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 Abstract: The Tropical Rainfall Measuring Mission (TRMM) and then Global Precipitation Mis-

sion (GPM) are the most important and widely used data sources in the forecasting of drought, 

flood, and water resources management. However, since this sensor’s data is primarily used for 

tropical regions, it is necessary to evaluate the accuracy for optimal use of the data across varying 

climatic and physiographic conditions. In this study, the accuracy of the satellite data for a span of 

17 years (2000-2017) for three climatic zones has been explored using synoptic ground station data. 

The climates include a) arid and low rainfall, b) semi-arid and low rainfall, and c) humid and high 

rainfall. We evaluated satellite data accuracy in drought and wet conditions based on the Standard 

Precipitation Index (S.P.I.) and different seasons. For available ground control stations, 13 stations 

were used in the humid, seven stations in a semi-arid climate, and 12 stations in the dry climate. 

The results show that the monthly precipitation product of GPM (IMERG product) and TRMM 

(TMPA/3B43 product) overestimate the rainfall. In the arid climate, the precipitation is estimated 

43%, in the semi-arid environment 50%, and in the humid weather 11% more than the 

ground-based data on average. Therefore, to use satellite data in different climates, it is necessary 

to make corrections to obtain precise results.  Based on 32 ground stations, the correction coeffi-

cient has a positive relationship with average precipitation and altitude and an inverse relationship 

with the latitude. Further in-depth investigations showed that the accuracy of satellite data in wet 

conditions is higher than the accuracy of normal circumstances, and the accuracy of normal condi-

tions is more accurate than drought conditions. Besides, the accuracy of satellite data in wet or dry 

conditions increases with increasing time scales. The highest accuracy was obtained for a 12-month 

time scale and the lowest accuracy for the 3-month time scale of drought conditions in the arid 

climate. 

Keywords: Satellite precipitation; TRMM and GPM; Correction factor; S.P.I.; Different climates; 

rainfall precision 

 

1. Introduction 

Water is a major part of a country’s economic and social development, and rain is 

the principal source of freshwater on the Earth. Efficient management in this field needs 

accurate and precise information on precipitation and its temporal-spatial variations [1]. 

On the other hand, rain is the main factor in the water cycle and the balance of the Earth’s 

energy [2]  and directly impacts climate change [3]. Precipitation data is used in many 

areas, such as flood forecasting [4] , landslides [5] , heavy rain forecast [6], water resources 

management [7], Drought Monitoring [8], Hydrological Modeling [9], Meteorological 

Applications [10, 11], and Improving Agriculture yield estimation and Soil Moisture [12]. 
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Ground observations are the most accurate source of available information, but the 

non-uniform distribution and the lack of rainfall gauges, roughness, and topography 

limit their application and make it difficult to study large areas. As a result, local varia-

tions pattern is not accurately extracted [13]. Although interpolation techniques can es-

timate the quantity of precipitation, the results contain high uncertainty, especially in 

areas with a small number of gauges. Besides, some meteorological stations are newly 

established; therefore, they only cover short periods. As a result, it is not possible to 

process data for longer ranges . 

Satellite precipitation data have a wide range, and since 1998, they are freely avail-

able and have covered almost the entire globe continuously except high latitudes. The 

products now have global coverage and is a valuable resource of rainfall data in different 

parts of the world without spatial limitations. Satellite data also has the advantage over 

ground-based data that its distribution is homogeneous and provides continuous pre-

cipitation information both spatially and temporally so that it is accessible even to remote 

regions and saves money and time. However, the provided data have drawbacks and 

inaccuracies in some areas due to limitations in algorithms and satellite tools [14-17]. 

Accurate precipitation data is essential and also plays a fundamental role in water re-

sources management. For example, the amount of rainfall required for each agricultural 

crop varies. The required rainfall is defined as the amount of water directly and indi-

rectly needed for plant growth [18]. The accurate estimation of precipitation directly 

impacts water resources management to create a balance between the amount of required 

water and precipitation. Besides, the accuracy of precipitation is crucial for monitoring 

and forecasting drought and has many applications in agriculture and flood forecasting 

[19, 20]. Studies on the satellite precipitation data show that they have different accura-

cies in different climates [7]. For example, Adeyewa and Nakamura [21] showed that 

their accuracy varies in dry, semi-dry, savannah, and tropical climates in Africa. These 

issues limit the use of this data resource and may lead to incorrect results in some areas . 

In recent years, due to global warming issues, drought-related studies have attracted 

decision-makers. Drought is usually a condition of moisture deficit that occurs due to a 

lack of precipitation over a while [22, 23]. Drought occurs almost anywhere in the world, 

even in rainy regions [24], and can last from a few months to several years, causing 

enormous damage to the economy and society [25]. Different indicators are used to di-

agnose drought and wet conditions [26]. However, many studies [27-31] have shown that 

the Standardized Precipitation Index (S.P.I.) can be used well for different climates in 

Iran to assess the frequency and duration of droughts. The index, developed by McKee, 

Doesken [22], describes the cumulative probability of precipitation at any given period. 

Also, this index only requires rainfall data and therefore has fewer calculations. In this 

study, we utilized the S.P.I. index to evaluate the accuracies of satellite precipitation 

products, including Global Precipitation Measurement (GPM) and Tropical Rainfall 

Measuring Mission (TRMM) in drought and wet conditions. 

GPM was launched in 2014 to continue collecting rainfall data after completing the 

TRMM mission in 2015. Product 3B43 of TRMM and IMERG product of GPM provide 

monthly precipitation in millimeters per hour in 0.25˚×0.25˚ and 0.1˚×0.1˚ resolutions, 

respectively. Several studies have been conducted on their accuracies [32-34] in the world 

and the country Iran. Sharifi, Steinacker [35] compared the daily data of ground gauges 

and GPM data in different climatic conditions and seasons over Iran. However, their 

work was limited to only the years 2014 and 2015. They concluded that GPM was supe-

rior to the TRMM. Also, they found that monthly products underestimated the precipi-

tation in high rain climatic conditions. However, in arid and semi-arid conditions, GPM 

and TRMM overestimated the rainfall data. Maghsood, Hashemi [36] used multiple sta-

tistical indexes to compare daily and monthly products of GPM and TRMM all over the 

country for the period 2014-2017. They resulted in the same conclusions. In this study, 

not only we compared assessed the satellite data for a long period (2000-2017), but also, 

we used ground station precipitation data to measure the drought and wet conditions to 

evaluate the GPM/TRMM data in the corresponding conditions. The satellite data have 
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been used for drought monitoring by many researchers [37-39] over the globe. However, 

to our knowledge, no study compared the accuracy of satellite data itself in drought and 

wet circumstances. In this study, we evaluated the seasonal and drought conditions effect 

on satellite-based precipitation data accuracy over different Climatic Conditions. Also, 

we examined the relationship between the precision of satellite data with ground met-

rological station positions and the amount of rainfall to predict the precision of the 

GPM/TRMM data. 

2. Materials and Methods 

2.1. Study area 

The study area includes three provinces in the North, North-East, and South-East 

Iran, each with a different climatic condition. Figure 1 shows the study areas and average 

precipitation of the country using GPM data from 2000 until the end of 2017. 

 

Figure 1. The study area a) humid and rainy b) semi-arid and low rainfall c) arid and low rainfall. 

2.1.1. Gilan Province (Humid and High Rainfall) 

Gilan province is located in the North of Iran on the Southside of the Caspian Sea, 

between latitude 36.5 to 38.5 degrees and longitude 58.5 to 50.5 degrees (Area ‘a’ in Fig-

ure 1 ). It covers an area of 14,711 square kilometers and 0.9% of the country’s total area. It 

is located between the Alborz mountain chains that have separated the area from the rest 

of Iran and the Caspian Sea. Alborz mountains, with an average height of 3000 meters, 

cover the plain of Gilan, and this factor has caused the greenery of the province. Alborz 

plays as an impenetrable wall that blocks water vapor of the Caspian Sea and Northern 

winds into the Southern regions. Because of this reason, Gilan is the rainiest region of 

Iran. The average annual rainfall of the province is 1270 mm, while the average rainfall in 

the whole country is 255 mm. One-third of the province is covered with forests, with an 

estimated area of 51,1306 hectares. Due to the suitable climate, moist, fertile soil, and the 
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existence of a permanent running water network, it has a high population density, which 

is the second-most populous province in the country after Tehran province [40 ,41] . 

 

2.1.2. North Khorasan Province (Semi-Arid and Low Rainfall) 

The province’s area is 28179 square kilometers located in the North-East of the 

country, between latitude 36.5 to 38.3 degrees and longitude 55.8 to 58.4 degrees (Area ‘b’ 

in Figure 1). The average altitude of this area is 1326 meters, the highest point is 3051 

meters, and the lowest altitude is 400 meters above sea level. The North of the province 

includes the Kopeh-Dagh mountain chain, which reaches the Alborz mountain chain by 

low mountains. The climate of this region is semi-arid, the average annual temperature is 

13 degrees Celsius, and the maximum temperature in summer reaches 40 degrees Celsi-

us. The average yearly rainfall in the region is 230 mm, with the highest rainfall of 468 

mm and the lowest of 120 mm [42 ,43] . 

 

2.1.3. Sistan-Baluchestan Province (Arid and Low Rainfall) 

The province is located in South-East of Iran between 25.06 and 31.50 degrees lati-

tude and 58.75 to 63.32 degrees longitude (Area ‘c’ in Figure 1). With an area of 180,726 

square kilometers covers about 11 percent of Iran’s area. The Northern part of the prov-

ince has an average altitude of 475 meters above sea level, adjacent to the Lut Desert. But 

the Southern part is a large mountainous area that reaches the Oman Sea. The climate of 

this province is mostly hot and dry, although it also has mountainous, forested, and 

wetland areas. The average precipitation in the area is 95 mm per year, with a maximum 

of 130 mm. Only 400,000 hectares of the province is suitable for cultivation. The maxi-

mum temperature of the province during the study period has reached 52 degrees Cel-

sius. Due to low rainfall and snow resources, most of the province’s rivers are seasonal 

and temporary; therefore, groundwaters are the province’s water supply [44 ,45] . 

 Figure 2 shows the annual averages of relative humidity, Sunny hours, tempera-

ture, precipitation, and ground stations’ altitude in the study areas in one graph. The 

parameters have been scaled to display stations’ characteristics in a single graph. 
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Figure 2. Annual average of relative humidity, sunny hours, air temperature, precipitation., and 

elevation in the study areas 

 

 

2.2. Dataset 

2.2.1. Basic data 
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In this study, the synoptic ground stations dataset was considered as reference data. 

These data were obtained from the Meteorology Organization of Iran. Gilan, North 

Khorasan, and Sistan-Baluchestan provinces include 13, 7, and 12 synoptic ground sta-

tions, respectively. For all stations, the lowest rainfall and sunny hours are zero, and the 

highest amount of relative humidity is 100%.  

 

2.2.2. satellite-based data 

The Tropical Rainfall Measuring Mission (TRMM) was a joint project between the 

Japan Aerospace Exploration Agency (JAXA) and NASA, which measured precipitation 

data from 1998 to 2015. The TRMM satellite operates in an orbit of 350 km above the 

Earth’s surface, and its products cover latitudes between 50 degrees North and South. 

Following the successful completion of TRMM in 2015, the project was continued by 

Global Precipitation Measurement (GPM). In addition to measuring rainfall, GPM can 

record snowfall and rainfall of less than 0.5 mm per hour. GPM is also capable of cover-

ing latitudes between 65˚ in the North and South. 

Satellite precipitation data of TRMM product TMPA/3B43 Version 7 (Although 

TRMM discontinued, the TMPA products is continued using other satellites in the con-

stellation)  and the Integrated Multi-satellitE Retrievals for GPM product (IMERG Level 

3) were obtained from the NASA website  

(https://pmm.nasa.gov/data-access/downloads/trmm) and 

(https://pmm.nasa.gov/data-access/downloads/gpm) respectively for the 2000-2017 pe-

riod. Then precipitation data were extracted at ground stations’ locations. TRMM has 

data since 1998 but GPM (IMERG product) since 2000; therefore, we selected the period 

from 2000 to 2017. 

 

2.3. Technical framework 

In this study, we pursue two objectives. The first aim is to compare the accuracy of 

the satellite precipitation data based on ground station measurements over the study 

time range, drought conditions, and seasons. The second objective is to find a coefficient 

that minimizes the Root Mean Square Error (RMSE). 

 

2.4. Accuracy and Precision assessment of satellite data on the synoptic ground stations 

The accuracy of satellite data was compared using scatter plots between ground 

stations and corresponding satellite image pixels. The Pearson correlation coefficient was 

calculated for each dataset to measure the accuracy of satellite data. Also, we introduced 

the following equation so that x is the factor that should be calculated, whereas it makes 

the equation minimum based on the ground stations and their corresponding satellite 

data. By minimizing the following equation, the best coefficients for approaching precise 

rainfall values from two sources are achievable. 

 

 

(1) 

In Equation 1, x is a factor that must be multiplied by the average monthly rainfall of 

GPM/TRMM. By changing it, the smallest RMSE can be obtained, and N is the number of 

records. If the x-factor is higher than one, it means the stations’ values are more promi-

nent than GPM/TRMM values, and GPM/TRMM underestimates the data. If the x value 

is less than one, the GPM/TRMM overestimates the rainfall data. X, which hereafter is 

called correction factor (C.F.), controls the peaks, which may be an important factor in 

flood occurrences. 

2.5. Accuracy assessment of satellite data over drought and wet conditions 

Despite the acceptable spatial and temporal coverage of TRMM and GPM data 

(since 1998) and its extensive use in modeling, it has limitations due to the need for 
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complex algorithms. On the other hand, the values presented in high latitudes and areas 

with severe convection currents have higher values than the actual ones (Huffman et al., 

2019) [45]. In this study, we compared the Accuracy of TRMM data in different climatic 

regions, including low rainfall, semi-dry low rainfall, and dry areas during drought and 

wet conditions periods. We used the S.P.I. index to determine these periods because the 

index can be used in any climate type, and its calculation needs only precipitation data . 

 

2.5.1. S.P.I. index 

The Standard Precipitation Index (S.P.I.) is widely used in meteorological drought 

studies over different periods [46, 47]. Lack of rainfall in the short term affects soil 

moisture, while in the long periods, it often affects groundwater, river flow, and water 

resources [47-49]. Therefore, in short periods, S.P.I. indicates soil moisture, and in more 

extended periods, S.P.I. is related to the amount of groundwater reserves. Also, this in-

dicator can be used to compare the climates that are significantly different. 

The steps of S.P.I. calculation are as follows. A probability function is first deter-

mined that indicates the time series of precipitation observations to obtain the S.P.I. val-

ue. Then, the probability of the value of an observation is calculated. Finally, the inverse 

normal function (Gaussian) is applied with an average of zero and a variance on the 

cumulative probability, which results in S.P.I. [47]. This time series can be done for any 

desired period, such as one, three, six, 12, and 24 months. The value of the S.P.I. is ob-

tained from equation 2, in which the S.P.I. is the standardized precipitation index, f (P) is 

the sum of the converted precipitation, μ is the mean of the normalized amount of rain-

fall, and δ is the standard deviation of the normalized precipitation. 

 
(2) 

 

Table 1 shows the threshold values for the S.P.I. for determining drought and wet 

periods. We classified the precipitation data of the ground stations according to this ta-

ble, and then the correlation between them and satellite data was examined. 

 

Table 1. Classes of drought and wet conditions based on S.P.I. 

Period S.P.I. 

Extremely wet ≥ +2.0 
Very wet +1.5 to +1.99 

Moderately wet +1.0 to +1.49 
Normal +0.99 to -0.99 

Moderately dry -1.0 to -1.49 
Very dry -1.5 to -1.99 

Extremely dry ≤ -2.0 

 

 

2.6. Seasonal accuracy of satellite dataset 

The amount of rainfall and its importance vary from season to season over a year. 

For example, winter rains have a more significant impact on forest health. The tree rings 

indicate rains in the cold seasons; in other words, trees have the highest growth in the 

years with rainy winters, and tree patterns can be traced back to winter rainfall patterns 

[50]. Also, the lack of rainfall in winter and spring causes the forests to become more 

vulnerable to fire and the fire season to start sooner [51]. However, in the summer, 

rainwater quickly enters the rivers, and the remaining moisture evaporates quickly in the 

summer sun [52]. Because of these reasons, satellite data in these areas were separated 

according to seasons (Table  2), and their accuracies were assessed based on different 

seasons. 
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Table 2. Seasons are divided according to the months of the year. 

Season Months 

Spring March, April, May 

Summer Jun, July, August 

Autumn September, October, November 

Winter December, January, February 

 

2.7. Linear regression to predict the satellite data precision 

Regression means predicting and displaying changes in one variable based on in-

formation from another variable. Regression analysis is one of the most important statis-

tical analyzes and one of the most widely used methods in estimating the changes of a 

dependent variable based on independent variables. Therefore, existing relationships can 

be extracted, examined, and modeled by these analyses, and the reasons behind the pat-

terns can be discovered. It is also possible to gain a better understanding of them and 

make predictions based on them [53]. The aim of linear regression is a line that has the 

most fits the data. Ordinary least squares estimation is a linear regression method that 

selects values for parameters so that the mean square error (M.S.E.) is minimized [54]. 

Based on the synoptic ground stations and the values of the corresponding correction 

factors, we established the following linear regression equation. 

 

(3) 

In equation 3, X is the correction coefficient, α is a coefficient, and V represents sta-

tion parameters. We used the stepwise method to find statistically significant inde-

pendent variables.  

 

3. Results 

3.1. Accuracy and precision of Satellite data over the study areas 

Figure 3 shows the comparison of precipitation based on satellite and station for the 

studied provinces’ centers with different climatic conditions. The precipitation data are 

measured in millimeters per hour; we displayed only three stations. In all graphs, GPM 

shows more accuracy than TRMM. As shown in graphs, GPM is better than TRMM, es-

pecially in low rainfall, which the accuracy of GPM is more than 30% higher than TRMM. 

In the high rain region (a), the higher the rainfall, the larger the errors. 

 

 

 

 

 

 

 

 

 

 

TRMM GPM 
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Figure 3. Comparison of monthly average precipitation between stations and satellite (TRMM and GPM) a) Rasht city 

(Humid) b) Bojnoord city (Semi-Arid) c) Zahedan city (Arid) 

 

Figure 4 illustrates monthly variations of stations, GPM, and TRMM precipitation of 

a ground station as an example. Only five years were selected for better visualization. As 

shown in the graphs, the GPM and TRMM overestimate the rainfall data of the station, 

especially in the peaks. The patterns of corrected data are as same as the original ones. 

They are more compatible with ground station data patterns than not corrected data. 

Whereas the correction factor simply multiplied to the GPM/TRMM, so it does not 

change the zero points. Also, the higher the amount of quantity, the larger the effect of 

the correction factor on the data. 
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Figure 4. Comparison of monthly precipitation change graphs of ground Station, GPM, TRMM, and corrected data from 

2001 to 2005 for Bojnoord city in semi-arid and low rainfall – The satellite data overestimates the rainfall. 

The accuracy and correction factors (XGPM and XTRMM) of all ground stations are 

listed in Table 3. The GPM/TRMM data overestimates the precipitation data because the 

C.F. is less than one. It means the satellite data should be decreased. However, in high 

rain region, GPM/TRMM mostly underestimates the precipitation. As can be seen, not 

only is GPM more accurate than TRMM; but also, it is more precise than TRMM. On av-

erage, GPM has the highest accuracy in the arid region but TRMM in high rain areas. The 

highest discrepancy between GPM and TRMM accuracy happened in ZAHAK, which is 

bolded. 

 
 

 

 

 

 

 

Table 3. Accuracy and correction factors of GPM and TRMM in-ground stations 
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Station R2GPM R2TRMM XGPM XTRMM 

     Astara 

     Anzali 

     Talesh 

0.74 0.73 1.27 1.29 

0.76 0.76 1.29 1.20 

0.59 0.46 0.96 1.01 

     Deylaman 

     Rasht (Airport) 

0.54 0.53 0.38 0.48 

0.86 0.83 0.95 0.79 

     Rasht (Agri.) 

     Rood Bar 

     Rood Sar 

     Kiashahr 

0.83 0.77 0.99 0.94 

0.25 0.30 0.36 0.40 

0.66 0.73 1.11 1.16 

0.72 0.68 0.99 0.86 

     Lahijan 

     Masoole 

0.77 0.76 1.21 1.20 

0.77 0.66 0.98 1.05 

     Manjil 0.50 0.57 0.29 0.39 

Average 0.67 0.65 0.90 0.90 

StdDev 0.17 0.16 0.36 0.32 

     Esferain 0.71 0.67 0.64 0.57 

     Bojnoord 0.74 0.72 0.65 0.57 

     Jajrom 0.54 0.45 0.47 0.51 

     Raz 0.68 0.67 0.71 0.85 

     Shirvan 0.84 0.75 0.59 0.56 

     Farooj 0.94 0.92 0.76 0.71 

    Ashkhaneh 0.76 0.71 0.94 0.78 

Average 0.75 0.70 0.68 0.65 

StdDev 0.12 0.14 0.15 0.13 

     Khash 0.74 0.59 0.60 0.60 

     Rask 0.88 0.78 0.71 0.66 

     Zabul 0.90 0.81 1.25 1.15 

     Zahedan 0.68 0.58 0.83 0.74 

     Zahak 0.85 0.15 0.43 0.05 

     Saravan 0.90 0.70 0.79 0.70 

     Konarak (Air-

port) 
0.80 0.63 0.46 0.43 

     MirJave 0.77 0.83 0.73 0.86 

     NosratAbad 0.69 0.47 0.69 0.91 

     NikShahr 0.75 0.63 0.48 0.48 

     Chabahar 0.68 0.50 0.89 0.76 

     IranShahr 0.70 0.69 0.78 0.81 

Average 0.78 0.61 0.72 0.68 

StdDev 0.09 0.18 0.23 0.28 

 

Figure 5, Figure 6, and Figure 7 demonstrate the values of corrections factors for 

both data sets in the study areas. In the mentioned figures, the satellite images are tilted 

to be visualized as 3D images. In each station, GPM and TRMM are compared with sta-

tion precipitation measurement. In ideal, satellite data is equal to ground station data. 

However, satellite data overestimate and underestimate the actual data. The larger the 

data, the larger the space occupied in the circles.   
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Figure 5. Rain correction coefficient for provinces a) Gilan. The legend is shown when TRMM and Station have an 

equal amount; in most stations, TRMM’s amount is more than the station. 

 

 

Figure 6. Rain correction coefficient for provinces b) North Khorasan. The legend is shown when TRMM and Sta-

tion have an equal amount; in most stations, TRMM’s amount is more than the station. 
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Figure 7. Rain correction coefficient for provinces c) Sistan-Baluchestan. The legend is shown when TRMM and 

Station have an equal amount; in most stations, TRMM’s amount is more than the station. 

 

3.2. Accuracy of GPM and TRMM data in wet, normal, and drought periods 

Using the S.P.I. thresholds shown in Table 1, drought and wet conditions can be 

identified at each station. Since S.P.I. takes at least 20 years of data, it was calculated for 

stations with data all over the period from1998 to 2017. Figure 8 shows the results of 

comparing ground data with satellite data for different study areas under different 

drought conditions. Three- and six-month intervals were considered for a short-term pe-

riod, and 12- and 24-month periods for a long-term period. The R2 factor shows the per-

centage of variation in the amount of ground station rainfall explained by satellite data.  

As can be seen, in the humid climatic condition, the accuracy of satellite data on a 

short-term scale (3 and 6-month) are 0.48 and 0.46 for GPM and TRMM, respectively. In 

comparison, their accuracies during the corresponding wet condition are 0.80 and 0.82. 

There is the same pattern with a lower discrepancy in the semi-arid region. In the arid 

region, the R2 factor of GPM in the 3-month S.P.I. scale increased from 0.35 to 0.9 and 

TRMM from 0.25 to 0.77.  

The improvement of accuracy from GPM to TRMM is considerable in arid climatic 

conditions. The overall R2 factor in the mentioned region is 0.86 for GPM, while for 

TRMM is 0.64. The overall enhancement of accuracy is only two percent in the humid and 

semi-arid regions. 
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Figure 8: Comparison of average Accuracy of Satellite data in Wet, Normal and Drought periods 

 

3.3.  Seasonal accuracy of GPM and TRMM data in different climatic conditions 

The seasonal precipitation variation of satellites and stations of different 
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climates is shown in Figure 9. There is a good agreement between 

GPM/TRMM and ground data. However, in the arid region, TRMM shows 

relatively large deviations from the average. In Figure 9, the yearly rainfalls 

are 75, 15, and 5 millimeters per month for high rain, semi-arid, and arid re-

gions, respectively. The maximum and minimum amount of precipitation in 

different climatic zones happens in different seasons. 
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Figure 9. Comparison of the average of the station and satellite precipitation from 2000 to 2017 in study areas a) 

Humid and High Rain b) Semi-arid and Low Rain and c) Arid and Low Rain 

 

Figure 10 also compares the accuracy and standard error of satellite data 

with ground measurements in different seasons. The accuracy of GPM is 

higher than TRMM over year measurement. In the arid area, GPM’s accuracy 

is 0.8, while TRMM’s is 0.67 with a higher standard error (S.E.) than GPM 

The amounts of accuracies become 0.71 and 0.49 for GPM and TRMM during 

spring. For high rain and semi-arid region, the results have lower differences. 
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Linear regression using the stepwise method showed that there are only three sta-

tistically significant independent variables. Therefore, the final regression equation is 

converted to equation 4:    
 

 
(4) 

 

The coefficients of equation 4 for GPM data are shown in Table 4. The t-value shows 

that the mean precipitation effect is more than two times higher than the altitude and 

latitude effect on the correction factor and statistically significant based on the p-value. 

 

Table 4. The results of a linear regression of the prediction accuracy of GPM data based on stations 

parameters 

Parameter of stations Coefficient Std. Error t Sig. V.I.F. 

(Constant) 1.343 0.239 5.609 0.000  

Latitude  -0.031 0.008 -3.822 0.001 1.698 

Altitude 0.00024 0.000 3.170 0.004 1.851 

Precipitation Mean 0.242 0.032 7.470 0.000 2.716 

 

 
 
Also, the coefficients of equation 4 for TRMM data are shown in Table 5. 
 
 

 

Table 5. The results of a linear regression of the prediction accuracy of TRMM data based on sta-

tions parameters 

Parameter of stations Coefficient Std. Error t Sig. V.I.F. 

(Constant) 1.322 0.256 5.156 0.000  

Latitude  -0.031 0.009 -3.644 0.001 1.698 

 

Figure 10. Average seasonal accuracy of GPM and TRMM data and their Standard Errors in the study areas 

3.4. Forecasting the correction factor based on the properties of ground synoptic 

stations 
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Altitude 0.00026 0.000 3.249 0.003 1.851 

Precipitation Mean 0.246 0.035 7.085 0.000 2.716 

 

In Figure 11, the comparison of observed and predicted correction factors for GPM 

and TRMM data is shown. The R2 values are 0.71 and 0.68 for the prediction of GPM and 

TRMM precision, respectively. 

 

 

  

Figure 11. Comparison of the observed and predicted correction factors of GPM and TRMM; the correc-

tion factors are dimensionless 

 

4. Discussion 

Rainfall is the primary source of freshwater supply on the Earth’s [55], and accurate 

and precise understanding of the amount of rain can help in various fields, such as ag-

riculture and preventions of a natural disaster [56]. Satellite data is one of the essential 

sources of rainfall data due to its global coverage, broad time ranges, and low cost [57]. 

Various studies have shown that in some places, the accuracy of satellite data is not en-

tirely reliable and requires error correction [58]. In this study, satellite data accuracy 

(GPM/TRMM) was evaluated in three different climates. Besides, winter rainfall plays a 

vital role in the growth of trees and preventing premature forest fires, so a more accurate 

estimate of rainfall in winter can be beneficial in forest management researches [51]. 

Therefore, the accuracy of the data should be checked in different seasons. Furthermore, 

drought and wet conditions are critical in water resources management. Consequently, 

the reliability of drought and wet conditions is essential and can be useful in increasing 

the accuracy of predictions and timely warnings. 

The average temperatures in the synoptic stations of the rainy and humid zone are 

between 12 and 19 degrees Celsius, and the average relative humidities are between 59 

and 83 percent. In the semi-arid area, the average temperatures are between 13 and 17 

degrees, and the average humidities are between 43 and 60 percent. However, the men-

tioned variables have a broader range in the arid region. The average temperatures in this 

province are from 19 to 31, and the average relative humidities are between 18% and 74%. 

Being close to the Sea of Oman has caused high relative humidity for nearby stations. 

 

 

 

 

Authors should discuss the results and how they can be interpreted from the per-

spective of previous studies and of the working hypotheses. The findings and their im-
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plications should be discussed in the broadest context possible. Future research direc-

tions may also be highlighted. 

 

4.1. The comparison of GPM and TRMM accuracy and precision prediction 

GPM instrument has more advantages than TRMM; our investigations over differ-

ent climates showed that the IMERG algorithm is mostly more accurate than the 

TMPA/3B43 algorithm, although, in some stations, TRMM is slightly (less than 5%) better 

than GPM. The average accuracy of satellite data in the arid climate is better than in other 

climates. On average, the highest difference between GPM and TRMM data over various 

climates belongs to the arid climate and the lowest to the rainy climate. The highest dif-

ference between GPM and TRMM is for the station, namely ZAHAK, in the arid climate 

in which R2 of TRMM was 0.15 while it is 0.85 for GPM. In other words, the maximum 

improvement of IMERGS happened over the arid climatic condition. 

The correction factor (C.F.) obtained by minimizing the RMSE between the ground 

station and satellite data has a different pattern in various climates. In the humid region, 

GPM/TRMM overestimated the rainfall amount; however, in the semi-arid and arid are-

as, satellite results underestimated the precipitation. The spatial analysis of C.F. shows 

that in the humid area, in locations exposed to sea with dense vegetation, the rainfall is 

overestimated by satellite; however, in stations behind the reliefs, precipitations were 

underestimated as same as semi-arid and arid climate. 

Although the C.F. does not affect precipitation estimation accuracy between the sta-

tions and satellite data, it corrects monthly precipitation precision. In other words, 

GPM/TRMM overestimates and underestimates the rainfall, and C.F. adjusts the rainfall 

estimation to be near the station amount. Our investigations showed that C.F. could be 

predicted using average precipitation, altitude, and latitude of the locations. Average 

precipitation and altitude have positive, and latitude has a negative effect on the amount 

of C.F. In other words, GPM/TRMM overestimates the precipitation as the latitude in-

creases. Also, for locations with high rain or high altitudes, GPM/TRMM underestimates 

the precipitation. The coefficients of the regression equation indicate that for a 

one-millimeter increase in mean rainfall, 0.242, and 0.246 units are added to the correc-

tion factors of GPM and TRMM, respectively. However, the latitude has an inverse effect 

on the correction factors so that by increasing one degree in latitude, the correction factor 

reduces by 0.031 in both correction factors. Also, altitude increases the correction factors 

so that 1000 increase in altitude rise the factor 0.24. The factor is unitless. The introduces 

C.F. only adjusts the precision of precipitation but does not affect the accuracy. The re-

sults show that not only the overall accuracy of GPM is higher than TRMM, but it is also 

more precise than TRMM. 

 

4.2. Accuracy of satellite data in drought, normal, and wet conditions 

Due to the importance of rainfall in drought periods and a positive correlation be-

tween the C.F. and the amount of rainfall, the accuracy was examined to measure satellite 

data’s reliability in drought or wet conditions. Drought or wet periods are directly re-

lated to the time scale [47]. In other words, a region can be in drought condition on a time 

scale and wet at another time scale. In the short scale, drought means dry soil, but drying 

rivers leads to long-term drought. Therefore, in a region, the soil may be wet, but the 

rivers may be dry and vice versa [48]. S.P.I. can show drought or wet conditions at dif-

ferent time scales. Our results show that with increasing the time scales, the accuracy in-

creases as well. In other words, satellite data have higher accuracy in predicting 

long-term drought or wet conditions, but for short-term periods should be used with 

caution.  

The calculations were done only for the stations, which have at least 20 years be-

cause of the S.P.I. index limitation. Generally speaking, GPM data are always more ac-

curate than TRMM in all drought conditions. However, it seems their data have different 

accuracies in different scales of droughts and conditions. In general, satellite data has the 

highest accuracy in wet conditions and the lowest accuracy in drought periods. Fur-
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thermore, Figure 8 shows that the GPM algorithm operates more accurately than in the 

arid region, especially in drought conditions. More importantly, satellite data accuracy in 

short-term drought conditions, especially in the arid climate, is significantly lower than 

normal and wet conditions. In drought conditions, the lowest accuracy belongs to the 

arid area in the short-term period. In other words, the monitoring of agricultural drought 

can have high uncertainty. As far as our research shows, many evaluations of drought or 

wet monitoring are based on satellite data, but our study shows that drought or wet 

monitoring through satellite data, especially for drought periods, should be done with 

caution [32, 59-63]. In the arid region, there are two stations with high relative humidity; 

however, our results show that the arid environment’s relative humidity does not affect 

satellite data accuracy. 

 

4.3. Accuracy of satellite data in the seasons of a year 

In general, in the humid region, the highest rainfall occurs in autumn and the lowest 

in summer. However, in the semi-arid area, the highest rain in spring and lowest in 

summer-fall. The pattern of precipitation in arid location is totally different, and the 

highest and lowest rainfall occur in winter and autumn, respectively. During the seasons, 

there is a perfect agreement between the highest and lowest accuracy of GPM/TRMM 

and station. GPM/TRMM correctly estimates the patterns; however, TRMM has a con-

siderable error in the arid region’s spring season. 

In humid and high rain areas, the most important accuracy occurs in spring, while in 

the arid, the lowest accuracy occurs in spring. In contrast, the arid region’s largest accu-

racy happens in winter, but the humid region’s minimum accuracy occurs in winter. The 

accuracy in the semi-arid study area is a transition of the humid area and arid area. The 

highest and lowest accuracies happen in autumn and summer in semi-arid, respectively. 

Generally, over the year, GPM has the highest accuracy and lowest standard error in 

the arid climate. In contrast, TRMM has the lowest accuracy and highest standard error 

in the arid climate. Seasonal exploration of data accuracy shows that GPM has the best 

results during winter in the arid region, while in other seasons, it has slightly lower ac-

curacy and larger standard error. On the other hand, TRMM has the best results in 

summer and worst in spring with high standard error. On average, in the studied areas, 

the highest accuracy and lowest scattering occurred in winter and spring. However, the 

most insufficient accuracy with the highest dispersion occurred in summer. These results 

are contrary to the findings of Kolios and Kalimeris [64]  in the Mediterranean region. 

The results of the seasonal accuracy assessment of satellite data show, on average, 

the accuracy of data decreases with warming the air and reaches the lowest value in the 

summer. The accuracy again decreases by increasing the air temperature. The accuracy of 

the data begins to increase in the autumn and reaches its maximum value in the winter. 

The standard error is the highest in summer and lowest in winter. These results are in 

complete agreement with the results of Adeyewa and Nakamura [21]. The overall aver-

age accuracy from highest to lowest is in winter, spring, autumn, and summer. A hy-

pothesis is formed here in the study, which the low accuracy of satellite data in the 

summer, probably due to the rapid evaporation and short duration of precipitation in the 

regions. In other words, the satellite has measured precipitation that a part of which has 

evaporated before it reaches the ground station, so precipitation accuracy in hot weather 

is estimated to be lower than in cold weather. 

In the end, the lack of long-term meteorological ground station data, the limited 

number of stations, and the non-uniform distribution of ground station distribution lim-

ited our study to explore the satellite data in depth. Therefore, more investigations with a 

larger number of ground stations and an extensive study area, especially for drought 

monitoring, are suggested for future studies. Also, the accuracy of precipitation after 

long drought conditions that leads to flood occurrence seems necessary for extra inves-

tigations. 

5. Conclusions 
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Accurate precipitation data lead to accurate results in various agricultural applica-

tions, water resources management, and natural disasters. Despite the advantages of 

satellite precipitation data, there is a lack of accuracy in some parts of the world, the 

knowledge of which can lead to the discovery of correct results and reliable interpreta-

tions. In this paper, the accuracy of satellite data in three climates including, humid and 

rainy,  semi-arid with low rainfall, and arid with low rainfall, in drought and wet con-

ditions and different seasons, were examined. The results of this study are as follows. (1) 

In the study area, the precision of satellite data in different climates depends on latitude, 

so that in high latitudes, GPM/TRMM overestimates the precipitation data and vice ver-

sa. (2) The average monthly rainfall measured by satellite in the high rainfall region is 

11%, in the semi-arid 50%, and the arid area 43% more than station measurements. (3) 

The introduced correction factor (C.F.) does not affect the value of the R2 coefficient. C.F. 

increases the precision of the satellite data. (3) 71% and 68% of the variation of GPM and 

TRMM CFs can be explained by three parameters, including mean precipitation, altitude, 

and latitude. (4) The accuracy of satellite data in wet conditions is higher than the normal 

conditions, and the accuracy in normal conditions is more than the accuracy in drought 

conditions. The lowest accuracy occurs in the drought condition of the arid region. (5) 

Satellite data have the highest accuracy in winter and the lowest accuracy in summer. 
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