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Prediction of potato high-yield zones of a field:
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Bivariate frequency ratio (BFR) technique was
employed to determine high-yield zones in a 30 ha
potato (Solanum tuberosum L.) field located in WadiAd-Dawasir, Saudi Arabia. BFR was performed by
inputting selected yield tendency factors (YTFs) and
potato actual yield (YA). The YTFs were NDVIderived from Sentinel-2 images, soil electrical conductivity, nitrogen, pH and texture. The obtained yield
tendency map (YP) was assessed against YA using the
area under the curve metric. Although low accuracy
(41–58%) was observed with the individual YTFs,
high-yield zones were determined with an accuracy of
90% using the cumulative response of YTFs.
Keywords: Bivariate frequency ratio, potato field, soil
parameters, yield prediction.
SPATIAL variation of crop productivity within a field is
usually a result of soil properties and crop response. Identifying the most likely causes of crop yield variability and
exploring the magnitude of variation within an agricultural field can greatly help in achieving effective site-specific
management in accordance with agro-meteorological systems1–8. On the other hand, soil physico-chemical properties can vary within sub-metre scales9. Some studies have
reported that variation in the concentration of soil properties within the field leads to spatial variability in crop
yields10,11. Soil parameters such as soil electrical conductivity (EC), pH, nutrients, compaction and bulk density
are considered as major fluctuating yield tendency factors
(YTFs) responsible for spatial variation of yield12–15. Previous studies have discussed management strategies for
improving the resources and optimizing crop production14–17.
The use of geo-spatial techniques in the assessment of
yield spatial variability and its effect on crop yield has
been well discussed6,18,19. Knowledge on the effect of
YTFs, collectively and individually, on the performance
of an agricultural crop can elucidate the reason for spatial
variation in crop productivity20. A method that is proposed to assess yield tendency should be based on inde*For correspondence. (e-mail: rmadugundu@ksu.edu.sa)
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pendent parameters that are correlated directly or indirectly with the spatial variation of crop yield21.
Bivariate analysis, a statistical analysis technique,
helps in the quantitative assessment of susceptibility/
tendency of occurrence of events by calculating the
weight of each individual class of event factors22,23. One
of the most popular bivariate approaches is the frequency
ratio (FR)24, which has greater rigour compared to other
bivariate techniques23,25. The area under the curve (AUC)
is one of the most important metrics for evaluating the
performance of any classification model26,27. Suzen and
Vedat28 succeeded in mapping the tendency by examining
independent and dependent factors, and their contribution
to bivariate frequency ratio (BFR) statistics.
The present study was aimed to (i) determine highyield tendency zones of a potato (Solanum tuberosum L.)
field using the BFR technique by assessing the spatial
correlation between selected YTFs and actual potato yield
(YA), and (ii) assess the accuracy of the generated highyield tendency map using the AUC analysis tool.

Study area
The study was conducted on a 30 ha centre-pivot irrigated
field in a farm belonging to the Saudi Agricultural
Development Company, Wadi-Ad-Dawasir, Saudi
Arabia, between 19.90° and 20.33°N lat., and 44.81° and
44.95°E long. (Figure 1). Temperature in the study site
ranged from 6°C (winter) to 43°C (summer). The relative
humidity was normally stable at 24%, while average wind
speed was 13 km/h and the mean annual rainfall was
about 37.6 mm (refs 29, 30). The major cultivated crops
in the study farm were potatoes, maize, durum wheat,
watermelon and alfalfa.

Field data
Potato crop was cultivated from November 2016 to
March 2017 with a density of 4–5 plants/m2. The GPS
(Trimble GeoXH 6000)-assisted soil samples and potato
yield (YA) were collected from 120 sampling locations
(Figure 1), 2–3 days prior to the harvest of potatoes.
Sampling was performed for the entire experimental field
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Figure 1.
Table 1.

Location of experimental field overlaid by the sampling grids.

Details of the sensor used and the images acquired

Sensor
Sentinel-2A-T38QMH
(orbit no. 49)

Date of pass

Crop age (days)

17 December 2016

30

27 December 2016
6 January 2017
16 January 2017
26 January 2017
5 February 2017

40
50
60
70
80

using a 50 m × 50 m grid. Each sample consisted of five
sub-samples (i.e. one from the centre of the grid and the
remaining four from the corners of the grid at a distance
of 15 m). The soil samples (0–15 cm) were collected
using a manual auger (SA6210C, with 62 mm bit diameter and 1.0 m steel rod length). In case of potato yield,
potato tubers were harvested over an area of 3 sq. m at
each sampling location. The collected potato samples
were weighed (fresh weight) and converted to ordinary
yield units (tonne/ha). Soil samples were air-dried, sieved
and analysed for selected YTFs (soil nitrogen-N, pH,
CURRENT SCIENCE, VOL. 119, NO. 6, 25 SEPTEMBER 2020

electrical conductivity (EC) and texture). The soil N content (mg/kg) was determined in the laboratory using the
Kjeldahl method31, and soil pH and EC were measured
using the pH/conductivity meter (Mi805). Soil texture
was determined by the hydrometer method32.

Satellite data and image analysis
Six cloud-free Sentinel-2A images were downloaded
from the USGS portal (https://earthexplorer.usgs.gov/)
corresponding to potato cultivation (Table 1). The Q-GIS
(Ver. 2.18) software was used to perform image analysis.
Initially, Sentinal-2A images were pre-processed for atmospheric corrections, radiometric calibration and reflectance
value calculation using the ‘semi-automatic classification
plugin (SCP)’ module, and subsequently, the area of interest (i.e. experimental field) was extracted. Thereafter, normalized difference vegetation index (NDVI) was generated
using band-4 (ρRED) and band-8 (ρNIR) of Sentinel-2A
data33. Multi-date NDVI layers were aggregated and the
cumulative NDVI (CNDVI) was computed accordingly.
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Figure 2.

Yield tendency map and prediction accuracy assessment.

Thematic data layers
Surface models of YTFs (soil N, pH, EC and texture)
and actual yield (YA) were tabulated along with their
geo-referenced locations. Spatial analyst tool of the
ArcGIS software was used in the preparation of surface
models. Kriging interpolation method was adopted with
Gaussian process governed by prior covariance
to optimize the smoothness of the fitted values. The
geospatial datasets (the multi-date NDVI, CNDVI, YTFs
and YA) were resampled to 10 m spatial resolution to
generate the potato yield tendency (YP) map by employing BFR.

Potato yield map – bivariate frequency ratio
analysis
In order to prepare the YP map, the BFR method was
implemented using GIS techniques (Figure 2). For this,
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YA was designated as a dependent factor and the studied
YTFs (soil N, EC, pH, texture and NDVI) as independent
variables (Figure 3). The generated surface model of YA
was categorized into three zones (Figure 4). Potato
yield ranging from 34 to 37 tonne/ha, was considered as
‘low-yield zone’ and 41 to 43 tonne/ha as ‘high-yield
zone’.
The frequency ratio (FR), relative frequency (RF) and
prediction rate (PR) coefficients were calculated for each
of the studied YTFs. FR was computed as the percentage
of occurrences in each sub-category to the percentage of
the category (such as high, medium and low degrees in
soil pH) of the independent factors (eq. (1)). RF
represents the weight of each FR to the total FR within
the classes of a specific factor (eq. (2)). FR was based on
the recorded associations between zoning of the event/
phenomenon and each associated factor which affects the
occurrence of the event/phenomenon34. Furthermore, PR
was used to assess the inter-relationships among the
independent factors (eq. (3)).
CURRENT SCIENCE, VOL. 119, NO. 6, 25 SEPTEMBER 2020
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Figure 3.

Figure 4.

FR =

The independent variables (yield tendency factors) maps.

The actual yield (Y A) map.

% Target occurrence in each subcategory
% Category of an independent factor

(1)

YTFi =

Points in factor/total points
=
,
Factor class area/total area

RF =

PR =

Factor class FR

∑ Factor classes FR

,

RFmax − RFmin
,
(RFmax − RFmin )min

Npix( si )
n

∑
i =1

(2)

(3)

where FR is the frequency ratio, RF the relative frequency
(index of the spatial association of YTFs and the targets,
YP) and PR is the predictor rate which is calculated as the
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ratio between the range and the minimum RF value. The
greater the FR, the more substantial is the relationship
between occurrence and specific variables. For example,
if FR is greater than 1, the relationship is strong, whereas
it is weak if FR is less than 1, as described by Sujatha et
al.35.
A pairwise comparison (PW) was used as an additional
method to compare PR generated from FR. Conditioning
factors were tabulated horizontally and vertically, and
then cross-divisions of PR were performed in order to
examine the inter-relationship between each of the two
factors. Eventually, PW comparison was generated as a
summation of two YTFs with respect to the total ratio.
In order to generate the YP map, all the YTFs maps
were reclassified based on the weight of each parameter
class. The YP map was then generated (eqs (4) and (5)) as
an accumulation of the resultant reclassified parameter
maps multiplied by their relative PRs, as described in
Althuwaynee et al.36.

Npix( si )

,

(4)

n

where Npix(si) is the number of cells with crop yield in the
ith thematic class of a representative factor map and n is
the number of classes in the factor map.

YP = C + N + EC + pH + T,

(5)

where YP is the predicted yield, and C, N, EC, pH and T
are weightage for CNDVI, nitrogen, soil EC, soil pH and
soil texture respectively.
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Table 2.

Statistical description of yield, soil parameters and CNDVI data

NDVI
Crop age (days)
Minimum
Maximum
Mean
Standard deviation
Cv
Data type
Minimum
Maximum
Mean
Standard deviation
Cv

Acquisition date 2016/2017
27 December
30
0.32
0.71
0.52
0.06
0.12

6 January
40
0.55
0.89
0.79
0.06
0.08

Soil N (mg/kg)
119.73
2075.23
1050.92
312
0.3

pH
5.7
8.7
8.3
0.25
0.03

16 January

26 January

50
0.71
0.92
0.87
0.03
0.04
EC (μS/cm)
310
760
551.3
229.1
0.42

5 February

60
0.73
0.9
0.84
0.04
0.04
Texture
Sandy loam
–20%
and loam
–80%

70
0.62
0.88
0.81
0.05
0.06

CNDVI
2.93
4.3
3.83
0.19
0.05

Yield (tonne/ha)
34
43
38.4
5.34
0.14

Cv, Coefficient of variation; EC, Electrical conductivity.

The obtained YP map was classified and grouped into
low, medium and high. The map was generated in raster
format, in which three tendency levels of high yield were
adopted, so as to avail suitable representation and comparison, namely high, medium and low tendency.

Accuracy assessment
As the present study aimed to assess YTFs with respect to
high-yield zones, the area pertaining to ‘high-yield zone’
was extracted for further analysis. Hence, a total of 24 sampled locations pertaining to high-yield zone were isolated
and randomly divided into two groups as training (60%)
and testing (40%) sets, for accuracy assessment of BFR
based on the generated high-yield zones of the YP map.
The AUC method was used to validate and assess the
accuracy of the generated YP map, and to assure the
capacity of each independent factor as a causative
element with high yield occurrence. During the analysis,
training and sample locations of potato yield were
assessed. To obtain the relative ranks for each prediction
pattern (independent factor maps), the calculated index
values of all high-yield cells were sorted in descending
order. Finally, AUC was calculated as percentage of the
cumulative cell areas of common association. The
percentage of AUC was then considered as an indicator
of the FR model accuracy for the tendency to map potato
high-yield zones. The study also intended to examine the
association accuracy of each individual parameter as a
controlling factor of high-yield occurrence. The produced
sub-classes of the independent factor maps were reclassified and plotted against the high-yield points using AUC.

Results and discussion
Table 2 presents the descriptive statistics of the collected
data. Obvious inter-relationships of soil parameters and
996

yield values can be observed in the table, while there is
no significant variability observed in the CNDVI values.

Factor analysis
In order to calculate RF, the number of points in each
class was a result of spatial correlation between the highyield training points and independent factor map (Table
3). The percentage of each class point was calculated and
class areas were estimated by summing each class pixel
area; and finally the percentage of each class area was
calculated. Subsequently, the RF was computed by dividing, the area of potato yield in one class with the total
area of potato yield in all classes. As given in Table 3,
individual YTFs and their association with the high-yield
zone were found best at pH 8.1–8.7 (RF ~ 1), followed by
sandy loam texture (RF ~ 0.92), CNDVI range 4.0–4.2
(RF ~ 0.57), soil N of 810–1000 mg/kg (RF ~ 0.54) and
soil EC between 310 and 460 μS/m (RF ~ 0.41).

Predicted potato yield map
The resultant predicted potato yield map was found to be
similar to that generated from the actual yield data (Figure 5). The quantitative distribution of yields generated
from the tendency map (high-yield zone in particular)
showed noticeable spatial correspondence to high yield
(41–43 tonne/ha) in the actual yield (YA) map (Figure 4).
Since RF represents the association weight of each
class within a single factor, eq. (3) was used to find PR
for all factors. As shown in Table 4, PR was calculated as
the difference between minimum and maximum classes
within a specific factor divided by the least minimum
class of all factors. It was observed that soil pH was the
factor with the highest association, followed by soil texture. In case of soil texture, a sandy loam class produced
CURRENT SCIENCE, VOL. 119, NO. 6, 25 SEPTEMBER 2020
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Table 3.
Factor

Factor class

No. of
points

%

Class area
(× 7.29 m2)

%

FR

RF

CNDVI

3.3–3.6
3.7–3.9
4.0–4.2
Sum

44
37
88
168

26.09
21.74
52.17
100.00

15,391
16,737
13,302
45,430

33.88
36.84
29.28
100.00

0.77
0.59
1.78
3.14

0.25
0.19
0.57
1.00

Texture

Loam
Sandy loam
Sum

22
146
168

13.04
86.96
100.00

28,055
17,366
45,421

61.77
38.23
100.00

0.21
2.27
2.49

0.08
0.92
1.00

EC (μS/cm)

310–460
470–610
620–760
Sum

51
95
22
168

30.43
56.52
13.04
100.00

11,921
23,668
9841
45,430

26.24
52.10
21.66
100.00

1.16
1.08
0.60
2.85

0.41
0.38
0.21
1.00

N (mg/kg)

830–1000
1100–1200
1300–1400
Sum

110
51
7
168

65.22
30.43
4.35
100.00

19,546
12,289
13,595
45,430

43.02
27.05
29.93
100.00

1.52
1.13
0.15
2.79

0.54
0.40
0.05
1.00

pH

5.7–7.2
7.3–8.0
8.1–8.7
Sum

0
0
168
168

0.00
0.00
100.00
100.00

624
2061
42,745
45,430

1.37
4.54
94.09
100.00

0.00
0.00
1.06
1.06

0.00
0.00
1.00
1.00

Figure 5.

Figure 6.

Extraction of frequency ratio (FR) and relative frequency (RF)

The predicted yield (YP) map.

Status of factors that contribute to higher potato yield.
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the highest RF of high yield association, in agreement
with previous studies that assure the validity of
sandy loam in producing relatively high potato yields37.
In this study, soil pH found to be an effective parameter
in the optimization of high yield zones with PR rate of
1.0. This is contradictory to the study of Waterer38, where
potato tends to yield more in less alkaline soils. However,
this can be justified because all of the used training points
of high yield were covered by one class of pH (8.1–8.7
with RF of 1.00). The class imbalance in soil pH resulted
in soil texture as the most effective independent parameter in yield variability38. This is further supported by a
study of Redulla et al.39, who concluded that soil texture
components (sand, silt, clay) had a stronger influence on
yield than the measured soil chemical properties.
Table 5 shows the results of alternative comparison
PW in order to measure the accuracy of PR generated
from FR, where the plot of PR achieved by the associating factors was supported by PW comparison (Figure 6).
In case of individual YTFs, the results indicated that
soil pH was a better indicator for the prediction of highyield tendency zones (with a prediction rate of 5.0).
Whereas soil texture, soil N, CNDVI and soil EC had
prediction rates of 4.2, 2.5, 1.9 and 1.0 respectively. It
can be observed from the trends that both methods
produce similar weight factors, with a slight reduction
in PW values. In fact, vegetation status appeared to
have less influence on both predictors compared to
pH and soil texture, where prediction rates of 1.9 and
0.65 calculated by PR and PW respectively, could be
attributed to the influential effect of soil attributes on
tuber crops.
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Table 4.
Factor
CNDVI
Texture
EC (μS/cm)
N (mg/kg)
pH

Prediction rate calculation from FR

Minimum RF

Maximum RF

Maximum – minimum

0.19
0.08
0.21
0.05
0.00

0.57
0.92
0.41
0.54
1.00

0.38
0.84
0.20
0.49
1.00

Table 5.

0.20

Predictors
CNDVI
Texture
EC
N
pH
Sum

1.90
CNDVI
1.00
2.21
0.53
1.29
2.63
7.66

4.20
Texture
0.45
1.00
0.24
0.58
1.19
3.46

1.00
EC
1.90
4.20
1.00
2.45
5.00
14.55

2.45
N
0.78
1.71
0.41
1.00
2.04
5.94

5.00
pH
0.38
0.84
0.20
0.49
1.00
2.91

Predictors
CNDVI
Texture
EC
N
pH
Sum

1.90
CNDVI
0.13
0.29
0.07
0.17
0.34
1.00

4.20
Texture
0.13
0.29
0.07
0.17
0.34
1.00

1.00
EC
0.13
0.29
0.07
0.17
0.34
1.00

2.45
N
0.13
0.29
0.07
0.17
0.34
1.00

5.00
pH
0.13
0.29
0.07
0.17
0.34
1.00

Weight calculation
PR
1.90
4.20
1.00
2.45
5.00

1.9
4.2
1
2.45
5

Pairwise comparative analysis of yield tendency factors

Ratio calculation
PR
1.90
4.20
1.00
2.45
5.00

(Maximum – minimum)
– Minimum PR

PW
0.65
1.44
0.34
0.84
1.72

PW, Pairwise weight.

Figure 7. Comparison of the AUC (the areas under the curve) for the prediction of high yield zones with ‘Parameters
Occurrence Index’: a, Cumulative response of all the studied yield tendency factors (YTFs); b, The independent response
of YTFs to high yield class.

Model validation
It was observed that the developed high-yield zones accurately (AUC ~ 90%) represent the actual yield map
(Figure 7 a). However, AUC analysis was weak/low (41–
58%) for independent YTFs (Figure 7 b). Significant cor998

relation was observed with pH (AUC ~44.6%). In case of
other YTFs, the obtained correlations were characterized
as moderate to weak/low, and arranged in ascending
order as EC > N > CNDVI > texture. The soil texture
(sandy loam) produced relatively highest tendency for
yield prediction (AUC ~ 58.1%), followed by CNDVI
CURRENT SCIENCE, VOL. 119, NO. 6, 25 SEPTEMBER 2020
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with AUC value of 55.6% (Figure 7 b). This might be
due to the admixed association caused by the nonrepresentative classes at each factor map, as the maps
were rejected during the reclassification process and subsequently for AUC calculation. Although AUC ranged
from 50 to 60, which can be interpreted as weak values,
the failure of the separated variables is also a positive
finding because any independent variable has classes that
associate negatively in high-yield zoning. Conversely,
soil N, EC and pH were observed to have almost equal
prediction capacities.

Conclusion
Soil parameters and NDVI are considered as key components in identifying high-yield tendency zones in agricultural fields. In this study, the spatial correlation was
evaluated using BFR between the actual yield map of
potato crop (as a dependent factor) and the crop cumulative NDVI, soil N, EC, pH and texture maps (as independent factors). The summarized conclusions are as
follows:
• The calculated prediction rate of the independent factors highlighted that soil pH had the highest association
with high-yield zones (AUC ~ 5.0), followed by soil
texture, N, CNDVI and EC, with rates of 5.0, 4.2, 2.45,
1.9 and 1.0 respectively.
• The generated map revealed high prediction accuracy
of high-yield areas compared to actual yield (YA),
supported by AUC value of 90%.
• The resultant accuracy assessment of the independently
applied factors to predict yield showed low values,
ranging from 41% to 58%.
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