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Abstract 

Background: In many studies in the field of malaria, environmental factors have been acquired 

in single-time, multi-time or a short time series using remote sensing and meteorological data. 

Selecting the best periods of the year to monitor the habitats of Anopheles larvae can be effective 

in better and faster control of malaria outbreak. 

Methods: In this article, high-risk times for three regions in Iran, including Qaleh-Ganj, Sarbaz 

and Bashagard counties with history of malaria prevalence had been estimated. For this purpose, 

a series of environmental factors affecting the growth and survival of Anopheles had been used 

over a seven-year period through the GEE. Environmental factors used in this study include 

NDVI and LST extracted from Landsat-8 satellite images, daily precipitation data from 

PERSIANN-CDR, soil moisture data from NASA-USDA Enhanced SMAP, ET data from 

MODIS sensor, and vegetation health indices included TCI and VCI extracted from MODIS 

sensors. All these parameters were extracted on a monthly average for seven years and, their 

results were fused at the decision level using majority voting method to estimate high-risk time 

in a year. 

mailto:youssefi@email.kntu.ac.ir
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Results: The results of this study indicated that there were two high-risk times for all three study 

areas in a year to increase the abundance of Anopheles mosquitoes. The first peak occurred from 

late winter to late spring and the second peak from late summer to mid-autumn. If there is a 

malaria patient in the area, after the end of the Anopheles larvae growth period, the disease will 

spread throughout the region. Further evaluation of the results against the entomological data 

available in previous studies showed that the high-risk times predicted in this study were 

consistent with the increase in the abundance of Anopheles mosquitoes in the study areas.  

Conclusions: The proposed method is very useful for temporal prediction of the increase of the 

abundance of Anopheles mosquitoes and also the use of optimal data with the aim of monitoring 

the exact location of Anopheles habitats. This study extracted high-risk time based on the 

analysis of the time series of remote sensing data. 

Keywords: Malaria; Remote sensing; Climate; Anopheles; Google Earth Engine; Hydroclimate 

time series 

Background 

Malaria is an infectious disease transmitted by the Anopheles mosquito and claims millions of 

lives globally every year [1]. The pattern of malaria transmission varies markedly from region to 

region, depending on climate and biogeography [2]. Although malaria has been successfully 

eradicated in many parts of the world in recent decades, Anopheles mosquitoes have not become 

extinct. Besides, there is still the risk of malaria transmission in areas where Anopheles 

mosquitoes live [3]. A recent study has shown that targeting the Anopheles larvae can be an 

effective tool in the fight against malaria [4]. The growth of Anopheles mosquitoes from eggs to 

larvae and finally to adult mosquitoes occurs in water bodies at a suitable temperature, so the 
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abundance of Anopheles mosquito are closely associated with the availability of precipitation, 

temperature and humidity [4-8]. 

Fortunately, malaria cases in Iran have dropped to zero in the last three years [9]. 

Therefore, according to the malaria elimination guidelines, the country is a candidate of 

receiving the malaria elimination certificate. As the incidence of the disease decreases, it is 

expected that the budget allocated to the field-based operations, such as monitoring the activity 

of larvae and adults of malaria vectors, which has previously been performed regularly in 

endemic areas of the disease, will be reduced. Therefore, access to the up-to-date data on 

Anopheles abundance and the accurate time of their temporal activity should be done through 

alternative means that are less expensive but more accurate. One of these ways is to study the 

environmental factors affecting the activity of malaria vector mosquitoes. Due to the fact that 

some environmental and climatic parameters affect the abundance of Anopheles mosquitoes, 

analysis and monitoring of climatic trends in the region will be effective in determining the 

accurate time for vector control interventions. The climatic trend of each region will be obtained 

by long-term monitoring of its climate data. Some studies on effective environmental parameters 

have shown that precipitation has the greatest impact on the prevalence of malaria [10-11]. This 

phenomenon occurs due to the storage of water in the pits and water bodies after rainfall. 

Precipitations is necessary to produce breeding sites for the mosquito to complete its life cycle 

[12-13]. Moreover, temperature plays a vital role in the spreading of vector borne diseases. 

Temperature between 13-35oC is suitable for Anopheles mosquito breeding [14-17]. Land 

Surface Temperature (LST) is one of the key parameters that can provide valuable information 

about the thermal characteristics of the ground, atmospheric effects of spectral radiation and bulk 

emissivity of the mixture of materials within the scene. Various satellites such as NOAA, 
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Landsat, Terra, etc. have been designed for temperature studies. LST is positively associated 

with malaria incidence [12, 18]. In addition to precipitation, moisture and LST, vegetation 

indices are also considered as one of the important environmental factors associated with the 

prevalence of malaria [3, 11, 19-20]. Temporal variation in Normalized Difference Vegetation 

Index (NDVI) reflects temporal agricultural and phenology changes and also tracks fluctuations 

in temperature and precipitation. 

Vegetation indices, thus, provide an indirect measurement of the environmental pattern 

that affects the population of Anopheles mosquitoes. On the other hand, epidemiologic data of 

malaria cases are correlated with satellite based vegetation health (VH) indices [21-23]. The VH 

indices were represented by the Thermal Condition Index (TCI) and Vegetation Condition Index 

(VCI). The VCI and TCI estimate moisture and thermal conditions, respectively. Rahman et al. 

[21] found that the number of malaria cases was more sensitive to thermal (e.g., TCI) than 

moisture (e.g., VCI) conditions. Given that water areas are the main habitat for the growth of 

Anopheles larvae, the water index such as Normalized Difference Water Index (NDWI) can also 

be considered as an effective parameter in the seasonal study of malaria prevalence [6, 11, 24]. 

The index is also an indirect proxy for precipitation and humidity [25]. 

In previous researches reviewed, not all effective parameters were analyzed 

simultaneously over a period of several years. In addition, field observations can be more 

accurate for monitoring effective factors, but the accessibility to this data is very limited in the 

long run and over large areas. Certainly, in order to accurately predict the increase of the 

abundance of Anopheles mosquitoes, simultaneous examination of all parameters is important, 

and this analyzing should be done in a long period of time in the region [6, 26]. Because most of 

the parameters affecting the increase of the abundance of Anopheles mosquitoes are climatic 
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parameters, and long-term analysis provides more accurate information about the climatic 

behavior of the region. If only one year is examined, the possibility of errors in the high-risk time 

prediction will occur. Some years had experienced drought and the results of these years were 

slightly different from the typical climatic behavior of the region. Also, high-risk times in a year 

can be detected using time series remote sensing data analysis. Therefore, by extracting the 

climatic and trends of environmental factors, high-risk periods within a year can be predicted. In 

recent years, GEE has made it possible to analyze time series remote sensing data easily and in 

the shortest time by providing fast and accessible processing space and easy access to free 

remote sensing data [27-28]. The aim of this study was to predict the high-risk time of increasing 

number of Anopheles mosquitoes and seasonal outbreak of malaria using time series of remote 

sensing data in three study areas of Qaleh-Ganj, Sarbaz and Bashagard in Iran.  

Methods 

In this research, high-risk times in a year in three study areas of Qaleh-Ganj, Sarbaz and 

Bashagard in Iran had been studied by monitoring satellite-derived environmental factors in a 

period of seven years. In this study, time series of precipitation, LST, surface and subsurface soil 

moisture, NDVI and VH indices were analyzed simultaneously using GEE (Google Earth 

Engine). In addition, the correlation between effective factors such as precipitation and soil 

moisture was studied for optimal selection of parameters. GEE had the ability to analyze the 

effective parameters on the abundance of Anopheles mosquitoes in the long run by providing a 

strong processing space as well as easy access to time series remote sensing data. Finally, based 

on the environmental and meteorological trend, high-risk periods for each study area was 

extracted and evaluated against entomological data [29-31]. 
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Study area 

According to research conducted in Iran [31-35], in recent years, cases of malaria have been 

observed in the three counties of Qaleh-Ganj, Sarbaz and Bashagard. These three counties have 

the potential to provide Anopheles mosquito larval habitats due to their subtropical climate and 

environmental conditions. Qaleh-Ganj county located at 27°31'33.43" Northing and 57°52'41.9" 

Easting in the south of Kerman Province, Sarbaz county located at 26°37'58.28" Northing and 

61°15'30.01" Easting in the south-east of Sistan and Baluchestan Province, and Bashagard 

county located at 26°27'29.08" Northing and 57°54'7.39" Easting in the east of Hormozgan 

Province (Fig. 1). These study areas have hot weather and monsoon rains in mid-summer. The 

study period in all three study area was from 2014 to 2021. 

Data and method 

In this article, by processing the time series of effective factors in GEE in a period of seven 

years, high-risk time periods during a year have been predicted based on the regions’ climate and 

meteorological trends. The flowchart of the proposed method is shown in Fig. 2. Six effective 

environmental factors including precipitation, soil moisture, NDVI, ET, VH indices and LST had 

been obtained from remote sensing data from 2014 to 2021. Each of these data had its own 

temporal resolution, so to equalize the temporal resolutions; the monthly average of each data 

was obtained. This would also be used to check for high-risk months. Then, by fusing the results 

of all effective factors in a period of seven years based on the majority voting decision, the high-

risk months were identified in three study areas of Qaleh-Ganj, Sarbaz and Bashagard counties. 

Finally, the results were evaluated by the abundance of Anopheles mosquitoes which were 

observed in the study areas. 
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Remote sensing data with medium and low spatial resolution had been used due to high 

temporal resolution, being free, extended areas as well as relatively long study period (Table 1). 

The data used include Landsat-8 OLI/TIRS satellite images to extract LST, vegetation and health 

vegetation indices, PERSIANN-CDR data to extract precipitation, MOD16A2 

Evapotranspiration/Latent Heat Flux product to monitor ET and NASA-USD Enhanced SMAP 

data to monitor soil moisture (Figure 3). All these data had been obtained as a time series for all 

three study areas of Sarbaz, Qaleh-Ganj and Bashagard from 2014 to 2021. The GEE, which is a 

cloud-based geospatial processing platform for large-scale environmental monitoring and 

analysis, was used to process the remote sensing data. This platform is a browser-based 

interactive development environment and a JavaScript programming interface provides access to 

a wide range of satellite products. Computations in this environment are performed through 

parallel processing in Google Cloud [28].  

LST 

Anopheles mosquitoes have different species and each of them grows and survives in a certain 

temperature range. In general, most of the Anopheles larvae species developed into adults at 

temperatures ranging from 13 to 35 ° C [14-17, 36]. In this research, LST time series from 

Landsat 8 OLI/TIR images were used to monitor land surface temperature changes. In order to 

calculate the surface temperature, first, it was necessary to apply the pre-processing on the 

images including applying cloud and shadow masks and also atmospheric and radiometric 

corrections. The NDVI was used (Eq. 1) to determine the emission capacity of the land surface. 

The effects of the atmosphere at spectral signatures and vegetation indices have been highlighted 

by Duggin and Piwinski [37]. Errors occurred by atmospheric effects influence the quality of the 
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information extracted from remote measurements, such as vegetation indices [38]. Therefore, 

surface reflectance images are used at this stage. 

Eq. 1 𝑁𝐷𝑉𝐼 =  𝑁𝐼𝑅 − 𝑅𝑒𝑑𝑁𝐼𝑅 + 𝑅𝑒𝑑 

Where NIR and Red are equal to the near infrared and the red bands, respectively. After 

calculating the NDVI index, based on the obtained values, Land Surface Emissivity (LSE) was 

determined according to Table 2 [39]. 

The Brightness temperature (BT) is the temperature corresponding to the radiance 

received from the surface of a phenomenon or object by the sensor, which is obtained by the 

inverse of the Planck relation (Eq. 2). 

Eq. 2 𝐵𝑇 =  𝑘2ln 𝑘1𝐿𝜆 + 1 

Where Lλ is equal to the spectral radiation, λ is the central wavelength of each band, and 

k1 and k2 are equal to the calibration coefficients of the sensor brightness temperature. 

Then the surface temperature is calculated through Eq. 3 [39]. 

Eq. 3 𝐿𝑆𝑇 =  𝐵𝑇1 + (λ 𝐵𝑇𝜌 ) ln (𝜀) 

Where BT is the brightness temperature at the sensor, λ is the band wavelength, and ε is 

equal to the LSE (Table 1). ρ can also be calculated from Eq. 4. 

Eq. 4 𝜌 =  ℎ𝑐𝑠 = 1.438 ×  10−2 𝑚𝑘 
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Where h is the Planck constant (6.626×10-34 Js), c is the speed of light (1.38×10-23J/K) 

and s is the Boltzmann constant (2.998×10-8 m/s). Finally, in order to convert the LST unit from 

Kelvin to Celsius, the value of 273.15 is reduced. 

Precipitation 

One of the methods for estimating precipitation is the use of Precipitation Estimation from 

Remotely Sensed Information using PERSIANN-CDR data. PERSIANN-CDR provides daily 

rainfall estimates for the latitude band 60°S–60°N. PERSIANN-CDR is aimed at addressing the 

need for a consistent, long-term, high-resolution (0.25 degree), and global precipitation dataset 

for studying the changes and trends in daily precipitation, especially extreme precipitation 

events, due to climate change and natural variability [40]. In this study, in order to monitor the 

precipitation trend of the study areas, PERSIANN-CDR data from 2014 to 2021 were averaged 

on a monthly basis using GEE. 

Soil Moisture 

The National Aeronautics and Space Administration-United States Department of Agriculture 

(NASA-USDA) Enhanced Soil Moisture Active Passive (SMAP) global soil moisture data 

provides soil moisture information across the globe at 10-km spatial resolution. This dataset 

includes surface and subsurface soil moisture and was also created by integrating SMAP surface 

soil moisture satellite-derived observations into a modified two-layer Palmer model using a one-

dimensional (1D) ensemble Kalman filter (EnKF) data assimilation approach. The integration of 

SMAP soil moisture observations helps to improve the model-based soil moisture prediction, 

especially in areas of the world that lack good quality precipitation data [41]. In order to study 
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changes in soil moisture over the period of seven years, the monthly average of surface and 

subsurface soil moisture were used in GEE over the study areas. 

NDVI 

One of the most widely used and the simplest vegetation indices, used to monitor vegetation 

changes, is the NDVI (Eq.1). As outlined in the literature, changes in this index are directly 

related to the prevalence of malaria. In this study, the NDVI had been extracted as a monthly 

average, from 2014 to 2021, using red and near infrared bands of the Landsat 8 OLI. This 

implementation had been done in the GEE for all study areas. 

VH 

The most widely used indicators of vegetation health and drought are VCI and TCI. If TCI 

increases and VCI decreases during the time, it means that drought has occurred in that area [42]. 

Apart from the fact that these two indicators are used in vegetation health and drought, they 

monitor vegetation and temperature in their equations in the long run; so they can also be used as 

an indicator of the ideal growth conditions of Anopheles mosquitoes. Decreasing the values of 

VCI over a long period of time indicates a decrease in vegetation moisture. This index compares 

the current NDVI to the range of values observed in a period of time. The VCI index is defined 

as follows (Eq. 5) [43-44]. 

Eq. 5 𝑉𝐶𝐼 =  𝑁𝐷𝑉𝐼𝑖 −  𝑁𝐷𝑉𝐼𝑚𝑖𝑛𝑁𝐷𝑉𝐼𝑚𝑎𝑥 −  𝑁𝐷𝑉𝐼𝑚𝑖𝑛 
Where, 𝑁𝐷𝑉𝐼𝑚𝑎𝑥  and 𝑁𝐷𝑉𝐼𝑚𝑖𝑛 are equivalent to the maximum and minimum NDVI 

over the study period, respectively, and i represents the current year. 
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The TCI is used to monitor vegetation drought changes over a long period of time. This 

index is based on the relationship between actual (𝐿𝑆𝑇𝑖) and potential condition temperature 

(𝐿𝑆𝑇𝑚𝑖𝑛) and vegetation stress (𝐿𝑆𝑇𝑚𝑎𝑥) (Eq.6) [43-44]. 

Eq.6 𝑇𝐶𝐼 =  𝐿𝑆𝑇𝑚𝑎𝑥 − 𝐿𝑆𝑇𝑖𝐿𝑆𝑇𝑚𝑎𝑥 −  𝐿𝑆𝑇𝑚𝑖𝑛 
Where, 𝐿𝑆𝑇𝑚𝑖𝑛 and 𝐿𝑆𝑇𝑚𝑎𝑥 are equivalent to the minimum and maximum LST over a 

period, respectively, and i represents the current year. The increasing trend of TCI in the long 

period of time demonstrates vegetation drought in the region [42]. In this research, the TCI and 

the VCI had been implemented as a time series from 2014 to 2021 for all study areas.  

ET 

The MOD16A2 Evapotranspiration/Latent Heat Flux product is an 8-day composite product 

produced at 500-meter pixel resolution by MODIS sensor. The algorithm used for the MOD16 

data product collection is based on the logic of the Penman-Monteith equation, which includes 

inputs of daily meteorological reanalysis data along with MODIS remotely sensed data products 

such as vegetation property dynamics, albedo, and land cover [45]. The pixel values for the ET 

are the sum of all eight days within the composite period. Since the ET is related to soil moisture, 

water content of vegetation, temperature and precipitation, this component could also be one of 

the factors considered in the malaria prevalence. Therefore, in this study, the monthly average of 

ET changes from the MOD16A2 product in the seven-year period were applied using the GEE 

platform. 

Data fusion 
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After calculating the monthly average of all seven parameters of NDVI, LST, ET, soil moisture, 

TCI, VCI and precipitation, their seven-year average per month was also determined. In this 

way, in a period of seven years, the climatic behavior of the region that affects the abundance of 

Anopheles mosquitoes was estimated. Then, in order to find high-risk months in which the 

necessary conditions were provided for the growth and development of Anopheles mosquitoes, 

fusing the results at the decision level was used. In this method, the majority voting condition 

was used in the final decision. Thus, if out of every seven parameters, four or more parameters 

occurred simultaneously in each month (in its peak interval), that month would be selected as the 

high-risk month. It should be noted that temperature has a definite role in this process and the 

appropriate temperature for Anopheles mosquitos’ growth must be considered in the final 

decision. 

Results 

The time series of LST, precipitation, Soil moisture, NDVI, vegetation health indices and ET 

were implemented in GEE. 

LST 

LST is directly related to temperature; therefore, to investigate the time series of temperature, the 

monthly average LST from Landsat-8 OLI/TIR satellite images were extracted. The LST time 

series for the three study areas of Qaleh-Ganj, Sarbaz and Bashagard are shown in Fig. 4. 

According to the comparison of LST in study areas, the average LST in different months 

of the year was approximately 10 °C higher than the average temperature reported from 

meteorological data in weather stations. Therefore, the suitable LST for the growth and survival 

of Anopheles mosquitoes approximately happened from 23 to 45 ° C. 
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The ideal temperature for the growth and survival of Anopheles mosquitoes for Qaleh-

Ganj and Bashagard counties was from the beginning of February to the end of May and again 

from the beginning of September to the end of November. The suitable temperature range for 

Sarbaz County was slightly different, and the first peak continued until the end of June. 

NDVI 

Vegetation changes in study areas were analyzed using NDVI time series extracted from red and 

near infrared bands of Landsat-8 OLI images. In this process, surface reflectance images with 

cloud coverage of less than 5% were applied. As can be seen from Fig. 5, the NDVI values for 

all three study areas were very low and close to zero. These results indicate lack of vegetation in 

these areas.  

In the county of Qaleh-Ganj, the NDVI peak occurred from February to May. In the 

counties of Sarbaz and Bashagard, the NDVI pattern was slightly different and two peaks were 

seen per year. In Bashagard, the first peak occurred from January to the end of June and, the 

second occurred from September to the end of December. This could be due to the cultivation of 

winter crops in the region. In Sarbaz, the first peak started from February to the end of May and 

the second peak started from September to the end of December. 

Precipitation 

Another important parameter in increasing the abundance of Anopheles was precipitation. The 

average daily precipitation chart in a month has been prepared using the daily precipitation data 

of PERSIANN-CDR in GEE from 2014 to 2021. The horizontal axis of the chart represented the 

months of a year and, its vertical axis was the average of precipitation in millimeters for each 

month.  
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As shown in Fig. 6(a), most precipitation in Qaleh-Ganj was between February to April, 

June to July and October to December. In Sarbaz, the amount of precipitation in the last seven 

years had been more than Qaleh-Ganj and Bashagard. In this county, the most rainfall occurred 

from January to May, July to August, and then the rainfall decreased until October. Also, 

moderate rainfall was observed from the middle of September to November (Fig. 6(b)). 

Bashagard had a similar precipitation chart to Qaleh-Ganj (Fig. 6(c)). Due to the close distance 

of these counties to each other, similar climatic conditions had occurred. 

Soil moisture 

Another effective environmental factor was soil moisture. Relative moisture affects the lifespan 

of Anopheles mosquitoes. Soil moisture of the study areas is shown in Fig. 7. In this figure, soil 

moisture was generated in two forms of Surface Soil Moisture (SSM) and SUbsurface Soil 

Moisture (SUSM) using the monthly averaging of NASA-USDA Enhanced SMAP time series 

data. Based on these results, the counties of Bashagard and Qaleh-Ganj had the highest levels of 

SSM and SUSM from February to the end of April and September to the end of December. It 

should be noted that the amounts of SSM and SUSM in Bashagard were more than the county of 

Qaleh-Ganj in the same months. In the county of Sarbaz, the SSM and SUSM were maximum 

from February to the end of April, but there was no heavy rain in November) Based on a survey 

of PERSIANN precipitation data  ( and the second peak was not observed. In addition, when there 

was a wet season in the region, the rain was heavier and more frequent in the year. 

ET 

The next factor is the total ET, which is related to the precipitation diagram (Figure 8). For all 

study areas, the amount of ET was high in January to May and October to December. In addition 
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to the mentioned months, ET was observed in July and August in Sarbaz. Due to the fact that the 

study areas had a warm and subtropical climate, soon after the precipitation increased, the rate of 

ET also increased. 

VH 

The last factor that was monitored in relation to the abundance of Anopheles mosquitoes was 

vegetation health indices. Monitoring the time series of these indices for a long time could also 

show the drought trend in the study areas. As shown in Fig. 9, fluctuations can be seen in these 

charts, which could be due to noisy data. Especially in the case of the TCI chart, the number of 

fluctuations is higher. Because of some reasons, such as the cloud, these data might be noisy. 

With the exception of Qaleh-Ganj, the other two counties did not show specific behavior in a 

year through the TCI. For Qaleh-Ganj, a peak was observed from February to September. In VCI 

charts, one peak occurred for both Qaleh-Ganj and Sarbaz. This peak was seen from February to 

November. There was no clear peak for Bashagard. 

Data fusion 

Finally, all the above results for the parameters of temperature, NDVI, precipitation, soil 

moisture, ET and VH indices are given in Fig. 10. Temperature plays an essential role in the 

growth of Anopheles larvae as the main parameter. Therefore, LST was involved as an important 

feature in fusing the results at the decision level, but other parameters played a less important 

role in the final results. On the other hand, some parameters were correlated with each other and 

provided common information. The magenta ellipses in Fig. 10 show the simultaneous 

occurrence of the peak of all the parameters. This is the most dangerous time for the growth of 

Anopheles mosquitoes, and then, if there are cases of the disease in the area, it will cause the 
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spread of malaria. Simultaneous temperature and precipitation provide suitable conditions for the 

growth of Anopheles larvae, but the important point was the presence of a high amount of LST 

(more than 45° C) from June to August in the study areas, which in the absence of cool shelter 

makes it impossible to grow and survive Anopheles mosquitoes. 

Discussion 

In this article, high-risk periods for three counties in Iran were monitored and predicted using 

remote sensing data in a seven-year time series through GEE. The three parameters of 

temperature, precipitation and vegetation as effective parameters in previous research were 

examined separately or in combination with remote sensing satellite observations and 

meteorological field observations during short periods. Given that the aim of this research was 

the prediction of high-risk times that would increase the abundance of Anopheles, it was 

necessary to monitor the climatic conditions of the study areas over a long period of time. Based 

on this, seven parameters of LST, NDVI, precipitation, soil moisture, ET and VH indices have 

been monitored over a seven-year period by processing time series of remote sensing data in 

GEE. Due to GEE's valuable capabilities in easy access and fast processing of remote sensing 

time series data, it was possible to monitor a variety of environmental parameters that directly or 

indirectly provide the suitable conditions for Anopheles mosquito growth and survival; and, 

consequently, malaria outbreaks in susceptible areas. 

According to the results, obtained in Fig.10, two peaks in a year for each three study 

areas had been identified as high risk times. The first peak was from late winter to late spring, 

and the second peak was from late summer to mid-autumn. The co-occurrence of appropriate 

values of LST, precipitation, NDVI, soil moisture, ET and VCI would make this period of time 
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the most high-risk time in a year in the study areas. These results also demonstrate a correlation 

between ET, precipitation and soil moisture. This may be due to the subtropical climate of the 

study areas. Therefore, in this type of climate, one of these three parameters can be optimally 

extracted to investigate the prediction of abundance of Anopheles mosquitoes. During the 

summer months in June and July, precipitation, LST and high VCI were observed. But in this 

season, the temperature is above 40 degrees on average, which is not a suitable temperature for 

the growth and survival of Anopheles. Besides, if large pits and depressions are formed, e.g., 

through monsoon rains in the study areas, their stability will be low due to the high dryness of 

the regions. Pits and depressions will dry up due to surface evaporation and high permeability of 

dry soil, and, consequently, Anopheles larvae will not have enough time to grow in the aquatic 

environment. These conditions will be effective only for the growth of Anopheles larvae when 

the vegetation in the area is high and gardens and farmlands are available. Because these areas 

can be a cool shelter for the survival of Anopheles, and if water accumulates at the foot of trees 

and shrubs, they create a larval habitat. Therefore, over time, the larvae become adult mosquitoes 

(higher temperature in the appropriate temperature range accelerates this process) and cause the 

spread of malaria in the region.  

In order to evaluate the accuracy of the estimated high-risk times in a year, field data of 

the abundance of Anopheles mosquitoes were needed. Due to the lack of access to appropriate 

entomological data in the regions, the previous three studies [29-31] conducted in the study areas 

had been used for final evaluation. The years studied in these three researches were neither rainy 

nor drought years and were consistent with the average climatic conditions over a seven-year 

period. 
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According to a study conducted by Edalat et al. [31] in Qaleh-Ganj County, the 

abundance of Anopheles mosquitoes began to increase in February and had been increasing until 

May, after that, the abundance rate is negative. Again, from September to November, the 

abundance of Anopheles mosquitoes increased and decreased rapidly in December. This statistic 

had been done for five different species of Anopheles mosquitoes, including An. stephensi, An. 

culicifacies s.l., An. superpictus s.l., An. dthali and An. fluviatilis s.l. All five species had similar 

behaviors in increasing and decreasing abundance. 

The next study was conducted in Sarbaz County on four different species of Anopheles 

mosquitoes, including An. stephensi, An. culicifacies s.l., An. superpictus s.l., An. dthali and An. 

fluviatilis s.l., from 2016 to 2017 [28]. Apart from An. culicifacies, three other species start to 

increase in abundance in early February up to April and then decrease until June. The abundance 

rate had increased again since September and had been decreasing since the beginning of 

November. In An. culicifacies species in both mentioned periods, it had increased one month 

earlier and decreased one month later. By comparing the results of the proposed method (Figure 

9) with entomological data for Qaleh-Ganj and Bashagard counties, the accuracy of the predicted 

high-risk times was confirmed. 

Nejati et al. [30] had done abundant counting only on one type of Anopheles species 

called An. subpictus in Sarbaz County. According to this research, three major peaks would be 

observed in 2015. The first peak began in February, peaking in March and declining in April. 

The second peak was seen in July and August, and finally, at the beginning of September, the 

third peak started and reached its maximum in early December. 

By comparing the research results with the entomological data of Sarbaz County, two 

time periods from February to May and also from October to November were confirmed. But a 
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peak that occurred in August was not seen. It might be due to the fact that the amount of rain 

provides enough water reservoirs, in July, for Anopheles larvae, but the high temperature of that 

month pushes them to shelter anywhere in shadow; therefore, in August we see a marked 

increase in Anopheles population.  

In previous researches, vegetation index such as NDVI has been used as a key factor in 

determining the location and abundance of Anopheles mosquitoes [3,46]. This case could be seen 

in the results of the two counties of Sarbaz and Bashagard, but in Qaleh-Ganj County, despite the 

low NDVI, the abundance of Anopheles mosquitoes had been increased from September to 

November. Accordingly, it would be important to consider other effective factors.  

In addition, based on the proposed method, it is possible to estimate the maximum 

activity of Anopheles mosquitoes each year without the need for extensive entomological studies. 

Therefore, the exact time of spraying can be determined. 

Conclusion 

The results of this article demonstrated that in order to accurately predict high-risk times in a 

year for a specific area, sufficient knowledge of the climatic behavior of that area is very 

important. Also, using all the effective and optimal environmental parameters simultaneously 

will help to accurately predict the exact times of malaria outbreak for a region. With this method, 

it is possible to accurately and at low cost to predict the appropriate times for malaria vector 

control operations in different areas. GEE made it possible to analyze the time series of climatic 

data in the shortest time using its processing capability and easy access to a variety of free 

remote sensing data. Finally, these results will help to optimally select data with high spatial 

resolution that can better locate Anopheles habitats for growth and survival and give an overview 
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of the situation in dealing with the malaria outbreak in the region. It is recommended using the 

optimization method in future research in order to evaluate the results and selection of the 

effective parameters for each region and perform the final analysis without the need for user 

supervision. 
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Figures 

  
 

Fig. 1 Three study areas including the counties of Qaleh-Ganj, Sarbaz and Bashagard (red) 

located in the three provinces of Kerman, Sistan and Baluchestan and Hormozgan, respectively 

(pink) in Iran (green) 
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Fig. 2 Flowchart of the steps of the proposed method 
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Fig. 3 Sample data from Qaleh-Ganj county (Red Boundary) acquired in April 2020 (a) RGB 

true color (b) ET (c) Precipitation (d) SSM (e) SUSM (f) NDVI (g) LST 
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Fig. 4 LST time series of (a) Qaleh-Ganj, (b) Sarbaz and (c) Bashagard, Iran, 2014-2021 

M: May, J: July, S : September 
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(c) 

Fig. 5 NDVI time series of (a) Qaleh-Ganj, (b) Sarbaz and (c) Bashagard, Iran, 2014-2021 

M: May, J: July, S: September 
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Fig. 6 Precipitation time series in Qaleh-Ganj (a), Sarbaz (b) and Bashagard (c), Iran, 2014-2021 
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Fig. 7 Soil moisture time series of Qaleh-Ganj (a), Sarbaz (b) and Bashagard (c), Iran, 2015-

2021 
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(c) 

Fig. 8 ET time series of Qaleh-Ganj (a), Sarbaz (b) and Bashagard (c), Iran, 2014-2021 

M: May, J: July, S: September 
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Fig. 9 TCI time series of Qaleh-Ganj (a), Sarbaz (b) and Bashagard (c); VCI time series of 

Qaleh-Ganj (d), Sarbaz  (e) and Bashagard (f), Iran, 2014-2021 
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Fig. 10 Temporal prediction based on the averaging of effective parameteres in increasing the 

Anopheles abundance over a period of seven years. Pink ellipses indicate dangerous times in a 

year for study areas. 

Tables 

Table 1  Specifications of the data used 

Temporal Resolution Spatial Resoultion Data 

16-day  Visible and near 

infrared bands: 30 m 

 Thermal bands: 100 m 

Landsat8 OLI/TIRS 

Daily 27830 m PERSIANN-CDR 

8-day 500 m MOD16A2 

Terra MODIS 
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3-day 10000 m NASA-USD Enhanced 

SMAP 

 

Table 2 Emissivity values based on NDV 

LSE  NDVI 

0.955 NDVI< -0.185 

0.985 -0.185≤NDVI<0.157 

1.009 + 0.047 × ln(NDVI) 0.157≤NDVI≤0.727 

0.990 NDVI≥0.727 
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