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Abstract—Vector-borne diseases like dengue remain a ma-
jor global public health concern, with transmission strongly
shaped by environmental factors. We examine how precipita-
tion (rainfall), vegetation density, and temperature relate to
dengue incidence across Sri Lanka using satellite-based data
from NASA’s Earth Observing System including the Global
Precipitation Measurement (GPM) and Moderate Resolution
Imaging Spectroradiometer (MODIS) derived Normalized Differ-
ence Vegetation Index (NDVI). We explored spatial and related
statistical associations between weather conditions and dengue
spread across the country. Results show substantial regional
variability in dengue incidence, with urban districts such as
Colombo reporting higher case counts despite low vegetation
level. A negative association was observed between NDVI values
and dengue cases, while rainfall in both daytime and nighttime
land surface temperatures (average temperature) had a weaker
relationship with dengue across districts. These findings demon-
strate the potential of using satellite-derived environmental data
for large-scale dengue outbreak surveillance and highlight the
integration of climate indicators with public health datasets to
support predictive modeling, as well as the implementation of
Early Warning Systems (EWS) to improve dengue prevention
strategies in Sri Lanka and other countries.

Index Terms—Dengue, NDVI, precipitation, temperature,
NASA GPM, Earth observation, climate data, regression analysis,
Sri Lanka, public health informatics.

I. INTRODUCTION

Vector-borne diseases, such as dengue fever, remain a
persistent public health threat across many tropical regions
[1]. This study explores how environmental variables, such
as vegetation density and precipitation levels, affect dengue
presence and spread in Sri Lanka. Using NASA Earth Ob-
servation datasets, we examine how NDVI, precipitation, and
temperature correlate with reported dengue cases at the district
level [2]. Because dengue outbreaks often follow environ-
mental factors and weather patterns [1], understanding these
relationships can provide a strong foundation for predictive
modeling of outbreaks and increased public health awareness.

II. RELATED WORK

Research by Abbasi shows that changes in weather and
environmental factors contribute to the spread of dengue fever
caused by Aedes aegypti, a mosquito species [3]. Studies by
Caminade et al. further explore this phenomenon, discussing
not only the effects of weather and climate variations on
infectious diseases but also the significant role they play in
affecting human dynamics across the globe [4]. A study by

Sheela et al. discusses the importance of land use and land
cover in the transmission of vector-borne diseases such as
malaria and dengue [5]. Sirisena et al. discuss the climatic
factors that impact the epidemiological patterns of dengue
and the public health implications [1], [6]. Prabodanie et al.
study the impact of wet zones (Colombo district) and dry
zones (Batticaloa district) on dengue incidence [7]. Faruk et al.
studied the seasonal and spatial variation in dengue outbreaks
[8].

Earth observational environmental, weather, and climate
data such as precipitation and land surface temperature, ob-
tained from NASA, have been used in many other applications,
such as those relating to wildfires, floods, and landslides,
vector-borne disease spread, as well as energy infrastructure
vulnerability, using statistical methods and machine learning
techniques across diverse sectors, including agriculture, urban
environments, and human mobility [9]–[20]. Similarly, in our
exploratory study, we utilized NASA EO data to study the
relationship between the dengue cases and environmental and
weather-related variables.

III. METHODOLOGY

A. Data Sources

District-level dengue case data were obtained from the Sri
Lanka Ministry of Health [21]. Environmental variables such
as NDVI, precipitation, and Land Surface Temperature (LST)
were obtained from the NASA Goddard Earth Science Data
Information Services Center (GES DISC) [2], [22].

B. Data Processing and Integration

Data processing was done using Python libraries such
as Pandas, GeoPandas, and NumPy during the preliminary
data cleaning process. Environmental data was aggregated
into monthly averages to ensure consistency with the dengue
cases. Then, the monthly district-level environmental data
was combined with the monthly dengue case counts and the
dataframe was constructed for visulization and Exploratory
Data Analysis (EDA). All visualizations, including heatmaps,
scatterplots, and simple regressions, were produced using
Python libraries such as Matplotlib [23].

C. Statistical and Computational Methods

We started the EDA process to check any outlier values
and explore the correlations between variables, then conducted



Fig. 1. Spatial heatmaps of dengue case density (2013-2022) (A), precipitation (B), and vegetation density (NDVI) (C) across Sri Lanka. Color bars represent
normalized values for each variable; darker color indicates higher values. Data were plotted using GeoPandas and Matplotlib.

linear regression [24]. Spearman correlation coefficients were
calculated as shown in the Figure 4. We paid attention to
descriptive and summary statistics to obtain insights from this
exploratory analysis work [25].

IV. RESULTS

Our exploratory data analysis revealed substantial regional
variation in dengue incidence across Sri Lanka. Using district-
level dengue data obtained from the Sri Lanka Ministry
of Health website (available for public domain access) and
environmental weather data from NASA’s MODIS and GPM,
we regressed the dengue case with NDVI, precipitation, and
temperature values to examine the relationships among these
environmental factors.

Figure 1 (A) presents the case densities scaled from 0 to
1. (A) shows the dengue case density, (B) the precipitation,
and (C) NDVI values over the nine administrative provinces
of Sri Lanka. The subplot (A) showing the dengue densi-
ties indicates that the highest case densities occurred in the
Western Province (particularly around Colombo, the capital
of Sri Lanka) and its neighboring provinces, which aligns
with the highest urban density levels that have reported the
highest dengue transmission cases [26], [27]. The precipitation
(rainfall) subplot (B) shows that the highest average rainfall
during 2013-2022 occurred in the south-western region of
Sri Lanka. Typically, this south-western part of Sri Lanka
is subject to ”South-Western” severe monsoon rain [28]. We
hypothesize that excessive rainfall may contribute to mosquito
outbreaks by creating more breeding sites, and we plan to
test this hypothesis in future studies. The subplot (C) shows
the vegetation across 9 provinces. The vegetation value and
dengue cases over the provinces show a negative correlation.
Our exploratory analysis shows that highly urban provinces
such as the Western Province have the highest number of
dengue cases with less vegetation compared to the central

and eastern provinces of Sri Lanka. We generated the scatter
plots shown in the Figure 3 and 2 for Average Dengue
Cases VS precipitation and vegetation. We observed a weaker
correlation between average temperature and dengue incidence
than between vegetation and precipitation (rainfall) values.

Fig. 2. Scatterplot of average NDVI versus average dengue incidence (2013-
2022) across Sri Lankan districts. Hexagons represent individual district
densities.

The scatterplot in Figure 2 shows a clear negative rela-
tionship between average vegetation and dengue incidence.
Each district is represented by a hexagonal marker on the
plot, with darker shades indicating higher population density
in that district. Districts with lower vegetation (NDVI values)
consistently reported higher dengue case counts, leading us
to conduct further investigation to find out the potential link
between vegetation loss and urban growth versus increased



dengue presence in those districts.

Fig. 3. Scatterplot of average precipitation versus average dengue incidence
(2013-2022) across Sri Lankan districts.

Figure 3 shows a positive association between precipitation
and dengue incidence across 25 districts in Sri Lanka. Our
exploratory analysis shows that, during the period 2013 to
2022, the highest average rainfall was reported in districts in
the southwestern region. Also, the Western Province has the
highest population of Sri Lanka [29].

To provide an overview of the relationships among dengue
incidence and environmental factor variables, a correlation
matrix was computed using Spearman’s correlation coefficient
method [30]. We observed weaker positive and negative cor-
relations coefficient values as shown in Figure 4.

Fig. 4. Spearman correlation coefficient-based heatmap showing relationships
among dengue incidence, average temperature, precipitation, and NDVI across
Sri Lankan districts over the period of 2013 to 2022.

This study revealed weaker, monotonic correlations with
satellite-derived environmental variables.

As we observed a non-linear relationship among these
environmental variables, indicating that other hidden variables
(latent variables) we did not use in this study, such as human
mobility and migration over a decade across districts, may
be playing a significant role in changes in dengue incidence
across districts.

Therefore, while the exploratory study captures the interac-
tion between weather and environmental variables, it does not
fully capture the complex nature of dengue outbreak patterns
in Sri Lanka. Additionally, these nonlinear relationships are
much more evident when examined using Locally-Weighted-
Regression Scatter-Plot Smoothing (LOWESS) methods [31],
such as the one shown in Figure 5.

Fig. 5. LOWESS-smoothed relationship between NDVI and dengue inci-
dence (2013-2022) across Sri Lankan districts. LOWESS smoothing followed
Cleveland’s method.

Figure 5 shows the nonlinear relationship between NDVI
and dengue incidence using a LOWESS method. Additional
exploratory data analysis-related plots for this study are avail-
able in our GitHub repository for reference.

V. CONCLUSION

This study demonstrates the potential of combining epi-
demiological data with satellite-derived environmental and
weather indicators to explore dengue incidence across the
provinces of Sri Lanka [17]. By combining district-level
dengue case counts obtained from the Sri Lanka Ministry of
Health, we used vegetation, rainfall, and temperature data from
the NASA during this exploratory study. We observed that
the averaged environmental variables show weaker correlations
with dengue incidence.

Our study shows substantial regional variability in dengue
incidence across the provinces of Sri Lanka, with urban
districts such as Colombo, which have the highest population
density, reporting higher dengue case counts despite low
vegetation levels. The study revealed a negative association
between NDVI values and dengue cases. At the same time,



rainfall showed a weak positive correlation, and average
temperature had a weaker relationship with dengue across the
districts of Sri Lanka. These findings demonstrate the potential
of using satellite-derived environmental data for large-scale
dengue outbreak surveillance and highlight the potential of
integrating climate and weather-related indicators with public
health datasets to implement predictive models, as well as
the use of Early Warning Systems (EWS) to improve dengue
prevention strategies in Sri Lanka.
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