southeastern part of the catchment.

3.3.2. Agrometeorological drought area changes using the VCI
An analysis of drought occurrence and spatial extent within the Gwayi catchment 
was conducted using multiple indices; the VCI, VHI, SPI, and SPEI. To quantify 
drought impacts, the area affected by different drought severity levels was calculated 
for each index and time period on the basis of established thresholds (Figure 9). The 
VCI analysis revealed spatial and temporal variations in vegetation health. During 
the 1994–1995 season, extreme drought conditions affected approximately 28% of the 
catchment, with a total of 79% experiencing moderate to extreme drought. In con
trast, the 2009–2010 season resulted in significantly improved conditions, with only 
21% of the catchment experiencing drought stress. The VHI data corroborated these 
findings, indicating similar trends in vegetation health. In the 2004–2005 season, 
88.7% of the areas experienced moderate to extreme drought conditions. Improved 
wet conditions were observed from 2009 to 2010, with 37.7% of the area reflecting a 
recovery phase in terms of vegetation health. SPI and SPEI data provided insights 
into the meteorological drivers of drought. Both indices identified 2004–2005 as the 
period most impacted by drought, affecting approximately 66–67% of the catchment. 
However, the spatial distribution of drought, as indicated by these meteorological 

Figure 9. Proportion of areas covered by various drought levels for selected years via the VCI, VHI, 
SPEI and SPEI in the catchment.
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indices, differed from that of the vegetation indices, suggesting potential lags in the 
vegetation response to precipitation deficits.

Limitations of pixel-based analysis for drought area assessment

Importantly, this analysis is subject to certain limitations. The use of pixel-based ana
lysis to determine drought areas can be influenced by land cover changes and data 
resolution. Additionally, the choice of drought thresholds can impact the results. 
Future studies could explore the use of higher resolution data and alternative drought 
indices to refine the analysis.

3.4. Overall agrometeorological drought dynamics and trends

This analysis explored drought conditions in the Gwayi catchment using four key 
indices: the VHI, VCI, SPEI, and SPI (Table 8). Mixed drought conditions were 
observed from 1990 to 2020. Mild drought was the most frequent category across all 
indices, with the VCI and SPI showing the highest occurrences (14 and 8 years, 
respectively). There was good agreement for severe droughts in 1995 and 2005 across 
all indices, suggesting that these significant events were identifiable using different 
drought monitoring approaches. The VCI shows no extreme droughts, whereas the 
SPI and SPEI identify several droughts (three for each).

The SPI showed a greater frequency (7 years) of moderate drought than did the 
VHI and VCI (4 years each). The notable moderate to severe drought years included 
1991, 1992, 1994, 1995, 2005, 2016, and 2017. Favourable (wet) conditions occurred 
in 2000 and 2006.

The SPI and SPEI indices indicated that the most severe drought was experienced 
between 2004 and 2005. In contrast, the VCI data revealed less impact during this 
period but identified 1994–1995 as a year of extreme drought. This discrepancy can 
be attributed to the different sensitivities and methodologies underlying each index. 
The SPI and SPEI primarily measure meteorological and hydrological droughts by 

Table 8. Drought classification in the Gwayi catchment based on 
each drought index.
Index Drought level Number of years

VHI Mild drought 12
Moderate drought 4
Severe drought 2
Extreme drought 2

VCI Mild drought 14
Moderate drought 4
Severe drought 2
Extreme drought 0

SPI-3 Mild drought 8
Moderate drought 7
Severe drought 4
Extreme drought 3

SPEI-3 Mild drought 10
Moderate drought 4
Severe drought 5
Extreme drought 3
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focusing on precipitation deficits and evapotranspiration, which directly affect water 
availability. Consequently, they may experience more severe drought impacts during 
periods of significant rainfall shortages, such as 2004–2005.

On the other hand, the VCI is a measure of vegetation health, reflecting the 
response of vegetation to both precipitation and soil moisture conditions. The VCI 
might have had a less severe impact from 2004 to 2005 if vegetation had adapted or 
if there were mitigating factors such as soil moisture retention. Conversely, the 
extreme drought indicated by the VCI in 1994–1995 suggested that vegetation was 
severely stressed during this period, possibly due to prolonged dry conditions that 
might not have been fully captured by the SPI and SPEI. This highlights the impor
tance of using multiple indices to obtain a comprehensive understanding of drought 
impacts, as each index captures different facets of drought conditions.

According to this analysis, none of the average drought indices showed statistically 
significant trends according to the Mann–Kendall test (p< 0.05) (Table 9). The VHI 
and VCI show slightly positive Kendall’s tau values, suggesting a possible weak 
increase in drought severity over time, but the p values indicate that this increase was 
not statistically significant. However, at the station level, Tsholotsho had a statistically 
significant negative trend (p< 0.05) in SPEI-3 and SPI-3. None of the other stations 
showed any significant trends.

3.5. Drought indices correlation

The correlation matrices of the VHI, VCI, SPEI-3 and SPI-3 are shown in Figures 10
and 11. The results indicate a very strong positive correlation between the VHI and 
VCI (0.877), which suggests that these indices provide similar information regarding 
drought conditions. The SPI-3 and SPEI-3 also exhibit a strong positive correlation 
(0.783), indicating that they capture similar aspects of drought severity related to 
meteorological conditions. The VHI and SPI (0.304) and the VHI and SPEI (0.392) 
showed moderate positive correlations. Moderate positive correlations were found 
between the VHI and SPI (0.304) and between the VHI and SPEI (0.392). Similarly, 
moderate correlations were observed between the VCI and SPI (0.281) and between 
the VCI and SPEI (0.405). These moderate correlations were caused by the fact that 
while the VHI and VCI share some information with the SPI and SPEI, they also 
capture unique aspects of vegetation health and stress that are not fully represented 
by meteorological drought indices. All indices showed statistically significant correla
tions (p< 0.05), highlighting their robustness in depicting various dimensions of 
drought conditions in the Gwayi catchment.

Table 9. Mann–kendall results for the average VHI, VCI, SPI-3 and 
SPEI-3 for the catchment.
Index Kendall’s tau p value Sen’s slope

VHI 0.169 0.195 0.500
VCI 0.107 0.414 0.227
SPI-3 −0.032 0.812 −0.003
SPEI-3 −0.015 0.919 −0.001
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Figure 10. Correlation matrix for the VCI, VHI, SPI and SPEI.

Figure 11. Correlation of averaged values for (VCI, VHI, SPI, SPEI, rainfall) in the catchment.
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4. Discussion

4.1. Spatiotemporal dynamics of agrometeorological droughts

This study comprehensively analysed the spatiotemporal patterns of agrometeorologi
cal droughts in the Gwayi catchment, Zimbabwe, by employing VCI, VHI, SPI, and 
SPEI indices from 1990–2020. While the overall average drought indices did not 
exhibit significant long-term trends, the data revealed notable interannual variability. 
Severe droughts occurred in 1991, 1992, 1994, 1995, 2005, 2016, and 2017, contrasting 
with favourable (wet) conditions in 2000 and 2006. The severe droughts observed in 
1991–1992 and 2016–2017 aligned with strong El Ni~no events, which disrupted nor
mal rainfall patterns and exacerbated drought conditions in the region (Franchi et al. 
2024). During El Ni~no events, the Gwayi catchment frequently experiences reduced 
rainfall, leading to increased drought frequency. Conversely, La Ni~na conditions often 
result in above-average rainfall, which can provide temporary relief from drought. 
The Indian Ocean Dipole (IOD) also plays a role, with its positive phase typically 
associated with drier conditions and its negative phase with wetter conditions 
(Ibebuchi and Lee 2024). These findings are consistent with studies conducted in 
other semi-arid regions of southern Africa, which also reported high interannual vari
ability in drought conditions driven by complex interactions between regional climate 
patterns and global climate drivers such as ENSO and the Indian Ocean Dipole 
(IOD) (Byakatonda et al. 2018; Stojanovic et al. 2020); Oikonomou et al. 2020). 
Similar to this study, Frischen et al. (2020) highlighted the presence of isolated 
drought patterns with distinct spatial variations within Matabeleland North Province 
of Zimbabwe. The observed interannual variability in droughts can also be attributed 
to the inherent climatic characteristics of the region, which are characterized by pro
nounced seasonality in rainfall patterns (Muganda et al. 2021; Sinthumule and 
Mkumbuzi 2019). However, the absence of statistically significant long-term trends in 
average drought indices contrasts with findings of World Meteorological 
Organization (2022), who reported a growing concern about long-term increases in 
drought severity linked to climate change. This discrepancy highlights the complex 
nature of drought trends in semi-arid regions, where short-term fluctuations may 
mask long-term trends. Further research employing high-resolution climate models is 
instrumental in clarifying the relationship between short-term variability and long- 
term trends in drought occurrence in the Gwayi catchment.

Spatial analysis using multiple drought indices revealed important regional patterns 
in drought occurrence. The SPI indicated a northwesterly bias in drought occurrence, 
whereas the SPEI highlighted more dispersed drought severity across the catchment,. 
The use of multiple indices underscores the importance of a multifaceted approach in 
capturing the complexity of drought dynamics, as different indices may respond 
differently to various drought conditions (Adnan and Ullah 2022; Baig et al. 2020). 
The SPI (Standardized Precipitation Index) and SPEI (Standardized Precipitation 
Evapotranspiration Index) are particularly effective in capturing meteorological 
droughts, with the SPI focusing solely on precipitation and the SPEI integrating both 
precipitation and potential evapotranspiration (Chisadza et al. 2023). However, the 
SPI may underrepresent drought severity in regions where temperature-induced 
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evapotranspiration plays a significant role, as observed in the Gwayi catchment. On 
the other hand, the VCI (vegetation condition index) and VHI (vegetation health 
index) provide valuable insights into the ecological impacts of droughts, particularly 
on vegetation health. While VCI is effective in assessing the greenness of vegetation, 
it may be less sensitive to droughts that affect biomass without significantly altering 
vegetation cover (Deepa et al. 2021). The VHI, which combines VCI and thermal 
conditions, offers a more comprehensive assessment but may be influenced by factors 
unrelated to drought, such as soil moisture or local microclimates. Furthermore, the 
catchment exhibited a clear spatial gradient in vegetation health, with a northeasterly 
bias towards greener conditions and more severe drought impacts in the southwest
ern region. This spatial variability is consistent with previous studies by Frischen 
et al. (2020), Mupepi and Matsa (2022), and Sharara et al. (2022), suggesting that 
local factors such as topography, land use practices, and soil type may play a signifi
cant role in influencing drought patterns within the catchment.

The analysis of individual stations provided further insights into localized drought 
trends. A significant negative trend in the SPEI-3 and SPI-3 was observed at 
Tsholotsho, emphasizing the need for localized assessments to capture the spatial het
erogeneity of drought trends within catchments (Kchouk et al. 2022). These localized 
trends highlight the influence of both climatic factors, such as pronounced seasonality 
(Omotoso et al. 2023; Uwizewe et al. 2024), and nonclimatic factors, such as land use 
changes and topographical variations, on drought dynamics. These findings suggest 
the need for targeted, location-specific interventions to manage drought risk 
effectively.

4.2. Overall implications of observed agrometeorological drought patterns

The complex interplay of spatial and temporal drought dynamics in the Gwayi catch
ment underscores the need for comprehensive and context-specific adaptation strat
egies. The observed spatiotemporal patterns of drought in the Gwayi catchment have 
significant implications for agricultural productivity, food security, and water resource 
management (Ntali et al. 2023). The recurring occurrence of moderate droughts, 
punctuated by severe events, poses a significant threat to crop yields and agricultural 
productivity. The cumulative stress induced by these droughts can lead to reduced 
crop yields, exacerbating food insecurity, particularly among vulnerable populations. 
This is especially critical in regions where agriculture is a primary livelihood, such as 
in the Gwayi catchment. Moreover, the spatial variability in drought patterns, particu
larly the more severe impacts observed in the southwestern region, indicates that cer
tain areas within the catchment are more vulnerable than others are. Targeted 
interventions in these high-risk areas could help mitigate the adverse effects of 
drought on agricultural productivity. Moreover, increased competition for water 
resources during droughts can intensify existing water scarcity challenges (Tanarhte 
et al. 2024). As demand for water increases for agricultural, domestic, and industrial 
purposes, potential conflicts over limited supplies escalate. This can hinder sustainable 
development and exacerbate social tensions. Furthermore, frequent droughts can con
tribute to land degradation, including soil erosion, desertification, and loss of 
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vegetation cover. This can have long-term consequences for agricultural productivity 
and ecosystem health (Niyonsenga et al. 2024). Once land is degraded, it becomes 
more susceptible to drought and other environmental hazards.

To address these challenges effectively, a multipronged approach is essential. 
Strengthening early warning systems (EWSs) by integrating meteorological, remote 
sensing, and hydrological data can improve the accuracy and lead time of alerts, 
allowing timely decision-making and the implementation of mitigation measures 
(Mohsin and Adnan 2023). Such systems should be tailored to the specific climatic 
and environmental conditions of the Gwayi catchment to ensure their effectiveness. 
Interventions must be spatially targeted, with a focus on the areas most affected by 
drought and prioritising drought-resistant crops, the development of irrigation infra
structure, and the establishment of social safety nets (Yan et al. 2024; Zhao et al. 
2023). Additionally, diversifying livelihoods can reduce the vulnerability of commun
ities to drought-related shocks, especially in the southwestern region, where drought 
impacts are more severe. Improved water resource management through efficient 
water use practices and investment in water storage infrastructure is essential to 
increase water availability during dry periods (Zamora-Pereira et al. 2023). Finally, 
incorporating climate change projections into long-term planning for the Gwayi 
catchment is crucial for enhancing the region’s resilience to future droughts. Such 
projections can inform the development of adaptive strategies tailored to the unique 
climatic and environmental conditions of the catchment, ensuring that they are 
robust across various future climate scenarios. Moreover, understanding the socioeco
nomic dimensions of drought in the Gwayi catchment is essential, as the impacts are 
often disproportionately felt by vulnerable populations, including smallholder farmers, 
women, and elderly. These groups, heavily reliant on agriculture for their livelihoods, 
are particularly susceptible to the compounded effects of drought and land degrad
ation. Targeted interventions, such as strengthening social safety nets, improving 
access to credit, and enhancing disaster risk reduction measures, are critical for build
ing resilience among these communities. Therefore, comprehensive drought manage
ment strategies in the Gwayi catchment should address both the environmental and 
socioeconomic consequences of drought, ensuring that all affected groups are sup
ported in adapting to the changing climate.

5. Conclusion

This study employed a multi-index approach to analyse VCI, VHI, SPI, and SPEI 
data from 1990 to 2020 to reveal the dynamic nature of agrometeorological droughts 
within the Gwayi catchment, Zimbabwe. While no significant long-term trends were 
observed, the dominance of mild droughts underscores a historical tendency towards 
drier conditions. The spatial heterogeneity in drought occurrence and severity, with 
the southwestern region being particularly vulnerable, highlights the need for spatially 
targeted drought management strategies. The strong correlation between the VHI and 
VCI indicates a significant overlap in their ability to capture vegetation health, 
whereas moderate correlations between the VCI/VHI and SPI/SPEI suggest that the 
VCI/VHI captures additional information beyond precipitation deficits, likely 
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reflecting the influence of factors such as temperature, soil moisture, and land cover. 
This emphasizes the value of using multiple drought indices for a comprehensive 
assessment. The prevalence of mild droughts suggests a need to revisit baseline 
thresholds to define and respond to droughts within the catchment. Integrating infor
mation from the SPI/SPEI (precipitation deficit) and VCI/vegetation health (VHI) 
provides a more comprehensive picture for developing robust drought management 
plans. To address the challenges posed by droughts effectively, a combination of early 
warning systems, sustainable land management practices, livelihood diversification, 
improved water infrastructure, and capacity building is essential. Prioritizing vulner
able populations and incorporating climate change projections into long-term plan
ning are crucial for building resilience. Further research should focus on quantifying 
the economic impacts of droughts, evaluating the effectiveness of adaptation strat
egies, and exploring the potential of climate models in predicting future drought pat
terns. By adopting a holistic approach that considers both the physical and 
socioeconomic dimensions of drought, policymakers and practitioners can develop 
more effective and sustainable drought management strategies for the Gwayi catch
ment and similar regions.
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