
Vol.:(0123456789)1 3

Earth Systems and Environment (2021) 5:59–70 
https://doi.org/10.1007/s41748-021-00201-0

ORIGINAL ARTICLE

Actual Precipitation Index (API) for Drought Classification

Zekâi Şen1,2 · Mansour Almazroui2

Received: 6 July 2020 / Accepted: 5 January 2021 / Published online: 2 February 2021 
© The Author(s) 2021

Abstract
The Standard Precipitation Index (SPI) is a widely used statistical technique for the characterization of droughts. It is based 
on a probabilistic standardization procedure, which converts a Gamma-type probability distribution function (PDF) into a 
normal (Gaussian) standard series with zero mean and unit standard deviation. Drought classification based on SPI indi-
cates dry and wet spell characteristics, provided that the hydro-meteorological records abide by normal (Gaussian) PDF 
only, otherwise the results will be biased. Therefore, in this paper, the actual precipitation index (API) method is presented, 
which provides drought classification and information regardless of the underlying PDFs. The main purpose of this paper 
is to explain the main differences between SPI and API and to prove that the use of API is the more reliable solution for 
classification of droughts into five categories described as “Normal dry”, “Slightly dry”, “Medium dry”, “Very dry” and 
“Extremely dry”. The application of the methodology is presented for two sets of precipitation data; one with exponential 
PDF monthly precipitation records from Istanbul City, Turkey and one for New Jersey, USA with almost normal (Gaussian) 
PDF based on annual precipitation records. The comparisons indicate that API is applicable regardless of the underlying PDF 
of the hydro-meteorology data. It produces real drought classification from the original data without recourse to standard 
normal PDF conversion.
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1 Introduction

Drought phenomena are forms of natural hazards that start 
to manifest when meteorological droughts set in, leading 
to hydrological and agricultural droughts. Droughts cause 
water stress and scarcity, making it essential to carefully 
manage water resources and are often the cause of the most 
dangerous famines in several regions of the world (Lana 
et al. 2001; Mishra and Singh 2010). In extreme cases, dry 
spells, and consistent meteorological, hydrological, and 
agricultural droughts, have pernicious effects on the socio-
economic and agricultural activities and seriously damage 

their hydro-electric power generation capacity. Droughts 
occur when, for successive months (1, 3, 6 months) or years 
(12 months), there is less than average precipitation in an 
area and are influenced, not only by a precipitation defi-
cit, but also by temperature, wind speed and soil moisture 
(Rhhee and Cho 2016). Eum et al. (2017) present a statisti-
cal downscaling methodology to bridge gap between cli-
mate models output and required climate information based 
on the climate scenario projections implementing trend 
preservation.

The major driving force causing prolonged drought 
periods is a reduction in the amount of precipitation, 
which, in recent times, appears to be due to the impacts of 
global warming and climate change, following increases 
in greenhouse gas (GHG) emissions (IPCC 2007, 2014). 
Several adverse consequences are unavoidable in cases of 
extended drought periods such as water scarcity, reduc-
tion in agricultural production, and surface flow recessions 
(Seckler et al. 1999; Mancosu et al. 2015). Consequently, 
the ability to forecast and to predict the characteris-
tics of droughts is important to identify their initiation, 
frequency, and severity. In addition to the systematic 
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evolution of climate phenomena, certain random com-
ponents affect many human activities. Thesecomponents 
include unpredictable precipitation, runoff and soil mois-
ture which change the hydrological cycle. It is not certain 
that such changes can be foreseen through the probabil-
istic, statistical and stochastic methodologies. Along this 
line, Pal and Al-Tabbaa (2011) stated that hydrological 
cycle perturbations in response to climate change may 
involve frequency and intensity distortions in precipita-
tion records, which may affect the availability and quantity 
of freshwater resources.

Although several drought indices exist, the most com-
monly used one is the Standard Precipitation Index (SPI) 
suggested by McKee et al. (1993) for treatment of pre-
cipitation records. It is based on the normal (Gaussian) 
probability distribution function (PDF) conversion of the 
original PDFs. For hydro-meteorological drought assess-
ments, various drought indices are suggested by different 
researchers including the Palmer Drought Severity Index 
(PDSI), Rainfall Anomaly Index (RAI), Standard Precipi-
tation Index, SRI, Standardized Precipitation Evapotran-
spiration Index (SPEI) (Palmer 1965; Van-Rooy 1965; 
McKee et  al. 1993; Guttman 1999; Shukla and Wood 
2008; Zhao et al. 2014; Sobral et al. 2018; Al Adaileh 
et al. 2019; Bhunia et al. 2020). There are numerous appli-
cations of SPI in the literature; for instance, Sobral et al 
(2018) evaluated the spatial distribution of the standard 
precipitation index (SPI) against the standardized form 
of the reconnaissance drought index (RDI) for intense 
episodes of drought in the state of Rio de Janeiro, Bra-
zil. Methodological uncertainties of SPI concerning lim-
ited record length, trends, and outliers have been investi-
gated with a homogeneity test on 14 Italian stations on the 
basis of underlying Gamma PDFs (Carbone et al. 2018). 
Wu et al. (2020) have investigated spatiotemporal drought 
variations in mainland China based on the standardized 
precipitation evapotranspiration index (SPEI) at 1 and 
12-month timescales.

The main purpose of this paper is to highlight the defi-
ciency in the classical SPI methodology, which can yield 
reliable results only when the original record series has 
a symmetric or normal (Gaussian) PDF. Otherwise, SPI 
classifications are deficient. This work presents a proce-
dure to avoid such deficiencies using the actual precipita-
tion index (API) method. This methodology, rather than 
transforming the original time series data PDF into the 
standard normal PDF, converts the quantiles of the stand-
ard normal PDF to the original PDF. The application of 
the API method is presented for two precipitation data 
sets: monthly precipitation records for Istanbul City, Tur-
key, and annual precipitation records for New Jersey with 
comparisons with classical SPI results.

2  Features of the Standard Precipitation 
Index (SPI)

Specifically, SPI is defined on the basis of standard normal 
probability distribution (PDF) variables at the 0.00, − 0.50, 
− 1.00, − 1.50, − 2.00 levels, corresponding, respectively to 
“normal dry”, “slightly dry”, “medium dry”, “very dry” and 
“extremely dry” classifications (McKee et al. 1993). It is 
applied at many time scales including the most frequently 
used ones: 1, 3, 6, 12, 24 and 48-month scales as well as at 
the annual level, coupled with moving averages. As stated by 
Hayes et al. (1999), the advantage of SPI over other drought 
indices stems from its simple calculation procedure applied 
to precipitation records only, without any need for additional 
hydro-meteorological variables. For instance, the Palmer 
drought severity index (PDSI) (1965) requires several such 
variables. Mishra and Desai (2005) showed that SPI suitably 
describes most types of drought events.

In almost all SPI studies, the original records are rep-
resented by the two-parameter Gamma PDF, which is one 
of the most suitable formats for monthly precipitation 
records, especially in humid regions. As for the semi-arid 
and arid regions, the Gamma PDF may not be suitable due 
to the zero precipitation records. It is also shown in this 
paper that SPI can be applied to any PDF type, because 
after all, it involves the conversion of a certain PDF to a 
standard normal (Gaussian) PDF. Along this line, Guenang 
and Kamga (2014) proposed the full process of distribu-
tion selection by fitting many distribution functions to the 
data and used an appropriate statistical test to select the 
best fit for calculating the SPI at time scales of 1, 3, 6, 12, 
18, and 24-month time periods.

Some of the critical interpretations in the calculation 
steps of SPI applications are presented briefly as follows.

1. The basis of the method depends mostly on the two-
parameter Gamma PDF (Thom 1958) but other PDFs 
can be taken into consideration.

2. After an appropriate PDF is fitted to the original data, 
the probabilities are calculated for each data value.

3. These probabilities are converted into a series of 
standard normal (Gaussian) PDF variants. This step is 
referred to as the probabilistic standardization proce-
dure, which is different from the statistical standardiza-
tion procedure, where the mean value of the original 
data set is subtracted from each data value leading to a 
sequence of deviations. Subsequently, these deviations 
are divided by the standard deviation: hence, the final 
sequence has zero mean and unit variance. To compare 
the two standardization procedures, Fig. 1 presents a 
synthetic time series with a theoretical two-parameter 
Gamma PDF in Fig. 2.
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  The SPI methodology converts the skewed PDF to 
standard and normal (Gaussian) PDF variants which are 
symmetrical. In this transformation, the statistical struc-
ture of the original series changes significantly, espe-
cially the serial correlation coefficient (see Fig. 3a). The 
statistical standardization procedure does not change the 
serial correlation structure of the original time series. 
Furthermore, the SPI probabilistic standardization does 
not have zero mean and unit standard deviation in small 
sample sizes.

  The SPI does not provide perfect standardization 
with zero mean and unit variance, rather it leads to the 
normalization of the original data. The question is: on 
which type of standardization should the drought cat-
egorization be based? If the SPI probabilistic one is pre-
ferred, then, in addition to the probabilistic standardiza-
tion, normalization is one of the major characteristics of 
SPI method.

4. In the SPI series, it is not possible to identify quantita-
tive actual drought features at different levels, such as 

dry period duration, magnitude or intensity, because the 
features of the SPI data are not similar to those of the 
original data series. For such quantification to work, it 
is preferable to base the dry and wet spell classifications 
on the statistical standardization procedure.

5. In the SPI method, drought index classifications can 
be achieved linguistically, but in the actual precipita-
tion index (API) method (see Sect. 3) actual data-based 
classifications are obtained without standardization or 
normalization procedures.

6. As will be explained in the following section, the main 
difference between the SPI and API methodologies is 
that the former depends on the standard normal PDF 
values but the API, instead, considers the actual prob-
abilities (column 3) that correspond to the SPI values in 
the second column of Table 1.

7. In small sample sizes, the SPI values do not have zero 
mean and unit variance, which is valid for large sam-
ple sizes. This implies a bias in SPI when comparing 
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Fig. 1  Synthetic time series of a Gamma random variable showing 
100 data
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between different time durations, 1 month, 3 months, 
6 months, etc.

3  Actual Precipitation Index (API) Method

The API method can reflect the drought characteristics of 
the original time series records after execution of the fol-
lowing steps.

1. Fit the most suitable cumulative probability function 
(CDF) to the given data. The CDFs can be of any type, 
not only the two-parameter Gamma PDF.

2. Consider the classification boundaries of the SPI method 
(column 2 in Table 1) and calculate their corresponding 

cumulative probabilities, p (column 3 in Table 1). These 
probabilities are calculated by available software such as 
Matlab by applying the following steps.

a. The first step is to convert the SPI class limits to the 
probabilities in the standardized normal PDF as,

b. The resulting probabilities for API classification limits 
are:

These values are shown in Fig. 4 for standard normal 
PDF with zero mean and unit variance.

It is obvious from this figure that entering SPI classi-
fication boundaries on the horizontal axis yields the cor-
responding API probabilities on the vertical axis. These 
API probabilities correspond to actual data values in the 
case of two-parameter Gamma or any other type of PDF. 
For instance, if, hypothetically, the two-parameter Gamma 
PDF parameters are taken as � = 2 and � = 5, the original 
data PDF probabilities can be obtained as follows:

1. Enter the probability values from Table 1 in the two-
parameter Gamma CDF and calculate the correspond-
ing probabilities using any computer programming lan-
guage. In this case, Matlab program statements are used 
as follows:

p = normcdf ([21.51.0 0.50.0 − 0.50

− 1.0 − 1.5 − 2], 0, 1),

p = [0.97720.93320.84130.69150.5000 0.30850.15870.06680.0228].

Table 1  SPI and API classification boundaries

Class SPI, standard value API, probabilistic value Classification

1  > 2  > 0.9772 Extremely wet
2 1.50–1.99 0.9332 to 0.9772 Very wet
3 1.00–1.49 0.8413 to 0.9332 Moderately wet
4 0.50–0.99 0.6915 to 0.8413 Slightly wet
5 0.00–0.05 0.5000 to 0.6915 Normal wet
6 0.00 to − 0.50 0.0000 to − 0.3085 Normal dry
7 − 0.50 to − 0.99 − 0.3085 to − 0.1587 Slightly dry
8 − 1.00 to − 1.50 − 0.1587 to − 0.0668 Moderately dry
9 − 1.50 to − 2.00 − 0.0668 to − 0.0228 Very dry
10  < 2  < − 0.0228 Extremely dry

Fig. 4  SPI probability values on 
the standard normal CDF with 
dry and wet characteristics

14

-5 -4 -3 -2 -1 0 1 2 3 4 5

Variable

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Cu
m

ul
at

ive
 p

ro
ba

bi
lity

WETDRY

Standard normal variable

Normal CDF
0.9772
0.9332

0.8413

0.6915

0.3085

0.1587

0.0668

0.0228

Extremely wet
Very wet

Moderately wet

Slightly wet

Normal wet

Normal dry

Slightly dry

Moderately dry

Very dry
Extremely dry



63Actual Precipitation Index (API) for Drought Classification  

1 3Published in partnership with CECCR at King Abdulaziz University

a. The API probabilities are entered into this Gamma CDF 
to calculate the corresponding original data probability 
boundaries, B, for dry and wet spell classification as,

b. Execution of this Matlab statement yields API values as 
follows:

2. Figure 5 indicates the procedural structure with the API 
probabilities on the vertical axis and the corresponding 
API classification boundaries on the horizontal axis.

3. These boundaries are treated as truncation levels on the 
original data series to calculate, if necessary, the dry 
and wet period durations, total dry amounts (deficits), 
maximum deficit (Mishra and Singh 2010), which can-
not be achieved with the classical SPI studies, because 
the standardization-normalization procedure causes loss 
in the original data probabilistic and statistical features.

4  Data Used

The application is presented first for the monthly precipita-
tion records (1980–2018) from the Florya meteorology sta-
tion in the European part of Turkey in Istanbul. This station 
is in the northwestern part of Turkey, which has a hybrid 
Mediterranean climate. Summers are warm to hot, humid 
and moderate dry but winters are cold. Annual precipitation 

B = gaminv ([0.97720.93320.84130.69150.5000 0.30850.15870.06680.0228], �, �).

API = [28.400721.953716.495811.99868.39175.60293.54162.09651.1521].

records are also considered using records from New Jersey, 
USA, covering more than 100 years of statewide annual 
precipitation amounts from 1895 to 2003. The New Jersey 

Statewide annual precipitation records are available on-
line (http://epa.gov/clima techa nge/index .html; http://clima 

te.rutge rs.edu/state clim).

4.1  API Value Determination

Although the application of SPI is straightforward, the cor-
responding probability values for each of the 1, 3, 6, 12 and 
24-monthly or annual durations need first to be determined 
for API application. For this purpose, the following steps 
need to be taken.

1. Determination of PDF: For each period, the correspond-
ing empirical data point scatter diagram is constructed 
by sorting each sequence into ascending order and then 
attaching the empirical probability, p, to each order 
using the following well-known simple formulation,

where n is the number of data and m is the rank in the 
order sequence,

p =
m

n + 1
,

Fig. 5  The procedural structure 
of Gamma CDF for API calcu-
lation. The API probabilities 
on the vertical axis and the cor-
responding API classification 
boundaries on the horizontal 
axis

SPI probability values on the standard normal CDF with dry and wet characteristics.
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2. Empirical probability diagram: The plotting of ordered 
data versus corresponding probability value yields a 
non-descending scatter diagram.

3. Theoretical PDF fit: The most suitable theoretical PDF 
is fitted to the empirical scatter diagram, thus produc-
ing the best PDF for the basic data. The goodness-of-fit 
is controlled by Chi-Square and Kolmogorov-Simirnov 
tests (Stephens 1970).

4. API value determination: The theoretical PDF is used 
to determine the actual data values corresponding to 
the API probability values given in the third column of 
Table 1.

5. All the previous steps are repeated for data sets of 1, 3, 6, 
12, 24, 48-month and annual duration. Each one results 
in a PDF with different parameters and so, the API level 
values are different from each other.

The completion of these steps results in the wet and dry 
spell API values as shown in Table 2 for the Istanbul and 
New Jersey precipitation records.

4.2  SPI and API Comparison

For Istanbul precipitation records, an exponential PDF 
appears to be the most suitable one (see Fig. 6). This shows 
that not only the two-parameter Gamma PDF can be consid-
ered for application of the SPI methodology.

To compare the SPI and API graphs, they are presented 
for 1-month, 3-months, 6-months, 12-months, 24-months 

and 24-months durations in Fig. 7. On the left-hand side 
column are the SPI and on the right-hand side are the cor-
responding API graphs. The respective values are written in 
the upper right hand side boxes in each graph.

Comparisons of SPI and API graphs help to detect and 
identify the following significant points:

1. There are significant differences between the SPI and 
API graphs for the same monthly durations.

Table 2  API values for wet and 
dry spells at different monthly 
periods

Parameters

SPI standard variants 2 1.5 1 0.5 0 − 0.5 − 1 − 1.5 − 2

API standard probability 0.9772 0.9332 0.8413 0.6915 0.5 0.3085 0.1587 0.0668 0.0228

Time Location Shape

Marmara Region precipitation (cm) API values

 1-month 0.5878 75.3417 212.9326 141.6079 86.9425 48.0277 22.9579 9.0405 2.7717 0.6247 0.0999

 3-month 2.3556 18.6956 117.5914 92.3413 70.745 52.7104 37.9887 26.3367 17.452 10.9608 6.4815

 6-month 5.1017 8.6388 90.9661 76.1579 62.9533 51.3409 41.2288 32.5483 25.2157 19.1188 14.1674

 12-month 15.5261 2.8474 69.3493 62.0796 55.307 49.0436 43.2636 37.9575 33.1131 28.7047 24.7288

 24-month 25.4514 1.7305 63.1627 57.7916 52.7154 47.9461 43.4682 39.2784 35.3725 31.7354 28.3711

 48-month 41.017 1.076 58.9552 54.8861 50.9963 47.2963 43.7761 40.4352 37.2725 34.2782 31.4589
New Jersey Statewise precipitation (cm) API

 1-month 56.0015 0.8058 57.9666 54.4858 51.1371 47.9304 44.8577 41.9192 39.1149 36.4373 33.8929

 3-month 186.0023 0.2427 51.9991 50.2055 48.4492 46.7358 45.0619 43.4284 41.8363 40.2822 38.7711

 6-month 280.0183 0.161 50.6279 49.1895 47.775 46.3892 45.0293 43.6963 42.3909 41.1106 39.8595

 12-month 508.8095 0.0882 48.9416 47.8974 46.8655 45.8496 44.8476 43.8604 42.8885 41.9301 40.9885

 24-month 996.207 0.0449 47.6073 46.874 46.1464 45.4271 44.7147 44.0099 43.313 42.6229 41.9417

 48-month 3446.777 0.01298 46.2755 45.8876 45.501 45.117 44.7348 44.3548 43.9773 43.6015 43.2288
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Fig. 6  Istanbul station PDF records showing an exponential PDF 
appears to be the most suitable one



65Actual Precipitation Index (API) for Drought Classification  

1 3Published in partnership with CECCR at King Abdulaziz University

16

100 200 300 400 500 600
Month

-5

-4

-3

-2

-1

0

1

2

3
S

P
I

Istanbul monthly precipitation 1-month

Normal dry
Slight dry
Moderate dry
Very dry
Extremely dry

Monthly data
SPI 0.0 level
SPI -0.5 level
SPI -1.0 level
SPI -1.5 level
SPI -2.0 level

50 100 150 200 250 300 350 400 450 500 550 600
Number of averages

0

50

100

150

200

250

300

P
re

ci
pi

ta
tio

n
(c

m
)

Istanbul montly precipitation 1-month
Monthly data
API 22.95 cm
API 9.04 cm
API 2.77 cm
API 0.62 cm
API 0.01 cm

Normal dry

Medium dry
Slightly dry

Very dry

a

50 100 150 200 250 300 350 400 450 500 550 600
Number of averages

0

50

100

150

200

250

300

P
re

ci
pi

ta
tio

n
(c

m
)

Istanbul monthly precipitation 3-month
Monthly data
API 37.98 cm
API 26.33 cm
API 17.45 cm
API 10.96 cm
API 6.48 cm

Extremely dry
Very dry
Medium dry
Slightly dry
Normal dry

b

50 100 150 200 250 300 350 400 450 500 550 600
Month

-3

-2

-1

0

1

2

3

S
P

I

Istanbul monthly precipitation 6-month

Normal dry

Slight dry

Moderate dry

Very dry

Extremely dry

Monthly data
SPI 0.0 level
SPI -0.5 level
SPI -1.0 level
SPI -1.5 level
SPI -2.0

50 100 150 200 250 300 350 400 450 500 550 600
Number of averages

0

20

40

60

80

100

120

P
re

ci
pi

ta
tio

n
(c

m
)

Istanbul monthly precipitation 6-month
Monthly data
API 41.28 cm
API 32.54 cm
API 25.21 cm
API 19.11 cm
API 14.16 cm

Medium dry

Normal dry
Slightly dry

Extremely dry
Very dry

c

Fig. 7  Wet spell classifications for different durations. a 1-Month, b 3-month, c 6-month, d 12-month, e 24-month, f 48-month
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2. SPI graphs have almost the same normal (Gaussian) 
PDF reflections with their systematic time series appear-
ances around the zero level, whereas in the API graphs, 
the original non-symmetric forms are preserved.

3. Although SPI provides drought indices, they are biased 
due to their transformed values which cannot represent 
the actual cases.

4. On the SPI graphs, at any classification level, although 
the dry and wet-spell durations can be calculated, they 
do not reflect the actual dry and wet spell characteristics 
of the data. This point becomes very clear especially in 
Fig. 7c–f.

5. As for the low values of the time series of the API 
graphs, there is no drought index classification, for 
instance in Fig. 7f, but, in the SPI graphs, all the clas-
sifications are present.

6. It is observed from the comparisons that the standard 
normal (Gaussian) PDF balances the positive and nega-
tive values symmetrically but introduces bias.

7. As mentioned earlier in this paper, the closer the original 
data PDF is to the normal (Gaussian) PDF, the better 
the SPI graphical representation will reflect the features 
of the original data set. However, hydro-meteorological 
records, especially monthly data, have skewed the PDFs.

As for the New Jersey annual precipitation data, they 
accord with the normal PDF which is obvious in Fig. 8, 
with a mean of 45 cm and a standard deviation of 6.06 cm. 
For this reason, the time series patterns in SPI and API are 
expected to be very similar to each other.

Figure 9 shows the SPI and API graphs for New Jersey 
annual precipitation values. The reader can observe their 
similarity in pattern even though the values at the upper 

right hand side boxes are different. For the sake of brevity, 
only 1-year, 3-year, 6-year and 12-year graphs are presented.

Comparison of 3-year and 9-year API graphs highlights 
the following points. Similar comparisons can be done 
between other graphs.

1. In case of the 3-year API graph, drought classifications 
of all types appear, but the 12-year API graph does 
not yield any ‘extremely dry’ drought classification. 
Although there are very severe ‘extremely dry’ classes 
in the 3-year graph, there is none in the 12-year case.

2. All dry classes in the 3-year API graph have compara-
tively shorter drought periods than in the12- year API 
graph.

3. Dryness class intervals as well as the precipitation 
amounts on the vertical axes are smaller in the 3-year 
graph than in the 12-year graph.

5  Conclusions

The main concern of this paper is dry spells and droughts. 
The most frequently used index, the Standard Precipitation 
Index (SPI), is evaluated from a different point of view than 
the Actual Precipitation Index (API). The SPI transforms 
the original precipitation time series records into a stand-
ardized normal (Gaussian) probability distribution function 
(PDF) and provides classifications, whereas the API works 
on actual data without any transformation of the underlying 
PDF and gives classifications on real data values. The API 
and SPI comparison shows that API can be applied regard-
less of the hydro-meteorology data PDF directly without 
requiring any conversion to the normal PDF and it yields, 
quantitatively, not only the actual drought classification in 
the original data, but also the drought durations. The API is 
applied to monthly precipitation records for Istanbul, Tur-
key, and annual precipitation records for New Jersey, USA. 
Although there is much variation from year to year, overall, 
both the cool (November through March) and warm (May 
through September) seasons have been warmer recently than 
in the past. The API procedure establishes the necessary 
classification boundaries of “normal dry”, “slightly dry”, 
“medium dry”, and “very dry” and “extremely dry” on the 
actual records. It is observed that API drought classifica-
tion reflects the real situation on the basis of original hydro-
meteorology records, whereas the use of SPI is restricted to 
the standardized normal PDF which cannot represent the 
actual situation.
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