
6th International Conference on Advances in Civil Engineering (ICACE-2022) 

21-23 December 2022 

CUET, Chattogram, Bangladesh 

www.cuet.ac.bd/icace 

 

Page-1145 

 

UNCERTAINTY BASED ASSESSMENT OF DROUGHT USING 

STANDARDIZED PRECIPITATION INDEX-A CASE STUDY 
 

M.F. Rabby
1*

, S.K. Adhikary
2 

 
1Lecturer, Department of Civil Engineering, Z. H. Sikder University of Science & Technology, Madhupur, Shariatpur, 

Bangladesh, Email: fazzlerabby1@gmail.com 
2Professor, Department of Civil Engineering, Khulna University of Engineering & Technology (KUET), Khulna-9203, 

Bangladesh, Email: sajal@ce.kuet.ac.bd 
*Corresponding Author 

 

 

Abstract 

 

Drought is a recurrent extreme hydrological event occurring almost every year in Bangladesh. Particularly, the 

northwest region of the country has been severely affected by the frequent occurrence of droughts. Standardized 

Precipitation Index (SPI) is the most widely used index for meteorological drought assessment because of its 

modest data requirement and ease of use. However, SPI's reliability in drought assessment has been questioned 

due to the presence of uncertainty in its computational process. Although past studies have identified various 

sources of uncertainty, a few have explored their influence on drought calculation. Therefore, the aim of this 

study is to identify the uncertainty sources in SPI based drought assessment and analyse their effects on drought 

characteristics. The current study is demonstrated through two selected climate stations, namely Bogra and 

Ishurdi located in the northwest region of Bangladesh. Two probability distribution functions, such as Gamma 

and Log-normal distributions, are used to calculate SPI over 6, 12 and 24-month time scales. The maximum 

likelihood method is adopted to find parameters of the distribution functions and the Run's theory are employed 

to determine the drought characteristics. The results indicate that the uncertainty in SPI calculation is greater at 

smaller time scales and usually decreases with the increase in time scale and length of data series. It is also 

evident from the results that the standard gamma distribution performs similarly to the log-normal distribution at 

larger time scales. This demonstrates that the log-normal distribution can be adopted as a viable alternative over 

the standard gamma distribution for drought assessment in the study area. The results also show that the 

uncertainty greatly affects extreme droughts. The higher the SPI value becomes, the larger the chances of 

uncertainty introduced. It is also found that the uncertainty sources greatly impact the drought characteristics 

and categorization. The current study thus concludes that correct and reliable assessment of drought using SPI 

can be achieved by considering diverse sources of uncertainty and their impacts on the drought assessment.   
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1. Introduction 

 

Drought is a naturally occurring extreme hydrological event, which is mainly caused by the scarcity of 

precipitation. Due to high spatial and temporal variability of precipitation caused by climate change, drought has 

become an important concern to researchers all over the world. Drought is recurrently occurring almost every 

year in Bangladesh. Considering the country’s unique geographical location, dense population, low income and 

uncontrolled urbanization as well as high dependency of major income generating sectors on precipitation 

patterns such as agriculture and fishing in the country, this is regarded as one of the most pressing disasters in 

Bangladesh. In recent years, there have been an increase in the frequency of droughts and a significant number 

of droughts are occurred ever in the country since its independence in 1971 [1]. In particular, the northwest 

region of the country are prone to drought since the region usually receives very less precipitation than the rest 

of the country [1-2]. The region regularly experiences meteorological drought, which is associated with the 

precipitation pattern and other climatic factors [1, 3]. It has been observed that natural droughts have impacted 

about 53% of people and around 47% of the nation in the past [4]. The effect of droughts may be minimized 

through drought preparation and mitigation strategies in which drought indices act as one of the vital factors and 

effective risk control techniques [5–7].  

 

Drought indices are the simplest way to monitor drought conditions as they can provide a numerical depiction of 

the beginning and end of a drought event along with its severity [8]. During the last several decades, numerous 

statistical approaches have been employed to quantify meteorological, agricultural, and hydrological droughts 
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[9-10]. Among them, standardized precipitation index (SPI) is the most widely adopted index all over the world 

[11] to monitor precipitation-based meteorological droughts because it requires only precipitation records and 

can analyze droughts across different time periods [12-13]. However, there are some questionable issues with 

how SPI is calculated. Several factors including the length of data series, the time scales, the probability 

distribution function used to fit the data, the parameter estimation approach could be responsible for the induced 

uncertainty in drought assessment using SPI [13–17]. It has been understood that the mostly used Gamma 

distribution function should not be adopted extensively since other distribution functions often perform better 

than the standard gamma distribution function. For example, Guttman [18] demonstrates that the Pearson Type-

III distribution is the optimal fit for American precipitation data whereas Sienz et al. [19], Angelidis et al. [20], 

and Blain & Meschiatti [21] found that the weibull, log-normal, and generalized-normal distributions are the 

most appropriate fits for European, Guadiana (Portugal), and Brazilian precipitation data, respectively. Bhakar 

[22] showed that the Gumbel distribution is suited best for maximum monthly precipitation in India whereas 

Mandal & Choudhury [23] found the log-normal distribution as the best fitting distribution function for pre-

monsoon precipitation in Bangladesh.  

 

Variability in parameter estimation methods also induces uncertainty as it would yield different SPI values 

which would eventually affect the drought estimation. Parameter stability and validity have been the focus of 

research in several published works. Carbone et al. [24] discovered that there is a non-linear relationship 

between the record length and the stability of parameter estimation. Moreover, it has been shown that the 

duration and diversity of precipitation data used to fit the probability distribution contribute to the uncertainty, 

and that the larger the variability of precipitation, the greater the uncertainty [25]. World Meteorological 

Organization (WMO, 2012) suggests a minimum time series of 50 or 60 years for this purpose; nevertheless, a 

30-year time series is regarded enough for most purposes. 

 

Even though all of the aforementioned research has contributed much to enhance the uncertainty analysis in 

drought assessments, the majority of it focused on the implications of sources of uncertainty on drought index 

itself and the failure to take into account their effects on occurrences and characteristics of droughts. Although 

Zhang and Li [13] considered the effects of uncertainty but it was limited to a 12-month time scale and 55-year 

data period. To the best knowledge of authors, there has not been any previous research conducted in 

Bangladesh that takes into consideration the consequences of uncertainty in drought estimation. Therefore, the 

objective of the current research is to evaluate the implications of uncertainty in drought assessment, particularly 

concerning the SPI values and the characteristics of drought. 

 

2. Materials and Methods   

 

2.1         Study Area and Data Used 

 

The northwest region of Bangladesh is particularly drought prone and receives less rainfall compared to the 

other part of the country. Thus the current study is mainly focused on the two important stations namely Bogra 

and Ishurdi in this region, which is shown in Fig. 1. The area includes very pronounced seasonal shifts and has 

high temperatures, moderate rainfall, and typically considerable humidity. Precipitation amounts vary both 

geographically and seasonally in this region. In the study area, the highest mean annual rainfall is recorded 

about 1743 mm in Bogra and 1545 mm at Ishurdi. 

 

 

Figure 1: The study area with the precipitation stations 
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Since SPI based drought estimation requires only the precipitation data, the precipitation data for the Bogra and 

Ishurdi stations are collected from Bangladesh Meteorological Department (BMD) for a period of 45 years from 

1975 to 2019. The details of the two aforementioned stations are given in Table 1. 

 

Table 1: Details of the BMD climatic stations in the study area 

Station Area covered (km
2
) Latitude (Deg.) Longitude (Deg.) Data used Data Period 

Bogra 2898.68 24.88 89.39 Precipitation 1975-2019 

Ishurdi 2376.13 24.12 89.04 Precipitation 1975-2019 

 

2.2         Standardized Precipitation Index (SPI) Calculation 

 

The SPI [26] is a widely used indicator to assess meteorological drought at different time scales (e.g., 3, 6, 12, 

18, 24-months). The procedure of calculating SPI is outlined in the following: 

 

a) Given a certain time scale a, the cumulative precipitation at the nth month during different years is 

calculated by: 

   
 ( )  ∑  ( )
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where, x is the monthly precipitation record of N years, t is the annual index (from 1 to N), and m is a given 

month (January, February,..., December) 

 

b) Then the cumulative precipitation series are fitted by a probability density function where Gamma 

distributions and Lognormal distributions are taken into consideration for the current study, which are 

represented by Eq. (2) and Eq. (3), respectively. 
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where,   is the Gamma function and         are the shape and scale parameters, respectively.  

  

c) The cumulative probability of a certain precipitation event is then determined for a specified time scale 

and month. The SPI value is obtained by using the Eq. (4) to convert the cumulative probability 

distribution (CDF) into a standard normal distribution with a mean of zero and a variance of one. 

 

     
  ( ) (4) 

 

Where, the quantile of the cumulative probability k, denoted by   , and the inverse function of the CDF for a 

normal distribution   is denoted by    . The SPI-based drought classification is presented in Table 2. 

 
Table 2: Drought classification according to SPI values  

SPI Value Drought category Probability (%) 

-0.99 to 0.00 Mild drought 34.1 

-1.49 to -1.00 Moderate drought 9.2 

-1.99 to -1.50 Severe drought 4.4 

  2.00 Extreme drought 2.3 
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2.3         Assessment of Drought Characteristics 

 

Drought can be described in a variety of ways, including its drought event number, and severity, intensity, peak, 

duration, frequency, etc., are recommended by various researchers to use for drought assessments [13, 27–29] 

and thus selected for this study. According to [30–32] a drought event is defined as a period when SPI is 

continuously below 0 with the lowest SPI value less than −1.0. Once drought events are identified, the drought 

characteristics can be calculated by run’s theory [33]. Run’s theory demonstrated that the total sum of all the SPI 

readings below a threshold level represent the severity (Se) which is shown in Eq. (5). Duration is the length of 

the time during which the SPI value is continuously below the threshold level. The intensity of a drought event 

(DIe) is the mean value of SPI below the threshold level which may be obtained by using Eq. (6). The worse the 

drought, the higher the DIe value. The peak is the minimum value of SPI below the threshold level. 

 

    |∑    
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where, e is regarded as a drought event;   is a month;      is the SPI value in month  ;              are the 

duration, severity and intensity of a drought event e, respectively. The frequency of drought can be obtained by 

Eq. (7) given in the following. 

    
  
  
      (7) 

 

where,    is the number of drought events,    is the number of years in study period and s represents a station. 

 

3. Results and Discussion 

 

The SPI values obtained by using two different types of distributions such as Gamma and Lognormal 

distributions at different time scales for the 45 year period at Bogra and Ishurdi station produces same type of 

results. Drought estimation in Bogra station by SPI-6 (i.e., SPI values for 6 month time scales) and SPI-24 (i.e., 

SPI values for 24 month time scales) are shown Fig. 2. As can be seen from the figure, the SPI values found 

using these distributions are almost identical to each other for a particular type of time scale except at some 

extreme ends. Furthermore, it is seen that the droughts are more frequent at shorter time scales and gets reduced 

as the time scale gets increased. It is also evident that the lognormal distribution is primarily responsible for 

yielding the higher values of SPI at the extreme ends.  

 

 

Figure 2:  SPI based drought calculation at Bogra station using Gamma and Lognormal distributions 

 

The differences derived from SPILognormal minus SPIGamma for the selected SPI time scales were compared to 

analyze the irregularity of the SPI values for both Bogra and Ishurdi stations, which are shown in Fig. 3. It is 

seen from the figure that the disturbances are more obvious for the extremes and least for the normal and 

moderate classifications of dry and wet period. Furthermore, it is observed that this induced uncertainty tends to 

reduce as the time scale gets larger. On the other hand, the parameters of the distributions (i.e., shape and scale) 

are greatly affected by the type of estimation used along with the data length, time scales considered to compute 
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it. It is found that the parameters vary significantly when the distribution is changed from the Gamma to 

Lognormal distribution as well as when the time scales and the data period changes.  

 

 

Figure 3: Residuals of SPI calculations for different time scales for Bogra and Ishurdi stations 

 

The shape (µ) and scale (σ) parameters as given by Eqs. (2) and (3) can be varied based on different time scales 

and data ranges, which results in the different values of probability distributions (i.e., Gamma and Lognormal 

distributions in the current study) and hence computations of different SPI values. This ultimately influences the 

drought assessment using SPI. The variation of shape and scale parameters for different time scales at Bogra 

station in presented in Fig. 4. It is observed from the figure that due to the change in distribution the shape 

parameter varies from 74 to 80% while it varies almost 88% when the time scales changes. Furthermore, it 

varies from 4 to 29% when the data period gets changed. Similarly, the scale parameters changes almost 97%, 

60% and 19% maximum as the distribution, time scale and data period changes, respectively. 

 

 
Figure 4: Variation of shape and scale parameters for different time scales at Bogra station 

 

The effect of uncertainty has been observed on drought characteristics. The drought characteristics obtained for 

both Ishurdi and Bogra stations is shown in Fig. 5. It is evident from the figure that the lognormal distribution 

yields slightly greater number of drought events, duration, severity, intensity and drought peak in comparison to 

that of the gamma distribution for a specific time scale and length of data period. In addition to this, it is seen 

that the drought characteristics tends to decrease as the time scale increases for a particular length of data period. 

Furthermore, most of the drought characteristics are found as higher when considering the 45 year data period. 

The result also shows that the uncertainty has less effect on drought frequency. However, almost same 

frequency of drought is encountered using both Gamma and Lognormal distributions. Though the highest 

frequency of drought obtained is for mild category whereas it becomes less for the moderate, severe and 

extreme category and this tends to remain more or less constant as the time scales and data period changes. It is 

also evident from the results that the most severe type of drought is found at 24-month time scale for both 

stations.  

Note: a. changes in probability distribution used at 12-month time scale, b. changes in time scales 

used in between 6-month and 12-month,  c. changes in data records from 35-year to 45-year ranges 
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Figure 5: SPI based drought characteristics at Ishurdi and Bogra stations 

Table 3 presents the severity of drought at 35- and 45-year periods for 24-month time scale and their 

corresponding intensity, duration and the distribution used to result in that severity for both stations. 

 
Table 3: Most severe droughts obtained in the study area 

Time 

Period 
Station Start-End 

Most severe 

drought 

Duration 

(months) 
Intensity 

Distribution 

used 

35 Y 
Bogra July 1979- April 1984 42.38 23 -1.84 Lognormal 

Ishurdi April 1994- September 1996 38.39 25 -1.54 Lognormal 

45 Y 
Bogra April 2012- March 2015 59.12 35 -1.69 Lognormal 

Ishurdi September 2009- July 2011 30.50 19 -1.61 Lognormal 



6th International Conference on Advances in Civil Engineering (ICACE-2022) 

21-23 December 2022 

CUET, Chattogram, Bangladesh 

www.cuet.ac.bd/icace 

 

Page-1151 

 

 

4. Conclusions 

 

The current study focuses on the identification of the sources of uncertainty in SPI based drought assessment 

and analyse their effects on drought characteristics. The study is demonstrated through two selected climate 

stations, namely Bogra and Ishurdi located in the northwest region of Bangladesh. Gamma and Log-normal 

distributions are adopted for SPI calculation for 6-, 12- and 24-month time scales. Parameters of the distribution 

functions are obtained by the maximum likelihood method and the drought characteristics are determined using 

the Run's theory. It is evident from the obtained results that the estimation process of SPI includes uncertainty 

that cannot be eliminated. These uncertainties are attributable to SPI's probability distribution functions, 

parameter estimation techniques, time scales, and length of data period. The current study incorporates the 

aforementioned uncertainties into SPI calculation process and evaluates their influence on SPI values and the 

corresponding drought characteristics. This study also uses the lognormal distribution in addition to the standard 

gamma distribution to fulfill its goals. It is evident from the results that the lognormal distribution behaves 

similarly to the gamma distribution at larger time scales, but exhibits more sensitivity at the extreme ends. This 

demonstrates that the log-normal distribution can be adopted as a viable alternative over the standard gamma 

distribution for drought assessment. The results also show that the uncertainty greatly affects extreme droughts. 

The higher the SPI value becomes, the larger the chances of uncertainty introduced. As extremes are a matter of 

concern nowadays and uncertainties tend to reduce at extremes at greater time scales and longer data periods, it 

is recommended to take this into account for the SPI based drought assessment.   
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