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Abstract— Natural and complex climate disasters like
drought have a number of underlying causes that are observed
over timescales ranging from months to years. Sustaining
natural resources for farming necessitate drought management
plans wherein drought prediction is becoming powerful and
flexible with intelligent techniques. It has been proved that
machine learning and deep learning techniques are successful
for drought prediction. Usage of ensemble hybrid intelligent
learning algorithm is available for groundwater and gully
erosion modeling but rarely emphasized for drought prediction
in the literature. This paper discusses ensemble of
Convolutional Neural Network (CNN) and Barnacles Mating
Optimizer (BMO) to enhance the efficiency of a CNN model
for drought prediction. The input for the proposed ensemble
learning model includes the indices Normalized Difference
Vegetation Index (NDVI), Soil Adjusted Vegetation Index
(SAVI), Atmospherically Resistant Vegetation Index (ARVI)
and Enhanced Vegetation Index (EVI), which are calculated
from satellite data taken for Kolar regions of Karnataka.
predicted drought is classified into low drought, moderate
drought and severe drought, based on the NDVI value.
Improved results are observed.

Keywords—Drought indices, Drought prediction,
Convolutional Neural Network and Barnacles Mating Optimizer

I. INTRODUCTION

An intense and persistent lack of precipitation in a
specific region causes a weather-related natural disaster
called drought, which is propagated through the entire
hydrological cycle as shown in figure 1. The land in that

Low humidity, less cloud cover, high
temperature, high wind cause increase in
evaporation as well as transpiration

Meteorological drought (degree of
dryness.) - Precipitation deficiency:
groundwater discharge, deep percolation
infiltration, runoff reduction

Soil water deficiency increases

Y
[ Agricultural drought ]

Plant water stress, reduced

biomass and yield .

Hydrological drought - reduced streamflow,
inflow to reservoirs, lakes, and ponds;
reduced wetlands, wildlife habitat loss

Fig. 1. States of drought in a region
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region loses its fertility, thus impacting the natural and
socio-economic environments. The events shown on arrows
in Figure 1 change the flow/state of the drought.

More than 100 indices can be computed based on
various factors for checking severity, location, duration of
drought for early warning to the operators to devise
contingency plans. This paper uses satellite data as input.
The indices that can be computed from satellite data include
Enhanced Vegetation Index (EVI), Evaporative Stress Index
(ESI), Normalized Difference Vegetation Index (NDVI),
Temperature Condition Index (TCI), Vegetation Condition
Index (VCI), Vegetation Drought Response Index
(VegDRI), Vegetation Health Index (VHI), Water
Requirement Satisfaction Index (WRSI), Land Surface
Water Index (LSWI), Normalized Difference Water Index
(NDWI), Soil Adjusted Vegetation Index (SAVI),
Standardized Anomaly Index (SAI).

NDVI monitors the health of vegetation with high spatial
coverage. Data continuity, sensor variations, community
acceptability, and data maintenance are some of the
challenges in using NDVI. TCI determine temperature-
related vegetation stress. It measures local and wider region
drought. The weakness of TCI is calculated on a weekly
timescale which cannot account for the day of the year
and/or time of day. Along with NDVI and TCI, VCI is used
to measure agricultural drought. VCI predict onset, duration,
and severity. It does not indicate cloud contamination and
shortage of historical data.

Accurate and timely drought prediction can help to take
decision. This paper discusses the ensemble learning used
for drought prediction based on NDVI, SAVI, ARVI, and
EVI. Computation of various indices uses spatial data and
CNN  techniques. The proposed learning method
performance and its ability to achieve drought prediction
accuracy is measured.

The current scenario involves the Drought Management
Group that constitutes to coordinate the efforts to deal with
drought in various states. National Agricultural Drought
Assessment and Monitoring System (NADAMS) use
rainfall data for near real-time information on drought
prevalence, its severity level and its perseverance. ISRO has
developed drought assessment system based on remote
sensing-based techniques especially for crop yield. This
system uses rainfall data, dry spells, and crop indices.
Mabhalanobis National Crop Forecast Center (MNCFC) uses
it regularly. In addition to many other indicators,
comparison of these conditions is made with respect to
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normal and previous years as one of the assessment
parameters.

Drought assessment includes drought pattern analysis
which helps to monitor drought for early warning or future
drought prediction. This helps to control or mitigate the
drought causes in a particular sector/ecosystem, including
water management, agriculture, and dam utilization.

The organization of this paper is as follows. Section II
discusses the literature review on the techniques used for
drought prediction. Section III explains the proposed
methodology wherein the ensembled model design is
elaborated. Section IV discusses the experimental result
based on the developed hybrid model. Finally, Section V
concludes the proposed hybrid model.

II.  LITERATURE SURVEY

For the first phase of the literature survey for this work,
we focused on papers, texts, journals and articles that clearly
defined agricultural drought, the causes and effects of such a
calamity. These papers gave us a concise enough
understanding of how drought affects every aspect of human
life, livestock and the economy of our country. Interpolation
of climatological data was used to predict drought, but the
advent of machine learning and the advancements in data
science facilitate drought prediction with greater precision
based on classification and regression methods. The
availability of long-range data for drought prediction
enhances the capability over interpolation of climatological
data. In this section, research articles on agricultural drought
using satellite image processing are discussed to understand
the patterns of drought and the methods used to predict
drought using satellite data. Table I shows the various
techniques used for drought assessment. A few of the
techniques used include Convolutional Neural Network
(CNN), CNN variants like AlexNet, VGGNet, Random
Forest (RF), Random Forest Regression (RFR), Support
Vector Machine (SVM), Multilayer Perceptron (MLP),
MLP neural network (MLP-NN), Deep Belief Network
(DBN), Support Vector Regression (SVR), Empirical Mode
Decomposition (EMD), Deep forwarded neural networks
(DFNN), Distributed Random Forest (DRF), Gradient
Boosting Machine (GBM), Artificial Neural Networks
(ANN), Decision Tree (DT), Classification and regression
tree (CART), Remote Sensing (RS), Geographic
Information System (GIS), Least Squares SVR (LS-SVR),
Boosted Regression Trees (BRT), Multivariate Adaptive
Regression  Splines (MARS), Flexible Discriminant
Analysis (FDA).

It is observed that intelligent drought prediction model
involves five processes - data collection, feature selection
from dataset, prediction of drought, ensembling,
performance evaluation and tuning the performance
parameters.

Quality and quantity of collected and prepared data
impact the drought accuracy. This prepared data using data
preprocessing is given as input for selecting features of
drought. This paper used satellite images-based dataset.
Satellite images are easily available from ISRO satellites.
Weather parameters-based drought prediction requires

supercomputers. To collect weather data from earth, which
is vast, requires a complex or high-resolution system.
Satellite image-based prediction does not require
supercomputers. Machine learning models require massive
historical data for accurate drought prediction. High
resolution satellite images without cloud contamination
remains a challenge.

The selected feature helps for drought indices
computation. Classification accuracy can be improved by
feature selection, which also reduces processing time. The
selected features are used in drought prediction models,
where intelligent techniques such as ANN, CNN variants,
fuzzy, RF etc. are used. It is observed in other areas of
research that usage of more than one machine learning
algorithm improves accuracy. The ensembling step
ensembles machine learning model with other intelligent
models.

TABLE 1. TECHNIQUES USED FOR DROUGHT ASSESSMENT
Paper Technique used Result
[1] CNN 96% - needs multiclass

classification

(2]

CNN, AlexNet,

very minimum loss

Soil moisture
assessment, Drought
Intensity
Classification

VGGNet
[3] Meteorological Satellite image-based indices
Drought Identification, | useful for agrometeorological

drought assessment

(4]

bias-corrected RF,
SVM, and MLP-NN

The bias-corrected RF model
outperformed other two
models.

(5]

DBN, MLP and SVR

Highest coefficient of
determination and
lowest RMSE and MAE

[6] EMD, DBN Improved accuracy
[71 ILWIS 3.6 Strong relationship between the
recorded RF data and the
NDVI values
[8] DFNN, DRF and DFNN model outperformed
GBM both of the other models

ANN, SVR, DT, RF

Higher accuracy than the other
three algorithms.

CART

Vegetation stress prediction in
drought years.

GIS, ArcScene tool of
Arc-GIS

NDVI and rainfall - highly
correlated.

SVR, LS-SVR, RFR

SPI- dependable measure of
drought

CART, BRT, RF,
MARS, FDA, and
SVM

RF model - highest accuracy

Drought Index

EDI network model
outperforms the SPI model

III. METHODOLOGY

The proposed ensemble learning model using CNN and
BMO considers four indices computed from preprocessed
satellite images for drought prediction in the Kolar region of
Karnataka. The study area is part of Karnataka state in India,
specifically, Kolar district, which is located between north
latitude 130 02° 03” and 130 19°11” and east longitude 770
56’ 02” and 780 13* 02”. Satellite image data, AwiFs
Landsat 8 from 2007 to 2018 is obtained from National
Remote Sensing Centre (NRSC) in the areas of Kolar, which
are in the form of bands.
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The satellite images are uploaded to the database, from
where they are acquired and preprocessed. The processed
images are used to calculate the indices, which are then
saved back into the database. The calculated indices are fed
to the CNN model along with BMO to predict the output.
The CNN model is built using the weights from the bio-
inspired algorithms and satellite images.

The proposed methodology is illustrated in Figure 2 with
S-steps flow. The steps are as follows:

1) Data collection: Each image has 4-bands of same row
and columns in raster format, which is converted as database
object (png format) using Rasterio’s open() function from
python library as shown in Figure 3.

2) Drought indices computation: Green vegetation in
near infrared (NIR) and red vegetation in the spectrum
(RED) are used. Atmospheric scattering effect with respect
to red reflectance spectrum is considered in blue wavelengths
(BLUE) for computation of ARVI. EVI considers
atmospheric influences as well as soil background signals.

3) Dataset preparation: Total 200 images were collected
for which indices are computed and stored in database. This
indices database is divided into two parts training (70%) and
testing (30%).

4) Ensemble model: The computed indices are taken as
the initial population for the bio-inspired algorithms -BMO.
The best fit population is generated and that population is fed
as the input to the CNN model. The output is predicted for
each image and drought is classified into low drought,
moderate drought and severe drought, based on the NDVI
value calculated for that image.

5) Performance Analysis: The performance of the
ensemble model is analyzed in terms of accuracy,
convergence time and loss.

(Data collection - Gathering satellite images from
AwiFs Landsat 8 satellite image data. Converted to
database object

\.

i

@dices computation - Database object image is \
processed using CNN for indices computation.
Store the indices in database for drought prediction

e SAVI
e ARVI

\. EVI ll /

(Dataset preparation - Preparing 70% training
dataset and 30% testing dataset

| J

4

(Ensemble model - develop CNN and BMO based )
model using training dataset
|

U

(Performance analysis - run and verify the
performance of the developed ensemble model

\ J

Step-5

w2
Z Z
3 T,
s

Fig. 2. Flow of event in the proposed ensemble model

Satellite Image Data

Band 2- Band 3- Band 4- Band 5-
GeoRaster GeoRaster GeoRaster GeoRaster
Format Format Format Format

Fig. 3. Satellite Image Bands - rows and columns

The timeline and activation of events for Drought
Prediction Model is shown in Figure 4. To execute these
functionality, various data is passed from one function to
another. The flow of this data is shown in Figure 5.

CNN Model
with Bio-
Data pre- Calculation inspired Output of
processing of Indices Algorithms the model
Y Load Normalized
images images
Prediction
and Output
Save the
indices
) Load
Database L—J Indices L— L L

Fig. 4. Timeline of Drought Prediction Model

Satellite
images

2o, g
Data pre-
processing

“NN-Bioinspired
Algorithm

CNN with Bio
Inspired
Algorithms

Calculation Calculated
of indices ndices

<

Output

N

o)

Model
Prediction
rd e
Severe
(e
drought

Fig. 5. Various data used for Drought assessment

The classes designed for drought assessment are given in
Figure 6.

Data pre-processing Calculation of Indices CNN Model With Bioinspired Technique
+satellite Images +NDVI +Calculatedindices
+NormalizationOfData() +SAVI +LoadingIndicesToCNNAIgorithm()

+ARVI iowel NNBasedOnBiolnspiredAlgorithm()

> v > comparisonofResult)

+DeterminingNDVIValues()

+DeterminingSAVIValues()

+DeterminingARVIValues()

+D )

+savingD:

OutputOfTheModel

~OutputOfTheCNNModel
“PredictionOfOutputOfimages()
~MultiClassify()

Fig. 6. Classes for Drought assessment
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The indices calculation procedure is depicted in Figure

Pre-processed data

7.

Determine
NDVI Values

Determine
SAVI Values

Determine Determine EVI
ARVI Values Values

I NDVI ] | ARVI ‘ | EVI

| SAVI |

Save the indices in the Excel Sheet

Excel Sheet
Save in Database

Save in database

o CNN Model with Bio Inspired Algorithms

Fig. 7. State Diagram for Drought indices computation

The image’s raw pixel data is given as input to CNN
model to extract image features automatically. The image
features are further classified for further analysis. AS CNN
reduces the developer’s effort towards feature extraction, it
is used in the proposed drought prediction as the intelligent
technique. The initial weight is randomly allocated in
CNN, which may affect performance.

Bio-inspired techniques help to achieve near-optimal
solutions to large-scale optimization problems, which is an
emerging approach based on biological evolution of nature.
These are stochastic search techniques which are
developed to achieve near-optimal solutions to large-scale
optimization problems. The Barnacles Mating Optimizer
algorithm is used to optimize the weights for the CNN
model.

We load the calculated indices from the database and
initialize the population for BMO with the indices as shown
in (1). We use the standard F3 fitness function to calculate
the fitness values.

NDVI SAVI EVI ARVI
xioxf xf xi’l

X= (1)

Xn Xp Xp Xp

The BMO algorithm is implemented as follows:

Set n=24

Set max_iterations=100

Initialize the population of barnacle X;

Calculate the fitness of each barnacle

Sorting to locate the best result at the top of the
Population(T=the best solution)

Take pl as the length of the barnacles’ penises

q is the normal distributed random number and q = 1-p.

while (I< max_iterations)
Set the value of pl=7
Using the following equations Selection is done:

barnacle_dad = randperm(n)
barnacle_mum = randperm(n)
if selection of dad and mum < pl
for each variable
Using given equations generate the offspring:
XM = X varnacte dad + G5 barnacte mum JOT k< pl
end for
else if selection of dad and mum > pl
for each variable
Using given equations generate the offspring:
X" = rand() X x", barnacte mum JOU k> pl
end for
end if
Bring the current barnacle back if it goes outside the
boundaries
Calculate the fitness of each barnacle
Sort and update T if there is a better solution
I=l+1
end while

We classify the drought based on the NDVI values
calculated and the predicted output of the image from the
previous model, as depicted below:

Begin
Take the predicted output of the image from the CNN model.
Classify the severity of drought based on the NDVI values.
ForEach ndvi value i begin

ifi> 0.9 then

class[i] = ‘Low’

elseifi < 0.9 andi> 0.5 then

class[i] = ‘Moderate’

else

class[i] = ‘Severe’
Display the results
End

The calculated indices extracted from the satellite data
have been fed to the bio-inspired algorithms and the best fit
population calculated by them has been taken as the initial
weights for the CNN algorithm. The output for the images
has been predicted and classified into low drought, moderate
drought and severe drought.

IV. EXPERIMENTAL RESULTS

For the CNN model, the accuracy was below 90% but
during testing, the accuracy of the model was found to be
91%. The loss was found to be more during training the
model. We can see that the loss of the model decreased to
less than 0.1 during testing. The two graphs are shown in
Figure 8 and Figure 9.

The accuracy of the ensemble model during training was
close to 92%. During testing of the model, the accuracy
increased to 94%. The model loss was high during training
close to 0.30 and was close to 0.20 during the testing phase.
The accuracy using F3 was found to be the most (94%). The
two graphs are shown in Figure 10 and Figure 11.
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Fig. 11. Loss of CNN with BMO

The multi-classification of drought was done into the
categories- Low drought, Moderate drought, and Severe
drought. The values of NDVI used for this classification are
as follows. (1) Values above 0.9 are classified as chances of
low drought. (2) Values between 0.9 and 0.5 are classified
as chances of moderate drought. (3) Values below 0.5 are
classified as chances of severe drought. It is depicted in
Figure 12.

Image Name Classification
drought.0.png
drought.1.png 2 1.5700
drought.2.png 0.7¢ y 25.0000 Moderate
drought.3.png 19.1¢ 921 : 0 Low
drought.4.png 24 963 37.4832 Moderate
drought.5.png 50 21.0000 Low
drought.6.png 26.78 6.3300
drought.7.png 4 6.26 0 51.0000 Low
drought.8.png 9 125.0000 Low
drought.9.png 00 82 14.0000 Low
drought. 10.png 0.88 k 25.0000 Moderate
drought.11.png 088 < ) Moderate
drought.12.png 3 20.3 25 Low
nodrought.0.png ) 2 4 3.8 37.4832 Low

nodrought.1.png ) 2483 000 3033 Low

nodrought.2.png 526 26.00 99.0000

nodrought.3.png 808 9214 490000

Fig. 12. Drought classification using NDVI

The results were analyzed considering all the four
indices (NDVI, SAVI, EVI, ARVI). The accuracy of the
model was found to increase, and the time taken to run the
model was found to decrease when BMO was integrated
into it. They are tabulated in Table II.

TABLE II. COMPARISON OF ALGORITHMS
Model Accuracy Time Taken Time Taken
(Epochl) (Epoch2)
CNN 091 16s  3s/step | 2s  2s/step
CNN with BMO 0.94 3s  2s/step | Os  46ms/step

V. CONCLUSION AND FUTUREWORK

With this study, an ensemble model of BMO and CNN
for drought assessment was presented. Different types of
drought indices and their relationship were used.
Drought prediction using the proposed ensemble
approach is not new but unique for drought prediction
using satellite images. The developed hybrid model based
on deep learning and bio-inspired BMO algorithm improved
the accuracy and time taken to run the model is found to
decrease. The output was predicted for each image and
drought was classified into low drought, moderate drought
and severe drought, based on the NDVI value. For the
standalone CNN model, the accuracy was 91% while for the
CNN with BMO model it was found to be 94%.
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For future research, other machine learning techniques
could be employed, or a hybrid mode based on different bio-
inspired algorithms could be implemented with the goal of
increasing the efficiency of the model even further.
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