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Sugyeong Park b¶, Whijin Kim a and Tae-Hyung Kim c
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(OJERI), Korea University, Seoul, Republic of Korea; cInformation and Communications Technology and Disaster Risk Reduction Division (IDD), 
United Nations Economic and Social Commission for Asia and the Pacific (UNESCAP), Bangkok, Thailand

ABSTRACT
Drought is a natural disaster that occurs globally and is a main trigger of secondary environmental 
and socio-economic damages, such as food insecurity, land degradation, and sand-dust storms. As 
climate change is being accelerated by human activities and environmental changes, both the 
severity and uncertainties of drought are increasing. In this study, a diagnostic drought prediction 
model (DDPM) was developed to reduce the uncertainties caused by environmental diversity at 
the regional level in Kyrgyzstan, by predicting drought with meteorological forecasts and satellite 
image diagnosis. The DDPM starts with applying a prognostic drought prediction model (PDPM) 
to 1) estimate future agricultural drought by explaining its relationship with the standardized 
precipitation index (SPI), an accumulated precipitation anomaly, and 2) compensate for regional 
variances, which were not reflected sufficiently in the PDPM, by taking advantage of preciseness in 
the time-series vegetation condition index (VCI), a satellite-based index representing land surface 
conditions. Comparing the prediction results with the monitored VCI from June to August, it was 
found that the DDPM outperformed the PDPM, which exploits only meteorological data, in both 
spatiotemporal and spatial accuracy. In particular, for June to August, respectively, the results of 
the DDPM (coefficient of determination [R2] = 0.27, 0.36, and 0.4; root mean squared error 
[RMSE] = 0.16, 0.13, and 0.13) were more effective in explaining the spatial details of drought 
severity on a regional scale than those of the PDPM (R2 = 0.09, 0.10, and 0.11; RMSE = 0.17, 0.15, and 
0.16). The DDPM revealed the possibility of advanced drought assessment by integrating the earth 
observation big data comprising meteorological and satellite data. In particular, the advantage of 
data fusion is expected to be maximized in areas with high land surface heterogeneity or sparse 
weather stations by providing observational feedback to the PDPM. This research is anticipated to 
support policymakers and technical officials in establishing effective policies, action plans, and 
disaster early warning systems to reduce disaster risk and prevent environmental and socio- 
economic damage.
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1. Introduction

Drought, a natural disaster that causes environmental 
and socio-economic damage, maximizes its impact by 
imperceptibly progressing over a wide area 
(Hazaymeh and Hassan 2016; Mottaleb et al. 2015). 
In addition to the difficulties in drought specification, 
the uncertainty of drought prediction is becoming 
more serious owing to climate change (He et al. 
2013). Thus, enhancing the adaptive capacity to 
drought according to each country’s circumstances 
is essential, and the predictive performance is 
a crucial factor (Raikes et al. 2019). In particular, 

some countries in arid and semi-arid regions that 
lack adaptive capacity, such as Kyrgyzstan, suffer 
from continuous drought damage in the agricultural 
sector (Kogan, Guo, and Yang 2019; Schwabe et al. 
2013). The agriculture and food security sectors are 
considered to be top policy priorities because they 
are the most vulnerable to climate change (FAO 
2018). Particularly, the occurrence of severe agricul-
tural drought in the growing season (mostly June to 
August in Kyrgyzstan) is directly linked to declining 
crop yields (Frenken 2013; World Food Programme 
2014).
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To manage the threat caused by drought and to 
improve national food security, earth observation 
data, various algorithm, and data fusion systems 
should be examined to develop drought prediction 
models with higher accuracy and precision, so that 
they can be used to prioritize drought-related 
responses (Diaz et al. 2020; Gu and Ning 2012). 
The existing models can be subdivided into two 
types based on data characteristics, which is one 
of the most intuitive and performance-affecting 
criteria proposed by Maisongrande et al. (1997). 
The first type, a prognostic model, is applicable to 
predict future disasters based only on climate data 
as independent variables (Ito and Oikawa 2002; 
Sasai et al. 2005). The second type, a diagnostic 
model, can more realistically simulate disasters by 
considering both land surface and climate condi-
tions (Kim et al. 2012; Sasai et al. 2007).

The prognostic model uses historical climate data 
to clarify the interlinkage between precipitation defi-
ciency and drought and then predicts drought with 
future climate data (Aghakouchak and Nakhjiri 2012; 
Thenkabail 2015). In previous studies, most research-
ers identified the spatio-temporal changes (Komuscu 
1999; Li et al. 2017) in several meteorological drought 
indices (Nyatuame and Agodzo 2017; Park 2017; Shen 
et al. 2019) and applied various models, such as 
machine learning techniques and regression models, 
to predict drought (Belayneh and Adamowski 2012; 
Belayneh et al. 2014; Mesbahzadeh et al. 2020). 
However, since these studies relied only on climate 
patterns, they could neither explain how the impacts 
of meteorological droughts have manifested at 
ground level as agricultural drought nor reflect regio-
nal differences such as ecosystem, infrastructure, and 
management (Hao et al. 2014; Sheffield et al. 2004; 
Thenkabail 2015). In the same context, because the 
predictions were based on historical climate patterns, 
the effect of dynamic changes on the land surface 
could not be reflected in the drought prediction. In 
addition, the performance of the prognostic model is 
likely to be decreased in countries with sparse 
weather station networks; the model must rely on 
estimated meteorological data rather than measured 
data. This process leads to a dilemma in which the low 
adaptive capacity prevents itself from being 
enhanced (Kogan, Guo, and Yang 2019; Wardlow 
et al. 2017).

In order to overcome the limitation of the prog-
nostic model, diagnostic models make predictions 
based on not only climate but fusing it with land 
surface observations, which are mostly acquired by 
satellite images. Satellite-based monitoring provides 
actual land surface information, which implies the 
integrated effect of climate, regional environment 
and complex drought mechanisms on the surface 
and thus enables the precise tracking of global long- 
term environmental changes over large inaccessible 
areas (Barrett et al. 2020). Most general approaches 
for fusing meteorological and satellite data use statis-
tical and deep-learning models with the best-fitting 
parameters (AghaKouchak 2015; Mokhtari and 
Akhoondzadeh 2020), providing a fast and conveni-
ent way to increase predictive performance. However, 
the simple amalgamation of the data limits the exploi-
tation of the characteristics of each dataset, which is 
a mandatory consideration for developing data fusion 
model (Morabito, Simone, and Cacciola 2008). Some 
of the other approaches have attempted to retain the 
characteristics of each dataset under the concept of 
drought phases (del Pilar Jiménez-Donaire, Tarquis, 
and Giráldez 2019). However, these studies still com-
prise basic algorithms such as thresholding and over-
laying. Also, despite they have applied domain 
knowledge to diagnostic models exploiting the 
semantic feature of each data, they did not fully utilize 
the structural features of the data; for instance, satel-
lite imaging provides a precise snapshot of the cur-
rent surface, whereas climate data is forecastable. 
Therefore, there remains a need to develop a data 
fusion model to conduct accurate and precise agricul-
tural drought prediction that reflects both the seman-
tic and structural features of data and drought 
conditions on the land surface under predicted cli-
mate conditions (Karnieli et al. 2010; Mishra and Desai 
2005).

Hence, in this study, a diagnostic drought pre-
diction model (DDPM) was developed by propos-
ing a novel data fusion method for the synergistic 
use of each earth observation data in the way of 
calibrating regional error of meteorological data 
with satellite images. The DDPM was examined to 
predict agricultural drought in Kyrgyzstan where 
the existing drought prediction models are strug-
gling to return precise prediction and active dis-
cussions are ongoing by the national government 
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to exploit land observations. In the DDPM pro-
gress, the prognostic drought prediction model 
(PDPM) is first performed to exploit the advantage 
of climate data predictability, and then compen-
sates for the prediction error by considering the 
current land surface conditions monitored on 
satellite images.

2. Materials

2.1. Study area

Kyrgyzstan is a landlocked country located in Central 
Asia (39.146°–43.22° N, 69.297°–80.132° E; Figure 1). 
The country is dominated by mountains with perma-
nently covered ice and snow where the average ele-
vation of its territory is 2750 m, ranging from 401 m to 
7439 m (Dzunusova, et al., 2016). The average annual 
precipitation is approximately 533 mm, and most of it 
is concentrated during the cold winter season 
(between October and April) (Frenken 2013). The 
absolute temperature greatly varies (from – 18 to 
28°C in winter to 43°C in summer) depending on the 
location.

Although irrigation systems are facilitated in 
more than 80% of cropland in Kyrgyzstan, they 
have deteriorated in quality since the 1990s, 
decreasing the water delivery efficiency (Asian 
Development Bank 2013). Therefore, according to 
the maintenance of the irrigation system and adja-
cency of the cropland to the supplement, drought 
severity can be more or less dependent on 
precipitation.

2.2. Meteorological data

Climate Hazards Center InfraRed Precipitation with 
Station (CHIRPS) was developed by the Climate 
Hazards Group (https://www.chc.ucsb.edu/data) at 
the University of California Santa Barbara (UCSB) and 
the U.S. Geological Survey (USGS). CHIRPS combines 
satellite imagery with an in-situ station dataset and 
provides gridded rainfall time-series data from 1981 
to the present with a spatial resolution of 0.05° (Funk 
et al. 2015). The CHIRPS data have the advantage of 
high spatial-temporal resolution among estimated 
precipitation datasets, such as the Tropical Rainfall 
Measuring Mission (TRIMM), which has a 0.25° resolu-
tion from 1998–2019, and the Precipitation Estimation 
from Remotely Sensed Information using Artificial 
Neural Networks–Climate Data Record (PERSIANN- 
CDR), which has a 0.25° resolution from 1983 to the 
present. In this study, monthly precipitation data from 
January 1984 to December 2018 were obtained from 
CHIRPS (version 2.0) to produce a meteorological 
drought index.

In this study, the standardized precipitation index 
(SPI), a meteorological drought index, was selected to 
predict drought conditions based on climate data. 
The SPI was developed by McKee, Doesken, and 
Kleist (1993) to reflect the impact of precipitation 
deficiency and identify precipitation shortages by 
comparing the total precipitation received during 
a certain period at a particular location with long- 
term rainfall distribution. Generally, to calculate the 
SPI, the cumulative sum of precipitation over a certain 
period is converted to cumulative probability under 

Figure 1. Map of the administrative districts of Kyrgyzstan and the spatial distribution of agricultural land.
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a selected gamma distribution function, and the 
inverse probability distribution function of 
a standard normal distribution is applied to the prob-
ability. In drought monitoring studies, the SPI is 
usually calculated using monthly precipitation data 
with time scales of 3, 6, 12, and 24 months. In addi-
tion, the SPI requires a minimum of 30 years of high- 
quality precipitation data to ensure statistical signifi-
cance. The shorter SPI runs (e.g. SPI 3 and SPI 6) refer 
to meteorological drought and soil moisture, and the 
longer runs (e.g. SPI 12 and SPI 24) refer to hydrolo-
gical drought (Svoboda, et al., 2012). In this study, 
a three-month SPI (SPI 3), which is closely related to 
agricultural impact, was selected and calculated from 
1984 to 2018 (del Pilar Jiménez-donaire, Tarquis, and 
Giráldez 2019). In addition, the gamma probability 
density function (Equation 1) that best describes the 
precipitation distribution was fitted to a time-series 
precipitation, and the cumulative probability was con-
verted to a Z-score of the standard normal. In order to 
integrate with satellite images, we selected the target 
period for drought analysis as 2000–2018. Therefore, 
Part of the SPI 3 dataset from 2000 to 2018 was 
utilized for drought prediction. The wet conditions 
are indicated as SPI values greater than 1.0, while 
dry conditions are indicated as SPI values less 
than – 1.0. 

GÖxÜ à
Öx

o
gÖxÜdx à 1

βα:ΓÖαÜ

Öx

o
xα�1: e�

x
βdx; (1) 

where g(x) is a gamma probability density function, 
α > 0 is a shape parameter, β > 0 is a scale parameter, 
x >0 is the amount of precipitation, and Г(α) is the 
gamma function.

2.3. Land observation data

The normalized difference vegetation index (NDVI) 
time-series dataset was acquired from the Terra 
Moderate Resolution Imaging Spectroradiometer 
(MODIS) vegetation indices (MOD13A3) Version 6 
(006) of the National Aeronautics and Space 
Administration Earth Observing System (https:// 
eospso.gsfc.nasa.gov/mission-category/3). 
MOD13A3 Version 6 (006) has provided monthly 
level 3 data at 1 km spatial resolution from 2000 
to the present (available online at: https://lads 
web.modaps.eosdis.nasa.gov/). In this study, the 
monthly MOD13A3 NDVI (h23v04 and h23v05) 

from March 2000 to December 2018 was utilized 
to generate a satellite-based agricultural index by 
monthly time step. Data with cloud cover and 
missing data were excluded from the MODIS qual-
ity assurance data.

In this study, the vegetation condition index (VCI), 
a satellite-based agricultural drought index, was 
selected to represent the actual drought conditions 
on the land surface. Kogan (1995) proposed a VCI 
based on relative NDVI changes for agricultural 
drought detection and tracking. This remote sensing- 
based agricultural drought index has been used to 
detect and monitor agricultural drought and is calcu-
lated using the time-series of NDVI by normalizing it 
between the maximum and minimum values within 
the same pixel (Equation 2). Therefore, the VCI con-
tains both the current status and historical informa-
tion of the NDVI (Xu et al. 2020) and represents the 
relative drought severity in the temporal dimension. 
A VCI value of 0 indicates dry conditions, whereas 
a value of 1 indicates wet conditions. 

VCIi à
NDVIi � NDVImin

NDVImax � NDVImin
; (2) 

where VCIi is the VCI at time-series i, NDVIi is the NDVI 
obtained at time-series i, and NDVImin and NDVImax are 
the minimum and maximum NDVI computed within 
the same month at each pixel, respectively.

3. Methods

In a regression model, which has relatively simple 
structures, selecting the most persuasive indepen-
dent variables is one of the most effective methods 
and should be prioritized for reducing fitting error 
(residuals). However, it is almost impossible to 
include all of the relevant independent variables 
that affect agricultural drought during the model-
ing process, and the omissions remain as the fit-
ting error. As an alternative, the fitting error can 
themselves be used as independent variables 
instead of adding one (Hengl, Heuvelink, and 
Rossiter 2007; Piao et al. 2018). For example, 
regression-kriging uses spatially interpolated fitting 
error as independent variables by assuming that 
unknown independent variables remaining as the 
fitting error have spatial autocorrelation (Hengl, 
Heuvelink, and Rossiter 2007).
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Assuming that the impacts of environmental 
factors that are not used as independent variables 
remain as temporally autocorrelated fitting error, 
the diagnostic prediction model predicts future 
fitting error based on its temporally autocorrelated 
characteristics. Subsequently, diagnostic prediction 
is performed by compensating for the estimated 
future fitting error in the prognostic prediction 
result. The process of diagnostic modeling, com-
posed of prognostic model design and future fit-
ting error estimation, can vary depending on the 
prediction target. However, the underlying princi-
ple is to develop a model with highly foreseeable 
variables and supplement it with time-series mon-
itoring. In this study, based on the above concepts, 
the diagnostic prediction model was applied to 
agricultural drought prediction as a case study in 
Kyrgyzstan (Figure 2).

In the first stage of the research, the PDPM was 
developed to predict agricultural drought based on 
a meteorological drought index. In this study, VCI 
indicated agricultural drought, and SPI 3 was used as 
a meteorological drought index. In the PDPM, the 
agricultural drought index is a prediction target (it 
directly affects the agricultural sector), whereas the 
meteorological drought index is an input (it is 
a preface of disasters but more foreseeable). Based 
on the historical relationship between the two 
indices, the PDPM can return the agricultural drought 
index whether the input is observed or forecasted.

The DDPM was developed by exploiting the 
ratio between the monitored and predicted VCIs, 
expressed as the M/P ratio. The M/P ratio indi-
cates the integrated effect of the unused variables 
in the PDPM. Assuming that the current M/P ratio 
is the best predictor of the M/P ratio in the near 
future, the M/P ratio is multiplied by the later 
time-series of the PDPM prediction, resulting in 
the DDPM prediction. In this approach, the pre-
sent and future are relative concepts; the SPI that 
is used as the future value at a certain time is 
then reused as the present value at the next time 
step. Therefore, the time at which the M/P ratio 
was calculated is referred to as the present, and 
the time at which the PDPM was calibrated with 
the M/P ratio is referred to as the future. The 
process assumes the situation of predicting the 
future based on the most recent satellite observa-
tions, and the uncertainties of meteorological 

forecasts that occur in real cases are disregarded. 
After all of the future time-series were predicted, 
the results of the PDPM and DDPM were com-
pared to those of the monitored agricultural 
drought index.

3.1. PDPM

The purpose of the PDPM is to predict agricultural 
drought represented by the VCI using meteorological 
drought represented by the SPI 3. To understand the 
general relationship between the two indices only in 
areas exposed to agricultural drought, the mean 
values of the monthly SPI 3 and VCI were acquired 
at a national scale in agricultural areas. The PDPM was 
designed as a nonlinear model because many crop 
and soil processes have nonlinear features 
(Archontoulis and Miguez 2015). Because both indices 
are calculated through relative distribution within 
a specific time period, the PDPM was developed at 
each month, especially in the major vegetation grow-
ing season (May to August) in Kyrgyzstan. The model 
explains the relationship between the monthly SPI 3 
and monthly VCI with three parameters (a, b, and c), 
which were set by regression analysis between the 
indices each month. Through this model, a certain 
time i of the satellite-based agricultural drought 
index (VCI) is explained by the same time i of the 
meteorological drought index (SPI 3) (Equation 3). 
The model returns zero, the minimum possible value 
of VCI, when the sum of the SPI 3 and parameter b is 
negative, and e indicates the error term. 

VCIi à fprog SPI 3iÖ Ü á ei

à SPI 3i á b > 0ja SPI3i á bÖ Üc á ei
SPI 3i á b< 0j0á ei

⇢
(3) 

3.2. DDPM

The DDPM aims to minimize the uncertainty of 
the PDPM by utilizing the current fitting error to 
minimize future fitting error, as shown in Figure 3. 
The PDPM predicts future drought; the model is 
trained based on the relationship between the 
past SPI 3 and VCI data. However, the PDPM 
inevitably includes fitting error, as described in 
Equation 3, because not all environmental condi-
tions – other than meteorology – are considered 
independent variables. Therefore, the actual 
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agricultural drought could be more severe than 
that indicated by the PDPM result when the 
excluded surface-level environmental factors 
(such as geography, infrastructure, and agricul-
tural activities) have a negative impact on 
drought, and the reverse impact is also possible. 
In this context, the DDPM diagnoses the current 

environment to estimate the impact of the 
excluded variables by calculating the M/P ratio. 
The diagnosed impact is then applied to the 
PDPM result of the next time step under the 
assumption that most environmental factors are 
temporally autocorrelated (Shahin et al. 2014; 
Shamsnia et al. 2011). In the actual application, 

Figure 2. Research flow of the diagnostic drought prediction model (DDPM) in Kyrgyzstan.
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the PDPM of the next time step should use fore-
casted meteorology, but it has been replaced by 
observed meteorology in the future to separate 
the performance of the proposed models and the 
uncertainties in the forecast process.

Under the concept of the diagnostic prediction 
model proposed in this study, the process of 
diagnosing the current environment and applying 
it to the next time step can vary according to the 
characteristics of the prediction target. To develop 
the diagnostic process with regard to drought 
prediction, the DDPM is derived from Equation 3 
by dividing the equation of time i + 1 with that of 
time i (Equation 4). Equation 5 indicates that the 
DDPM calculates the M/P ratio and multiplies it 
with the next time step of the PDPM result. In this 
case, the fitting error of the DDPM is expressed as 
ei+1 subjected to the term ei, while the fitting 
error of the PDPM is only ei+1. Therefore, the 
relative advantage of the DDPM over the PDPM 
in drought prediction is verified by the fact that 
ei+1 is close to the term ei (Equation 6). The simi-
larity of the two values can be explained by the 
aforementioned temporal autocorrelation of envir-
onmental phenomena because the consecutive 

fitting error are the result of unused environmen-
tal factors. Furthermore, the term ei, which is pro-
portional to the function of SPI 3, can be 
explained by water being a limiting factor for 
vegetation photosynthesis (Chang et al. 2018; 
Karnieli et al. 2010). Even though agricultural 
drought is a result of complex interactions 
between precipitation and various environmental 
factors, limited precipitation is a sufficient condi-
tion to promote vegetation deterioration, which 
results in a magnitude of fitting error variation 
proportional to the function of SPI 3 (Figure 4). 

VCIiá1

VCIi
à fprog SPI 3iá1Ö Ü á eiá1

fprog SPI 3iÖ Ü á ei
; (4) 

VCIiá1 à fdiag SPI 3i; VCIi; SPI 3iá1Ö Ü á eiá1 � ei
fprog SPI 3iá1Ö Ü

fprog SPI 3iÖ Ü

à VCIi

fprog SPI 3iÖ Ü|ÇÇÇÇÇÇÇ{zÇÇÇÇÇÇÇ}
M=P ratio

fprog SPI 3iá1Ö Ü á eiá1 � ei
fprog SPI 3iá1Ö Ü

fprog SPI 3iÖ Ü

(5) 

eiá1 ⇡ ei
fprogÖSPI 3iá1Ü

fprogÖSPI 3iÜ
; (6) 

Figure 3. Concept of the diagnostic drought prediction model (DDPM). (a) An SPI 3–VCI space that leaves a trace of the prognostic 
drought prediction model (PDPM) through the time axis under general conditions, while the monitored VCI may differ with the PDPM 
under specific conditions. (b) A time–VCI space that shows the most recent fitting error (residual) of the PDPM compensating for the 
result of the DDPM.
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3.3. Performance assessment in spatio-temporal 
dimension

In order to validate the performance of the pro-
posed drought prediction models, it is important 
to consider the accuracy in both the spatial and 
temporal dimensions because the model should 
be able to differentiate between the drought 
severities in each area and time. Therefore, in 
this study, the monthly VCI predicted by the 
PDPM and DDPM was converted to a mean 
value of 100 km2 grid units and compared to 
the monitored VCI values. The VCI was averaged 
over a 100 km2 grid to understand the trend of 
spatial agreement between the prediction and 

observation; comparing the drought index at too 
small scale, such as at the pixel level, would 
ignore the overall pattern but only compare 
between the exact same locations, leading to an 
underestimation of the model performance. In 
contrast, comparing the drought indices at too 
large scale cannot estimate the spatial agreement 
or would do so roughly.

The model performance was estimated by com-
paring the monthly root mean squared error 
(RMSE) and coefficient of determination (R2) for 
each model. To estimate the overall performance 
in both spatial and temporal dimensions, the RMSE 
and R2 were calculated once using the spatially 

Figure 4. Scatter plot between the prognostic function of a three-month standardized precipitation index (SPI 3) and its fitting error.

Figure 5. Model evaluation in the spatial and temporal dimensions.
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averaged value for each 100 km2 grid over the 
entire study period. In this case, since the differ-
ence of VCI between each year is much greater 
than that between each area, the evaluation indi-
cators are more likely to be affected by the tem-
poral dimension. Therefore, to estimate the 
performance with an emphasis on the spatial 
dimension, the indicators were calculated again at 
each time step from 2000 to 2018 and averaged 
(Figure 5).

4. Results

4.1. SPI 3 and VCI in Kyrgyzstan

Figure 6 shows the monthly SPI 3 and VCI data calcu-
lated from 2000 to 2018 in Kyrgyzstan. According to 
the results, severe droughts were recorded during the 
growing seasons of 2006, 2008, and 2014 in both the 
SPI 3 and VCI. In addition, the overall patterns of the 
monthly SPI 3 and VCI showed a similar tendency over 
the entire study period. These results indicate that the 
meteorological drought can directly affect agricul-
tural drought.

4.2. PDPM and DDPM

The relationship between the monthly SPI 3 and VCI 
was investigated using the PDPM, as described in 
Equation 3. Through PDPM, the monthly VCI was 
explained by the SPI 3 at the national level through 
the nonlinear model composed of three coefficients 
for each month of the growing season. According to 
the results, the R2 values of the PDPM for May, June, 
July, and August were 0.526, 0.764, 0.597, and 0.670, 
respectively (Figure 7).

According to the DDPM (Equation 5), the impact of 
current surface environments on future drought pre-
diction was diagnosed, and the results of the PDPM 
were calibrated. Figures 8 and 9 show the time-series 
results of the PDPM and DDPM in representative years 
of the normal (2002) and severe (2008) drought con-
dition. The figures represent the (a) SPI 3 in July, (b) 
SPI in August, (c) PDPM VCI in July, (d) PDPM VCI in 
August, (e) monitored VCI in July, (f) monitored VCI in 
August, and (g) DDPM VCI in August. Since the PDPM 
was designed based on the relationship between the 
SPI 3 and VCI, the VCIs predicted by the PDPM had 
similar patterns to those of the SPI 3s. However, the 
results of the PDPM occasionally had different pat-
terns to those of the monitored VCIs, such as those in 
the western and central regions (Jalal-Abad, Osh, and 
Naryn; Figure 8) and western and northern regions 
(Jalal-Abad, Osh, and Bishkek; Figure 9). The differ-
ence between the PDPM result and the actual 
drought in July indicates the effect of environmental 
factors other than the SPI 3; thus, the difference ratio 
of July was multiplied to the PDPM of August in both 
figures to produce the DDPM result. As a result, the 
DDPM prediction showed a pattern much more simi-
lar to that of the monitored VCI than did the PDPM, 
especially in the aforementioned regions where the 
PDPM had high fitting error.

4.3. Model evaluation

To verify the relative advantage of using DDPM over 
PDPM, the model performance was evaluated in both 
spatial and temporal dimensions in a 100 km2 grid 
unit from 2000 to 2018 (Figure 10). According to the 
spatio-temporal evaluation comparing the entire grid 
and time period at the same time, DDPM had higher 

Figure 6. Patterns of meteorological drought (SPI 3) and agricultural drought (VCI) in the period 2000–2018.
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R2 and lower RMSE values than PDPM in every grow-
ing season, with R2 values of 0.310, 0.482, and 0.561 
and RMSE values of 0.161, 0.133, and 0.137 for June to 
August, respectively, while the PDPM had R2 values of 
0.257, 0.305, and 0.327 and RMSE values of 0.171, 
0.150, and 0.163, respectively. The results of the spa-
tio-temporal evaluation are depicted as black lines. 
Both the PDPM and DDPM point in the upper-right 
direction, indicating that although they both succeed 
to predict drought in general, the DDPM showed 
a clearer agreement between the prediction and 
observation. Through the spatial evaluation per-
formed within the grids of each year, the strength of 
the DDPM is highlighted as it shows the extent to 
which the model can differentiate between drought 
severities among regions. The red lines (representing 
the spatial evaluation) of the PDPM are almost hor-
izontal, indicating that it hardly differentiates 
between drought severities at the regional scale. 
Unlike the trend lines of the PDPM, those of the 

DDPM show a relatively consistent upper-right direc-
tion for both the spatial and spatio-temporal evalua-
tions, which implies that the model can differentiate 
detailed vegetation conditions not only between 
each year but also between each area within a year. 
The same effect of evaluation indicators can also be 
identified on scatter plots between the monitored 
and predicted values, which show a dense upper- 
right directional point cloud for the DDPM results 
and a sparse declining point cloud for the PDPM 
results.

5. Discussion

In this study, the VCI prediction results of PDPM and 
DDPM were compared with monitored VCI values to 
validate the effect of the DDPM diagnostic process, 
which complements the PDPM with the latest fitting 
error information. In the case of the PDPM, a nonlinear 
regression model was used to explain the VCI using 

Figure 7. Relationship between the three-month standardized precipitation index (SPI 3) and vegetation condition index (VCI) in the 
prognostic drought prediction model (PDPM).
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Figure 8. Process for predicting the diagnostic drought prediction model (DDPM) vegetation condition index (VCI) in August 2002, an 
example year for normal condition, and its intermediate results.
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Figure 9. Process for predicting the diagnostic drought prediction model (DDPM) vegetation condition index (VCI) in August 2008, an 
example year for severe conditions, and its intermediate results.
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SPI 3 on a national scale. Even though the PDPM uses 
only meteorological data, it recorded R2 values of 
between 0.5 and 0.77 throughout the growing period. 
This result indicates that meteorological drought is 
related to agricultural drought and that rainfall deficit 
is one of the most important factors responsible for 
drought, which is consistent with the results of pre-
vious studies (Haile et al. 2020; Ghazaryan et al. 2020; 
Phuong et al. 2021). However, when the PDPM was 
evaluated in 100 km2 grids, the performance was 
significantly decreased owing to the inability to dif-
ferentiate between drought severities in different 
areas within a year. The reason for such limited pre-
diction in the spatial dimension is that even though 
the PDPM exploits meteorological information that is 
forecasted using multiple advanced models (Cho 
et al. 2019), the meteorological impacts can vary 
because they are linked to environmental 

circumstances at the ground level, such as topogra-
phy, ecosystems, man-made structures, and policy 
management (Feng et al. 2019; Park, Kim, and Lee 
2019). Consequently, the smoothed pattern of the 
PDPM, originating from that of the SPI, did not coin-
cide with the actual agricultural drought, which is 
diversified at the surface level. In contrast, the 
drought prediction results obtained by DDPM were 
similar to the observed agricultural drought condi-
tions on the land surface. The DDPM diagnostic pro-
cess was designed by considering the drought 
reaction to SPI 3 to maximize the calibration perfor-
mance. Under the premise that future fitting error is 
proportional to the current fitting error, DDPM diag-
noses the current fitting error and calibrates the 
results of the PDPM. Therefore, the most highlighted 
difference in the DDPM can be observed in areas 
where the PDPM has high fitting error, such as the 

Figure 10. Comparison of spatio-temporal prediction patterns of the entire study period (black line) and multi-year (red line) trends for 
the prognostic drought prediction model (PDPM) and diagnostic drought prediction model (DDPM) (a–c: PDPM, d–f: DDPM), and 
vegetation condition index (VCI).
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cities of Bishkek and Osh, which are highly populated 
areas where socio-economic systems, such as irriga-
tion, are relatively well sustained (USAID 2018), and 
agricultural drought is more affected by factors other 
than meteorology.

The relative advantage of the DDPM over PDPM, 
especially in the spatial dimension, is highlighted 
when the prediction results are used as basic data 
for disaster reduction. Since decision making is 
a matter of using limited labor force and commod-
ities to maximize the effect, preparing for 
a disaster needs an order of priority. As the 
DDPM can differentiate between the detailed 
drought severity of different areas, capacity build-
ing can be focused on the most vulnerable areas. 
For example, the DDPM approach could be used 
effectively in Central Asia in the mid-latitude 
region, where there is insufficient field data and 
an urgent drought early warning system is 
required. The DDPM can exploit satellite images 
to compensate for relatively imprecise meteorolo-
gical data derived from sparsely distributed 
weather stations. Through the combination of 
drought prediction with drought-related decision 
making, adaptive systems, and disaster early warn-
ing systems, the DDPM could achieve significant 
risk mitigation, set drought risk management stra-
tegies, and help to improve food security (Kogan, 
Guo, and Yang 2019). Recently, United Nations 
(UN) organizations, such as the UN Conventions 
to Combat Desertification and UN Economic and 
Social Commission for Asia and the Pacific, have 
been aiming to support Central Asian countries in 
their efforts to develop drought decision-making 
systems (United Nations Convention to Combat 
Desertification (UNCCD) 2021; United Nations 
Economic and Social Commission for Asia and the 
Pacific (UNESCAP) 2021), and the DDPM could be 
one of the possible solutions.

Moreover, the DDPM can be easily improved under 
the concept of diagnostic prediction models. The pre-
mise of diagnostic prediction models is that the fitting 
error are temporally autocorrelated because they are 
the result of environmental factors that barely change 
over short periods. In keeping with this premise, the 
diagnostic process for estimating the impact of cur-
rent fitting error on the next prediction can be 
improved by applying time-series analyses, such as 
seasonal autoregressive integrated moving average 

(SARIMA), recurrent neural networks (RNNs), and 
long short-term memory (LSTM), and by considering 
drought domain knowledge. In addition, the impor-
tance of improving the inputs and design of the 
PDPM cannot be ignored because the PDPM is not 
only the basis of the DDPM but also a changing force 
from the current status. Although the diagnostic pro-
cess of the DDPM is crucial for achieving accurate and 
precise prediction results, the DDPM only uses data 
from the near past, while the PDPM outlines the 
drought severity based on the weather forecast. 
Increasing the number of weather stations to acquire 
more detailed and long-term meteorological informa-
tion is essential to minimizing the overall uncertain-
ties in the PDPM and thus enhancing the DDPM 
performance.

6. Conclusion

In this study, a DDPM was developed to predict 
agricultural drought in Kyrgyzstan by combining 
a series of earth observation big datasets under 
the concept of diagnosis that exploits fitting error 
information. Therefore, the application of DDPM 
was confirmed to be more effective in improving 
the spatio-temporal predictive performance than 
the PDPM. In particular, while the PDPM recorded 
an acceptable performance in the temporal 
dimension, for June to August, respectively, the 
performance of the DDPM (R2 = 0.27, 0.36, and 
0.4; RMSE = 0.16, 0.13, and 0.13) overwhelmed 
that of the PDPM (R2 = 0.09, 0.10, and 0.11; 
RMSE = 0.17, 0.15, and 0.16) in the spatial dimen-
sion, differentiating between detailed drought 
severity patterns in different regions. This study 
is significant in that it presents a new data fusion 
methodology for predicting future drought that 
combines the advantages of predictability in cli-
mate data and precision in satellite data. As the 
DDPM is able to compensate for the limitation of 
sparsely distributed weather stations by integrat-
ing satellite images, it is expected to contribute to 
the drought preparation decision-making system 
for areas where infrastructure is insufficient. In 
addition, the concept of diagnostic prediction 
models can not only be applied to drought pre-
diction – which results in the DDPM – but can 
also be applied to predict diverse environmental 
variables with advanced model structures and 
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diagnostic processes using varied inputs. 
Therefore, the results of this study will not only 
contribute to agricultural drought adaptation but 
also provide more comprehensive support to 
address environmental and sustainability issues, 
such as establishing policies and action plans rele-
vant to disaster risk reduction and climate change 
reactions for policymakers and technical officials. 
However, when the DDPM is used for climate 
change reactions, it should be considered that it 
is a specialized tool for short-term prediction 
because it relies on temporal autocorrelation 
between adjacent time-series.

Therefore, enhancing short-term adaptation 
capacity with the DDPM and preparing long-term 
adaptation or mitigation plans using climate 
change scenarios should be conducted at the 
same time for a more comprehensive reaction. In 
addition, since the DDPM in this study has been 
applied only in Kyrgyzstan using past meteorolo-
gical data, the effectiveness of the DDPM should 
be verified under more diverse circumstances, 
such as different temperate zones, sub-monthly 
intervals, and using forecasted meteorology.
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