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Abstract

Smallholder farmers are threatened by various vulnerable risks which include hostile
weather conditions, rainfall at odd times, disease outbreaks and the market shocks. Crop
insurance is the only solution to mitigate these risks. Crop yield records are of great importance
to predict the crop yield/area into a region but the developing countries like Pakistan, have
limited availability of crop yield records. Crop Reporting Service (CRS) in Punjab province of
Pakistan has taken this initiative to save crop related data. We obtained the CRS based datasets
of rice crop from (2008-2018) to predict the rice yield/area for the fiscal year 2019. The CRS
based datasets were incorporated in collaboration with remotely sensed dataset to obtain more
accurate results. The spectral responses of rice crop were taken as input to compute
NDVI/RVI values of each year. We applied linear regression to NDVI/RVI and the CRS
based yield to generate regression equations for prediction of rice yield for the year 2019 which
was computed as 2.09 (ton/ha). The area under rice cultivation was estimated using supetvised
classification that was 139616 hectors. The net rice production was estimated as 219797 tons.
Spectral responses of rice crop canopy proved efficient to determine the net productions.

Keywords: Historical datasets; CRS; Disease outbreaks; Regression analysis and Remote
Sensing.
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Introduction:

About half of the wotld’s population is using rice as an essential food/crop [1]. The
major contribution in rice production is obtained from Asian countries. Careful estimates
represent that 90% of global rice production is achieved from China, Pakistan, India and
Indonesia etc. According to a global survey, about 85% of rice farms are owned by farmer
which hold small lands (less than 10 acre) [2]. Such cultivators grow their crops in very
challenging conditions to get targeted productions. A big variety of threats always remain in
rice fields which may degrade the rice yield e.g., hostile weather conditions, water availability
and its application, pest attacks and the inflation in local market which leads to income
insecurity [3].Other hostile conditions include rainfall in odd times, droughts, glacial retreat,
storm surges and a rise in sea level are the major events that act to intensify the risk of yield
degradation [4]. Subtropical regions are mostly hit by these events [5]. The crop phenology
has put huge pressure on small farmers to grow healthy for obtaining sufficient grains which
is enough to cater the weeds of increasing population [6]. Therefore, it is important to estimate
the exact volume of net productions which make a decision maker to construct a concrete
strategy for sustainable development [7,8]. Assessment of precise yield, well in time, is of great
significance to manage all types of food crisis in a good way [9].

The risk of all the challenges discussed above, can be reduced by increasing per hector
yield [10,11,12,13]. Ara —Yield Index Cover (A Y I C) is a promising parameter which assist to
compute net productions with limited available resources [14]. AYIC actually consider the
historic records to estimate per hector yield. The information about historic rice records is
limited in progressing countries like Pakistan, Bangladesh and India which constrains to apply
AYIC [14]. Historic crop records are very important due to their replicable and unbiased
nature that is good to achieve precise estimates of yield by their collaboration with remotely
sensed datasets.

There is a big variety of mechanisms available to estimate the rice yield but the most
appropriate among all methods is to generate a correlation between historic records and
remotely sensed vegetative responses [15]. The basic theme to understood, is to develop a
relationship between the yield and the photosynthetic activity in plants. Various plant related
indices e.g., Normalized Different Vegetation Index (NDVI) and Ratio Vegetation Index
(RVI), are capable to computed the amount of biomass generated in each day during the
growth and development of a crop [16].

Crop information is collected through consecutive field surveys in Pakistan. These
surveys are conducted as a result of joint venture by various departments that include, Crop
Reporting Service (CRS), Punjab Irrigation and Power Department and the Revenue
department. These records are checked and published by statistical department [17]. The CRS
department make public these reports after the harvest of a particular crop.

The main objective of this research was to estimate net rice productions for the fiscal
year 2019 [18]. It also aims at creating a correlation between the spectral responses of rice crop
and the historic records by CRS department.



Material and methods.
Study Area

This research was conducted in Hafizabad in Punjab province of Pakistan [19]. The
study site is famous for production of high-quality rice globally. This region receives penalty
of rainfall in monsoon which is good for rice cultivation. The test site is mapped in Figure 1.
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Figure 1. Study area.
Experimental Design

Figure 2 is showing the flow of methodology used in this research. First, we obtained
spectral bands in red and Near Infrared wavelengths recorded by Landsat for the years 2008-
2018. These bands are useful to compute NDVI and RVI based datasets. A linear regression
was applied to NDVI/RVI values as independent variable and CRS yield/area records as
dependent variables. We computed regression equations to compute the expected yield for
the fiscal year 2019. Supervised classification was applied to extract the rice area which was
validated though ground survey to estimate precise area, which assisted to compute net rice
productions. The flow of methodology used in this research is showing in Figure 2.



Figure 2. Flow of methodology.



Material and methods.

There is a big number of methods available to estimate crop yield. Field surveys are
commonly used to extract crop related information and to evaluate the exact volume of grains.
Consecutive field visits are commonly adopted globally to predict the crop yield [20]. Satellite
technology provides pixel-based monitoring of large spatial extents at very low cost and
somewhere free while using the services of Landsat and MODIS etc. [21]. These satellites
cover large areas with very high temporal resolution which is near to impossible to obtain by
tield visits physically. The spectral responses of crop canopy are captured by various satellite
sensors which are onboard at satellite’s payload. These responses are of great importance to
investigate crop health and the growth index [22].The temporal responses of crop are
evaluated to determine net biomass generated throughout the crop cycle. The spectral bands
collaborate and their combinations provide indices which are helpful to monitor the crop
health in every growth stage. The spectral bands involved in development of vegetative indices,
compare the spectral bands in Near Infrared and red wavelength ranges. It is because of
occurrence of maximum reflectance in Near Infrared (NIR) in comparison to Red.

Commonly used indices include Normalized Difference Vegetation Index (NDVI)
and the Ratio Vegetation Index (RVI) [23]. RVI has capability to filter out vegetative features
only while ignoring the others e.g. snow, water or soil. However, NDVI is commonly used to
evaluate, the growth index. RVI and NDVI can be computed using Equations 1,2 according
to [24].

NDV] = NIR-Red M
NIR +Red
rvi= MR 2
Red

The satellite imagery used in this research, was acquired from United State Geological
Survey (USGS) website for the years (2008 - 2018). We downloaded 33 satellite images for
further processing. Each image consists of various spectral bands. Theses spectral bands were
used to compute vegetative indices. The spatial resolution of these bands was 30 m* having a
temporal window of 16 days. Image acquisition dates were decided by considering the time
span of actual rice practices in the study site. Detailed description of satellite images is listed
in Table 1.



Table 1. Landsat 5,7 and 8 acquisition dates and metadata.

Lmax Lmin
SrNo| Satellite Date Band 3 Band 4 Band 3 Band 4 Solar dr\ngle
1 Landsat 5| 23 Jul 08 264 221 -1.17 -1.51 63.24
2 Landsat 5| 25-Sep-08 264 221 -1.17 -1.51 50.33
3 Landsat 5| 28-Nov-08 264 221 -1.17 -1.51 32.57
4 Landsat 5| 10-Jul-09 264 221 -1.17 -1.51 65.05
5 Landsat 5| 12-Sep-09 264 221 -1.17 -1.51 54.66
6 Landsat 5| 15-Nov-09 264 221 -1.17 -1.51 30.59
7 Landsat 5| 27-Jun-10 264 221 -1.17 -1.51 66.41
8 Landsat 5| 30-Aug-10 264 221 -1.17 -1.51 57.89
9 Landsat5| 2-Nov-10 264 221 -1.17 -1.51 39.61
10 | Landsat5| 1-Aug-11 264 221 -1.17 -1.51 62.71
11 | Landsat5| 18-Sep-11 264 221 -1.17 -1.51 53.02
12 | Landsat 5| 13-Nov-11 264 221 -1.17 -1.51 36.99
13 | Landsat7| 10-Jul-12 234 241 -5 -5 66.25
14 | Landsat 7| 28-Sep-12 234 241 -5 -5 50.86
15 | Landsat 7| 15-Nov-12 234 241 -5 -5 36.48
Additive B4 i Additive B5 | Elevation 0
B4 B5
16 | Landsat 8| 19-Jun-13 0.00002 -0.1 0.00002 -0.1 68.65
17 | Landsat 8 | 23-Sep-13 0.00002 -0.1 0.00002 -0.1 53.19
18 | Landsat 8 | 26-Nov-13 0.00002 -0.1 0.00002 -0.1 34.46
19 | Landsat 8 | 22Jun-14 0.00002 -0.1 0.00002 -0.1 68.62
20 | Landsat8| 26-Sep-14 0.00002 -0.1 0.00002 -0.1 52.29
21 | Landsat 8 | 29-Nov-14 0.00002 -0.1 0.00002 -0.1 33.82
22 | Landsat 8 | 25-Jun-15 0.00002 -0.1 0.00002 -0.1 68.35
23 | Landsat8 | 29-Sep-15 0.00002 -0.1 0.00002 -0.1 51.28
24 | Landsat 8 | 2-Dec-15 0.00002 -0.1 0.00002 -0.1 33.33
25 | Landsat 8 | 27-Jun-16 0.00002 -0.1 0.00002 -0.1 68.43
26 | Landsat 8| 1-Oct-16 0.00002 -0.1 0.00002 -0.1 50.46
27 | Landsat 8| 4-Dec-16 0.00002 -0.1 0.00002 -0.1 32.88
28 | Landsat8| 14Jun-17 0.00002 -0.1 0.00002 -0.1 68.42
29 | Landsat8| 18 Sep-17 0.00002 -0.1 0.00002 -0.1 5222
30 | Landsat 8 | 21-Nov-17 0.00002 -0.1 0.00002 -0.1 31.78
31 | Landsat8| 1Jun-18 0.00002 -0.1 0.00002 -0.1 67.85
32 | Landsat8| 5 Sep-18 0.00002 -0.1 0.00002 -0.1 50.82
33 | Landsat 8| 8-Nov-18 0.00002 -0.1 0.00002 -0.1 31.12




Scan Line Corrector (SLC) is an important instrument mounted on satellite payload to
remove the back-scatter line automatically from satellite images [25]. SLC mounted on Landsat
7, stopped working on May 31, 2003 therefore, all the images produce after this date had
missing data strips [26]. A careful estimate described that a complete satellite image had 22%
data missing within a swath of 185 km” We recovered the missing data by its comparison with
google earth historical imagery on visual interpretation basis using, nearest neighbor technique
in Erdas Imagine 14.

In the next, we performed geometric corrections. Geometric correction is the
preprocessing phase which is significant to perform to achieve precise results during geometric
measurements [27]. Geometric correction is a comparative study of spatial location of a
geographic feature mapped in satellite imagery in comparison to its actual location in real
world.

To do so, we marked major land marks e.g. road intersection points, large area
buildings and the water body for cross matching these locations using Differential Global
Positioning System (DGPS). Computation of Top of Atmosphere (TOA) reflectance is
preprocessing phase which is essential to obtain noise free image. Removal of atmospheric
noise is significant to get precise results [28]. Computation of TOA return more precise results
as compared to atmospheric corrections. The mechanism to compute TOA reflectance is
different for different satellites. The procedure to compute TOA is described in equations 3,4

as below
Li= (Lm—?x)(Qmax—Q min) +Lmin A 3)
Lmin
2
_ zLAd @
ESUN ACosé@

Where L and L, are spectral radiances. Qmaand Quma are representing the quantized
digital number, L. is irradiance recorded in w/m?’srum, d is distance from earth to sun and 6 is
solar angle measured in degree decimal.

The algorithm to compute TOA for Landsat 8 is described in equation 5,6 as below.
B4T()A Reflectance — (2X675XB4)—0.1 /Sln (e*ﬂ:/l 80) (5)
Bs1oa Refiectance = (2x€°xBs)-0.1/Sin (e*n/180) (0)

Crop related historical reports are important products of CRS department which
provide mainly two types of information e.g., yield, (kg/ha) and area (km?). We obtained the
annual yield and the rice area for the years from 2008 to 2018 from CRS reports and
incorporated this stuff with remotely sensed spectral responses [25].

To extract the satellite derived rice area for the years (2008-2018), we prepared a
composite of 15 spectral bands for each year e.g., the spectral bands which contributed in the
composite, prepared for the year 2008 was comprised of (5 spectral bands of June 2008, 5



band of September 2008 and 5 bands of November 2008). The layer staking is drawn in Figure
3.
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Figure 3. A composite containing 15 spectral bands.

This composite is useful to extract detailed information about LLand Use Land Cover
(LULC) existing in the study site. For accuracy assessment, we applied an elegant indicator,
Root Mean Square Error (RMSE) which can be computed using the expression as below.

RMSE = /Zw ™)

Where pi and O1 are predicted and observed values. A value “RMSE=0" is considered ideal
[15]. The exaggerations (over/under estimations) may be computed by RMSE. It is also used

to determine potential biomass [29].
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Results and Discussions

The annual variations in NDVI are mapped in Figure 4 using spectral bands in red and near

Infrared wavelengths.
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Figure 4. Variations in NDVI for the years from 2008 to 2018.

To compute vegetation indices, we selected the Landsat images for the month of September
only because the rice crop reflect maximum in near infrared range in the month of September.
The computed NDVI and RVI are listed in Table 2 along with CRS reports yield values.




Table 2. NDVI/RVI values for the complete study period

Year RVI NDVI CRS Yield (ton/ha)
2008 3.02 0.65 1.78
2009 3.2 0.67 1.86
2010 3.42 0.68 1.97
2011 4.1 0.682 2.01
2012 4.06 0.72 2.1
2013 3.53 0.7 1.99
2014 4.32 0.73 2.12
2015 4,42 0.74 2.13
2016 4.5 0.75 2.2
2017 4.62 0.73 2.12
2018 4.71 0.72 2.13

We applied a linear regression model to annually computed NDVI values against the

CRS reported yields and mapped the results in Figure 5.
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Figure 5. Linear regression between annual NDVI and CRS reported yield.

Figure 5 is showing a fair relationship between both variables with coefficient of

determination R*= 0.92 with a regression equation as below,

y = 3.85706x - 0.6883

(®)

Where ‘y’ and <’ are satellite derived yield and the NDVI respectively.

Again, a linear regression was applied to annual RVI values against the crop related

yield and mapped the result in Figure 6 which is showing a strong relationship between both
of variables with coefficient of determination R*=0.86 as below,
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Figure 6. Linear regression between annual RVI and CRS reported yield.

A regression equation based on RVI was generated to compute satellite derived RVI
values for upcoming year 2019.

y = 0.2007x + 1.2362 )

Where ‘v’ and %’ are satellite derived yield and the RVI respectively. We computed the
satellite derived yields by substituting annual NDVI and RVI values in Equations 8,9 and the
results are listed in Table 3 as below

Table 3. Satellite derived annual yield values.

Satellite Derived Satellite Derived

Year RVI Yield NDVI Yield
2008 1.84 1.82
2009 1.87 1.90
2010 1.92 1.93
2011 2.06 1.94
2012 2.05 2.09
2013 1.94 2.01
2014 2.10 213
2015 2.12 217
2016 214 2.20
2017 2.16 213

2018 2.18 2.09




To choose an appropriate yield equation, we applied a linear regression to both of yields listed
in Table 3 and mapped the results in Figure 7.
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Figure 7. Linear regression applied to satellite derived NDVI and RVI values.

We found both of yields highly correlated with coefficient of determination R®
=0.8323. This R* allowed us to choose any one of regression Equation (8 or 9) to predict the
rice yield for upcoming year 2019. We selected NDVI based Equation 8 to estimate yield
because NDVI is more reliable and widely used index, however, RVI is used to discriminate
land cover feature e.g., water, soil and snow. The RMSE was estimated as 0.21 which is ideal
and show the accuracy of the model.

Area Estimation

The spatial extent of rice area for the years (2008-2018) was delineated using
supervised classification and mapped the spatial extent of rice cultivations in Figure 8. It was
impossible to discriminate between various types of vegetative species planted in the study site
using supervised classification therefore, we used spectral library and cross matched the
spectral responses of grass, rice, sugarcane and Jawar to filter out the rice area precisely. We
found that the study site remained under rice cultivation extensively and the weight of non-
rice vegetation was less than 1% throughout the study period. Spatial extent of the area under
rice cultivation is mapped in Figure 8.



31°45'0"N_32°0'0"N 32°15'0"N  31°45'0"N 32°0'0"N 32°15'0"N 31°45'0"N  32°0'0"N 32°15'0"N

2016

2017

2018

73°15'0"E 73°45'0"E

- Rice Area

0
- Non Vegetative Area |

73°15'0"E

73°45'0"E

1 1

73°15'0"E
1:430,000

73°45'0"E

120 Kilometers
|

Figure 8. Spatial extent of rice area for the years from 2008 to 2018.

The satellite derived rice area was computed for the years from 2008 to 2018 and listed the

results in Table 4.

Table 4. CRS Vs satellite derived area.

CRS Area Satellite
Year (ha) Area
2008 130000 133226
2009 126230 129269
2010 127100 129320
2011 126300 128230
2012 128700 131700
2013 132700 134621
2014 123024 126230

A




2015 131522 134512

2016 129499 131355
2017 136379 138295
2018 139616 141795

We compared the satellite derived areas with CRS reported areas and observed
exaggeration in satellite derived area which may be due to the coarse resolution of Landsat
imagery which we used in this research. On investigation, we found that Landsat imagery had
considered some non-vegetative features in account of rice areas, and such situation was
mostly observed for rice plantations along roadside. However, the products of other high-
resolution satellites such as Geo-Eye, Quick Bird and World View may provide more accurate
classification results but we will have to bear high cost for purchase of such imageries which
is uneconomical for large spatial extents.

A linear regression was applied to both of areas CRS reported rice area and the satellite
computed rice area and mapped the results in Figure 9. We found a strong relationship
between them with coefficient of determination R*> = 0.94. A regression equation was also
generated as to predict the rice area for the year 2019 as below,

y = 0.9478x + 9293.7 (10)

Where ‘y’ and <’ are CRS and satellite derived areas respectively
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Figure 9. Satellite derived verses CRS reported rice areas.

We acquired a Landsat 8 image of Sep 2018 and extracted the spatial extent of rice
area through supervised classification. The total rice area of study site was estimated as 141795
ha. To get rice area more precisely, we conducted a field survey along with survey officer using
GPS. Ground Control Points (GCPs) were adjusted at various remote locations which were
not recognized easily on satellite images. Many of these locations were found near to human



settlements. The accuracy of supervised classification was observed as 89%. Maximum
accuracy of supervised classification can be acquired up to 92% [30]. The satellite derived rice
area as substituted in equation (10) to predict the CRS reported area which was 139616 ha.

To predict the rice yield for upcoming year 2019, we computed the NDVI of same
image which was 0.72. This value of NDVI was substituted in Equation (8) to estimate rice
yield which was 2.09 (ton/ha). Finally, the net rice production was predicted as 291797 Ton
by taking a product of rice area and the yield.

Conclusions

The significance and reliability of historical datasets is explained in this research. Actually, it
is a joint venture of remotely sensed datasets with historical datasets. A simple flow of
methodology is discussed in this research which is applicable to all the crops to get precise
estimates.
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