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Remote Sensing/ Original Article

Remote sensing assessment 
of drought effects on maize 
yields in Jequitinhonha Valley
Abstract – The objective of this work was to analyze agricultural drought 
using both precipitation data and the Vegetation Condition Index (VCI) based 
on remote sensing, to evaluate the effect of these conditions on maize yields 
in the semiarid region of Jequitinhonha Valley, Brazil, from 2001 to 2021. 
Pearson’s correlation assessed the relationships between precipitation, VCI 
anomalies, and corn yields. Remote sensing methods can be used to assess 
agricultural drought at the sub-regional scale in the Jequitinhonha Valley. The 
methods proposed by the present study allow for the identification of risk areas 
susceptible to agricultural drought. For future research, it is recommended 
that yield data be categorized in terms of water source, distinguishing between 
irrigated and rainfed crops.

Index terms: agricultural drought, precipitation, spatial analysis, water 
scarcity.

Avaliação por sensoriamento remoto 
dos efeitos da seca nos rendimentos 
de milho no Vale do Jequitinhonha
Resumo – O objetivo deste trabalho foi analisar a seca agrícola utilizando 
dados de precipitação e o Índice de Condição da Vegetação (ICV) com 
base em sensoriamento remoto, para avaliar o efeito dessas condições nas 
produtividades de milho na região semiárida do Vale do Jequitinhonha, 
Brasil, de 2001 a 2021. A correlação de Pearson avaliou as relações entre 
precipitação, anomalias do ICV e produtividades de milho. Os métodos de 
sensoriamento remoto podem ser utilizados para avaliar a seca agrícola na 
escala sub-regional no Vale do Jequitinhonha. Os métodos propostos por este 
estudo permitem a identificação de áreas de risco suscetíveis à seca agrícola. 
Para pesquisas futuras, recomenda-se que os dados de produtividade sejam 
categorizados em termos de fonte de água, distinguindo entre cultivos 
irrigados e de sequeiro.

Termos para indexação: seca agrícola, precipitação, análise espacial, 
escassez hídrica.

Introduction

Drought has severe and long-lasting impacts on the economy, food 
security, and agriculture (Silva et al., 2020; Shalishe et al., 2023; Chere 
& Debalke, 2024; Pacheco & Andrade, 2024; Liu et al., 2025). Global 
maize production has been severely affected by drought, leading to 
crop failures in the largest producing countries, such as the United 
States, China, and Brazil. For instance, in the Southwestern region of 

https://orcid.org/0000-0001-9425-8069
https://orcid.org/0000-0003-3502-7847
https://orcid.org/0000-0003-4251-6040


Pesq. agropec. bras., Brasília, v.61, e03946, 2026
DOI: 10.1590/S1678-3921.pab2026.v61.03946

2 of 11 D.G. Pacheco et al.

the United States, maize yield reduced 42.7% between 
1979 and 2019, due to drought (Nguyen et al., 2023). 
Similarly, between 1961 and 2017, Northeastern China 
suffered 14% losses in maize yield attributable to 
severe drought (Wang et al., 2020).

Brazil is the third-largest maize producer in the 
world, contributing approximately 10% of global 
production in the 2023/2024 crop year (USDA, 2024). 
During this period, the country produced 115.7 million 
Mg of maize across a cultivated area of 21 million 
hectares. This output represented a yield reduction of 
12% compared to previous crop year, primarily due to 
drought conditions (CONAB, 2024).

Rainfed agriculture constitutes one of the main 
sources of income in the Brazilian Semiarid region, 
where approximately 90% of agricultural production 
is managed by family farming (Rossato et al., 2017). 
Maize is one of the primary subsistence crops in this 
region, valued not only for to its high productivity but 
also because it serves as a primary food source for 
the local population and is essential as animal feed 
(Martins et al., 2018).

The Brazilian Semiarid region faces challenges in 
drought monitoring due to the uneven distribution 
and low density of weather stations. Furthermore, 
estimates based solely on ground sensors do not provide 
robust temporal data for accurate drought detection 
(Dutta et al., 2015; Santos et al., 2019). The high costs 
associated with collecting meteorological data also 
pose a barrier to obtaining high-quality data required 
for comprehensive drought assessment (Dutta et  al., 
2015; Santos et  al., 2019). Consequently, the use of 
information based on orbital data is expanding due 
to its reduced costs, high reliability, greater temporal 
frequency, and availability (Aghakouchak et al., 2015; 
Dutta et al., 2015; Liang et al., 2016).

With research focusing on the Brazilian Semiarid 
region, Marengo et al. (2017) identified drought events 
in 2012 and 2015 using the Standardized Precipitation 
Index (SPI), while Zeri et  al. (2018) used the Soil 
Moisture Index (SMI) to detect drought events in the 
same region in 2015 and 2016. However, continuous 
use of remote sensing is recommended to monitor 
climatic conditions and vegetation, allowing for early 
detection of droughts and, consequently, the adoption 
of preventive measures.

Among the various remote sensing indices, the 
Vegetation Condition Index (VCI), derived from the 

Normalized Difference Vegetation Index (NDVI), 
is widely used to monitor drought across different 
geographic regions (Kogan, 1995; Dutta et  al., 2015; 
Ghafarian Malamiri et  al., 2018; Kloos et  al., 2021; 
Barbosa, 2023). The VCI can estimate the state 
of vegetation over long periods in extensive and 
heterogeneous areas that experience meteorological 
variations (Kogan, 1995; Du et  al., 2013). The VCI 
based on data from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) has shown strong 
performance and wide acceptance in assessing the 
onset, duration, and severity of drought (Kogan, 1995; 
Jiao et al., 2016; Winkler et al., 2017; Kloos et al., 2021; 
Xie & Fan, 2021).

The objective of this work was to analyze agricultural 
drought using both accumulated precipitation data and 
the Vegetation Condition Index (VCI) based on remote 
sensing, to evaluate the effect of these conditions on 
maize yields in the semiarid region of Jequitinhonha 
Valley, Brazil, from 2001 to 2021.

Materials and Methods

Jequitinhonha Valley, with a total area of 50,147 km² 
(IBGE, 2019), is located in the Southeast region of 
Brazil, specifically in the northeast of the state of Minas 
Gerais. Approximately 60% of its territory is part of 
the Brazilian Semiarid region, although the entire area 
experiences climatic variability and drought. Due to 
its climatic and topographic characteristics, the region 
is conventionally divided into three sub-regions: Alto, 
Médio, and Baixo Jequitinhonha (High, Middle, 
and Low Jequitinhonha). This territory comprises 
51 municipalities and has a population of 668,279 
inhabitants (IBGE, 2022).

The density of meteorological stations in the 
Jequitinhonha Valley is very low, covering only seven 
municipalities: Diamantina, Itamarandiba, Capelinha, 
Araçuaí, Itaobim, Pedra Azul, and Almenara 
(INMET, 2021), which account for 13% of the entire 
area. Precipitation varies across the region: the average 
annual precipitation reaches about 1,400 mm in the 
southern part of High Jequitinhonha, but decreases 
toward Middle and Low Jequitinhonha, where the 
annual mean drops to 600 mm. The rainy season 
occurs from October to March, with precipitation 
ranging from 200 mm in October to 160 mm in 
March. Conversely, the dry season spans from April 
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to September, characterized by precipitation ranging 
from 75 mm in April to 65 mm in September (Alvares 
et al., 2013).

The topography of the Jequitinhonha Valley 
varies significantly. In the southern part of High 
Jequitinhonha, elevations reach considerable values, 
reaching up to 1,800 m, while in the northeastern part 
of Low Jequitinhonha, elevations are significantly 
lower, around 60 m. The average annual temperatures 
ranges from 18°C in the extreme south of High 
Jequitinhonha up to 24°C in the central part of Middle 
Jequitinhonha and in the northeastern part of Low 
Jequitinhonha (Alvares et al., 2013). The hottest month 
is generally February, with a mean temperature of 
23°C in High Jequitinhonha and 24°C in Middle and 
Low Jequitinhonha. The coldest period differs slightly 
by region: in High Jequitinhonha, the coldest month 
is June, with a mean temperature of 18°C, while in 
Middle and Low Jequitinhonha, the coldest month is 
July, with a mean temperature of 19°C (Alvares et al., 
2013). The predominant soils across all sub-regions are 
Argisols and Latosols (IBGE, 2019).

The main temporary crops cultivated in 
Jequitinhonha Valley are maize, beans, cassava, and 
sugarcane. In 2021, maize was the predominant crop, 
covering 16,997 hectares, which accounted for 46% 
of the total area dedicated to these four crops (IBGE, 
2024). Beans occupied the second position with 
11,022 hectares (33%), followed by cassava with 4,825 
hectares (15%), and sugarcane with 4,093 hectares 
(11%). (IBGE, 2024).

The main planting season for maize occurs 
primarily from October to December (CONAB, 
2022), coinciding with the onset of the rainy season 
and characterized by the highest maize yields in the 
region. Farmers utilize various management practices 
to maintain productivity, such as drought-resistant 
cultivars, irrigation systems, and crop rotation to 
improve soil fertility and reduce pest risks (Tigges 
et al., 2016).

Agricultural drought conditions in the Jequitinhonha 
Valley were assessed and correlated with maize yields 
over the period from 2001 to 2021 using precipitation 
data and the Vegetation Condition Index (VCI) derived 
from remote sensing. Due to the scarcity of terrestrial 
weather stations in Jequitinhonha Valley, the study 
relied on precipitation records from the Climate 
Hazards Group InfraRed Precipitation with Station 

data (CHIRPS). These records, available since 1982, 
are estimated from high-resolution satellite imagery 
with spatial resolution of 5 km. CHIRPS data have 
shown satisfactory performance and good applicability 
in drought studies across Brazilian regions (Paredes-
Trejo et al., 2017; Nogueira et al., 2018). A precipitation 
dataset encompassing the maize growing season 
(October to December) was used, covering a total 
of 63 months. From these data, annual means were 
calculated for the 2001 to 2021 period.

To calculate the Vegetation Condition Index (VCI), 
data were sourced from the NDVI/MODIS product 
(MOD13Q1, version 6), which has a temporal resolution 
of 16 days and a spatial resolution of 250 m. A total of 
105 NDVI products were collected. The mean annual 
VCI data were then calculated for the maize growing 
months of October to December, from 2001 to 2021.

Annual maize yield data spanning from 2001 to 
2021 were obtained from the IBGE/SIDRA database 
(BGE, 2024). This information was available by 
geographical microregions. To calculate the yield 
data by the three sub-regions of the Jequitinhonha 
Valley, it was necessary to sum the annual yields of 
the microregions included in each sub-region: the 
microregions of Diamantina and Capelinha for High 
Jequitinhonha; the microregions of Araçuaí and Pedra 
Azul for Middle Jequitinhonha; and the microregion 
of Almenara for Low Jequitinhonha. All collected 
data were subsequently organized into spreadsheets to 
perform the statistical analysis.

The Vegetation Condition Index (VCI), developed by 
Kogan (1995), has been specifically applied to assess the 
effects of weather conditions on vegetation. It reflects 
plant health and offers advantages for comparison with 
crop yields (Kogan, 1995; Dutta et al., 2015). The VCI 
has been extensively used to monitor drought and 
vegetation conditions (Dutta et al., 2015; Winkler et al., 
2017; Demisse et  al., 2018). As demonstrated in the 
following equation (Kogan, 1995), the VCI normalizes 
the Normalized Difference Vegetation Index (NDVI) 
on a pixel-by-pixel basis, adjusting the values between 
the maximum and minimum NDVI recorded over a 
specific period (Liou and Mulualem, 2019). (1), where: 
VCI is Vegetation Condition Index; NDVI is mean 
Normalized Difference Vegetation Index; NDVImax 
is maximum NDVI in the long-term; and NDVImin is 
minimum NDVI in the long-term.
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The Vegetation Condition Index (VCI) is expressed 
as a percentage ranging from 0 to 100%. It serves 
as an indicator of variations in vegetation condition, 
where values > 60% represent healthier vegetation, 
and values ≤ 60% indicate drought conditions (Liu 
& Kogan, 1996). For detailed drought classification, 
VCI values were grouped into five levels according to 
the established criteria: no drought (VCI > 60), mild 
drought (50 < VCI ≤ 60), moderate drought (35 ≤ VCI 
≤ 50), severe drought (20 ≤ VCI ≤ 35), and extreme 
drought (VCI < 20) (Kogan, 1995; Bhuiyan & Kogan, 
2010).

The Vegetation Condition Index anomaly (VCIA) 
is used to analyze variations in the VCI time series. 
It is calculated according to the equation by Fentaw 
et  al. (2023): , where: VCIA is VCI anomaly; VCIi is 
VCI value in the “i” period; VCIav is mean VCI in the 
research period.

A positive VCIA denotes vegetative conditions above 
the long-term mean, indicating a wetter period or a 
period more conducive to plant growth. In contrast, 
a negative VCIA points to a VCI below the long-term 
mean, signaling drier or unfavorable conditions. This 
monitoring capability enables the rapid identification 
of both dry and rainy periods, which is essential 
for assessing plant health and detecting anomalous 
climatic patterns (Fentaw et al., 2023).

The data of the present study were first checked 
for outliers through inspection of the interquartile 
ranges. Subsequently, the data were submitted to 
assumptions checking of normality using Shapiro-
Wilk’s test (α = 0.05), homoscedasticity using Breusch-
Pagan’s test, linearity verified by visual inspection 
of dispersions, and independence of residuals using 
Durbin-Watson’s test. All necessary assumptions 
were met. Pearson’s correlation coefficient (r) at 5% 
significance level was then employed to verify the 
correlation between annual accumulated precipitation 
and annual maize yield, and between annual VCIA 
during the growing season (October to December) 
and the annual maize yield. These correlations were 
performed for the period of 2001 to 2021 across the 
three sub-regions of the Jequitinhonha Valley, utilizing 
the statistical software BioEstat (Ayres et al., 2007) for 
the analyses.

Results and Discussion

The analysis of annual accumulated precipitation 
data showed a gradient, with means decreasing from 
High Jequitinhonha to Low Jequitinhonha (Figure 1). 
In High Jequitinhonha, the mean annual precipitation 
of the studied period was 509.0 mm. The lowest 
recorded mean was 266.3 mm in 2007, and 11 years 
showed precipitation below-mean: 2003, 2004, 2007, 
2012, and 2014–2020. In the Middle Jequitinhonha, the 
mean annual precipitation was 400.0 mm. The lowest 
precipitation, of 225.1 mm, was recorded in 2019, 
which was 44% lower than mean annual precipitation. 
This sub-region recorded ten years below average: 
2002–2004, 2007, 2012, 2015–2017, 2019, and 2020. 
Finally, in Low Jequitinhonha, the mean annual 
precipitation was 372.0 mm. The year 2019 showed 
the lowest precipitation, at 175.2 mm, representing a 
significant drop of 53% below the mean. Ten years 
recorded below-mean precipitation: 2002–2004, 2007, 
2009, 2012, 2015–2017, 2019, and 2020.

In the years when the annual precipitation fell below-
mean in their respective sub-regions, and considering 
that water demands for maize is substantial, ranging 
between 400 mm to 700 mm during the growth 
cycle (Andrade et  al., 2006), the maize yields were 
compromised. Water deficit in maize typically results 
in productivity reductions of 40% to 50%. Furthermore, 
if the deficit occurs during the early stages, yield losses 
can reach 20% to 30% (Andrade et al., 2006).

Vegetation Condition Index Anomaly (VCIA) data 
(Figure  2) revealed distinct periods of vegetative 
stress and vigor across the sub-regions. In High 
Jequitinhonha, VCIA ranged between +12%, in 2006, 
and -15%, in 2007, with the longest dry period and 
negative VCIA values observed from 2015 to 2017. 
Middle Jequitinhonha experienced the highest 
vegetative vigor in the studied period in 2009, with a 
VCIA of +21%, contrasting with the lowest recorded 
VCIA of -28% in 2007. Between 2013 and 2015, VCIA 
was negative, representing the longest dry period. 
In Low Jequitinhonha, the highest VCIA was 11% in 
2009, while the lowest point occurred in 2007, reaching 
-20%. Consecutive dry years were recorded in 2004 
and 2005, as well as in 2007 and 2008.

The frequent occurrence of negative VCIA values 
across all study sub-regions indicated that droughts 
are frequent phenomenon in Jequitinhonha Valley. The 
driest year was 2007. These climatic anomalies can be 



Pesq. agropec. bras., Brasília, v.61, e03946, 2026
DOI: 10.1590/S1678-3921.pab2026.v61.03946

Remote sensing assessment of drought effects on maize yields in Jequitinhonha Valley 5 of 11

attributed to the influence of climatic phenomena such 
as El Niño, as previously observed by Vale et al. (2020). 
The findings of this study align with results obtained 
by other researchers (Marengo et al., 2017; Silva et 

al., 2020), who analyzed drought events using remote 
sensing data in other semiarid regions of Brazil.

Given the precipitation data, the dry year of 2007 was 
selected to analyze the spatial pattern of agricultural 
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Figure 1. Mean annual accumulated precipitation (October to December) in the Jequitinhonha Valley sub-regions (high, middle, 
and low) from 2001 to 2021. The red dashed lines represent the long-term mean annual precipitation, from 2001 to 2021.
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Figure 2. Annual Vegetation Condition Index anomalies (VCIA) for maize during the growing season (October to December) 
across the Jequitinhonha Valley sub-regions, from 2001 to 2021.

Figure 3. Spatial pattern of Vegetation Condition Index (VCI) across the Jequitinhonha Valley sub-regions during the maize 
growing season (October to December) in the dry year of 2007.
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drought using the Vegetation Condition Index (VCI) 
(Figure  3). The results show similar characteristics 
in precipitation volumes and vegetation vigor among 
the sub-regions of Jequitinhonha Valley. In 2007, the 
regions affected by drought covered approximately 
85.15% of the area in High Jequitinhonha, 96.27% 
in Middle Jequitinhonha, and 89.62% in Low 
Jequitinhonha. Across all sub-regions, moderate-
intensity drought was predominant and occupied 
the broadest spatial extent (Figure 3 and Table 1). In 
High Jequitinhonha, severe drought affected 13.36% 
of the area, while moderate drought covered 49.20%. 
In Middle Jequitinhonha, severe drought reached 
26.81%, with moderate drought achieving the highest 
percentage, encompassing 61.30% of the area. In Low 
Jequitinhonha, severe drought comprised 21.31%, 
while moderate drought affected 52.21% of the area.

The findings of this study align with those of Cunha 
et  al. (2019) who utilized the Integrated Drought 
Index (IDI) to analyze the period between 2011 and 
2019. They also identified the occurrence of mild and 
moderate droughts in the Brazilian Semiarid region, 
similarly associating these drought events with the El 
Niño climatic phenomenon.

The maize yields for each sub-region of 
Jequitinhonha Valley were analyzed for the studied 
period (Figure  4). The High Jequitinhonha recorded 
the highest mean annual maize yield in the Valley, 
reaching 4,641 kg ha-1 (IBGE, 2024). The maize yield 
showed a linear upward trend, increasing at a rate of 

74.57 kg ha-1 year-1 between 2001 and 2021, with the 
highest yield in 2021 (6,638 kg ha-1), and the lowest 
in 2006 (1,754 kg ha-1). Middle Jequitinhonha had the 
second highest mean annual yield of 2,400 kg ha-1, 
but displayed a contrasting linear downward trend of 
-55.80 kg ha-1 year-1 over the studied period. Its highest 
yield was in 2004 (3,427 kg ha-1), and the lowest in 
2006 (1,493 kg ha-1). Low Jequitinhonha presented 
the lowest mean annual yield of 1,048 kg ha-1, despite 

Table 1. Percentage of area affected by agricultural drought 
intensity in the Jequitinhonha Valley sub-regions during 
2007.

Sub-region Class Area (%)

High Jequitinhonha

Extreme drought 0.00
Severe drought 13.36
Moderate drought 49.20
Mild drought 22.59
No drought 14.85

Middle Jequitinhonha

Extreme drought 0.00
Severe drought 26.81
Moderate drought 61.30
Mild drought 8.16
No drought 3.73

Low Jequitinhonha

Extreme drought 0.00
Severe drought 21.31
Moderate drought 52.21
Mild drought 16.10
No drought 10.38

Figure 4. Mean annual maize yield (kg ha-1) time series for the Jequitinhonha Valley sub-regions, from 2001 to 2021. The 
black dotted lines represent the long-term mean annual yield, from 2001 to 2021.
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showing an increase rate of 8.19 kg ha-1 year-1. The 
highest yield was in 2009 (1,334 kg ha-1), and the 
lowest in 2001 (626 kg ha-1).

The lowest maize yields observed during the study 
period revealed significant losses across the sub-
regions: High Jequitinhonha and Middle Jequitinhonha 
both recorded their lowest yields in 2006, representing 
losses of 62% and 38%, respectively, compared to 
their period means. These low yields, despite the high 
rainfall recorded that year, suggested that other factors 
were limiting. Potential explanations include high 
temperatures, inadequate agricultural management, 
and the occurrence of pests or diseases that negatively 
impacted crop yields (Martins et al., 2018). In the case 
of Low Jequitinhonha, the greatest reduction, a 40% 
loss, occurred in 2001. This reduction is explained by 
the low precipitation recorded that year, which was 
below the mean for the period, given that rainfall is 
the main factor influencing crop yields in the region 
(Rossato et al., 2017).

The Pearson’s correlations between accumulated 
precipitation and maize yield, and between VCIA and 
maize yields, are shown in Table  2. Notably, neither 
correlation showed statistical significance in any of 
the analyzed sub-regions. Some factors may have 
influenced this lack of a relationship correlation. 
During the study period, there were records of the 
occurrence of pests and diseases, which impacted 
yield independent of climate. Additionally, local 
farmers employ specific agricultural practices, such as 
irrigation systems relying on water stored in cisterns, 

wells, or dams during dry periods, which may have 
interfered in the results. According to the National 
Water Agency (ANA, 2021), the total irrigated area in 
the Jequitinhonha Valley was 19,344 hectares in 2019.

The lack of statistical significance in the correlations 
observed is consistent with findings from other studies 
in the region. Lopes et  al. (2019), who investigated 
the relationship between precipitation and maize 
productivity in the Brazilian Semiarid region from 
1990 to 2014, also highlighted weak correlations. They 
attributed this to the adoption of agricultural practices 
such as irrigation, fertilization, and the use of drought-
tolerant cultivars. These practices can modify soil 
conditions, thereby impacting the interpretation of 
VCI and precipitation when correlating them directly 
with maize productivity.

The weak correlations found in the present study 
are consistent with international and regional research. 
Tanguy et al. (2023), examining the effects of drought 
using VCI in relation to maize yields in Thai provinces 
from 2000 to 2015, also revealed weak negative 
correlations. The authors suggested that factors such as 
land cover and crop diversity in agricultural areas likely 
contributed to these lower correlations. Vian et al. (2021) 
identified a lack of significant correlation between 
NDVI and maize productivity during the 2015/2016 
harvest in the state of Rio Grande do Sul, Brazil. The 
authors emphasized the complexity and sensitivity 
of this relationship, suggesting that environmental 
factors and specific cultivation seasons can influence 
the results, leading to weaker correlations. This 
observation highlights the importance of considering 
the complexity of the agricultural environment when 
interpreting precipitation and VCI data in relation to 
maize productivity.

A significant limitation of this study stems from the 
maize yield data provided by IBGE, which does not 
differentiate between irrigated and rainfed crops. This 
lack of categorization affects the accurate assessment 
of drought impacts on each type of cultivation, as their 
respective water availability and management conditions 
vary. This limitation underscores the need for future 
studies with more detailed and segmented data, which 
would enable a more comprehensive understanding of 
drought impacts on different agricultural systems in the 
region. Collecting information that considers the specific 
characteristics of each crop type would contribute to 

Table 2. Analysis of Pearson’s correlations(1) between 
accumulated precipitation and maize yield (r1), and between 
Vegetation Condition Index Anomaly (VCIA) and maize 
yield (r2) in the Jequitinhonha Valley sub-regions, from 
2001 to 2021.

Sub-region Correlation Coefficient p-value

High Jequitinhonha
r1 -0.0053 0.9817

r2 -0.2747 0.2280

Middle Jequitinhonha
r1 -0.3964 0.0752

r2 -0.1416 0.5402

Low Jequitinhonha
r1 -0.3336 0.1393

r2 -0.1284 0.5790

(1)Pearson’s correlation at a 5% significance level.
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the development of more effective management and 
mitigation strategies for drought effects.

Conclusions

1. Remote sensing methods can be used to assess 
agricultural drought at the sub-regional scale in 
Jequitinhonha Valley.

2. The methods proposed by the present study 
allow for the identification of risk areas susceptible to 
agricultural drought.

3. For future research, it is recommended that 
yield data be categorized in terms of water source, 
distinguishing between irrigated and rainfed crops.
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