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This experiment investigated the relationship between tobacco canopy spectral characteristics and tobacco biomass. A completely
randomized design, with plantings on the 15th of September, October, November, and December, each with 9 variety × fertiliser
management treatments, was used. Starting from 6 weeks after planting, reflectance measurements were taken from one row, using
a multispectral radiometer. Individual plants from the other 3 rows were also measured, and the above ground whole plants were
harvested and dried for reflectance/dry mass regression analysis. The central row was harvested, cured, and weighed. Both the
maximum NDVI and mass at untying declined with later planting and so was the mass-NDVI coefficient of determination. The
best fitting curves for the yield-NDVI correlations were quadratic. September reflectance values from the October crop reflectance
were statistically similar (𝑃 > 0.05), while those for the November and the December crops were significantly different (𝑃 < 0.05)
from the former two.Mass at untying andNDVI showed a quadratic relationship in all the three tested varieties.The optimum stage
for collecting spectral data for tobacco yield estimation was the 8–12 weeks after planting. The results could be useful in accurate
monitoring of crop development patterns for yield forecasting purposes.

1. Background

Crop yield estimation in many countries is based on con-
ventional techniques of data collection and ground-based
field reports [1]. A variety of mathematical models relating to
crop yield have also been proposed in recent years for many
crops [2, 3]. In Zimbabwe crop surveys are mostly used in
estimating crop yield [4].Themethod is costly, time consum-
ing, and is prone to large errors due to incomplete ground
observations, leading to poor crop yield assessment and crop
area estimations [1].

Remote sensing data has the potential and the capacity
to provide spatial information in a global scale of features
and phenomena on earth on an almost real-time basis [1].
Use of remote sensing techniques has the potential to provide
quantitative and timely information on agricultural crops
over large areas, and many different methods have been

developed to estimate crop yields [5–7]. In general, the use of
remote sensing was aimed at reducing the number of samples
of ground surveys, making it less expensive [8]. With the
application of remote sensing in agriculture, there is potential
not only in identifying crop classes but also in estimating crop
yield [1].

Spectral measurements from crops can be used in esti-
mating crop parameters such as leaf area index [9], plant
population, and even canopy total nitrogen status during the
growth cycle of the crop [10]. Vegetation indices are algo-
rithms aimed at simplifying data from multiple reflectance
bands to a single value correlating with physical vegetation
parameters, such as biomass, productivity, leaf area index, or
percent vegetation ground cover [11]. Single band reflectance
is combined into a vegetation index in order to minimize
the effect of such factors as optical properties of the soil
background and illumination and view geometric as well as
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meteorological factors on the canopy radiometric properties
[12].

Vegetation indices, as summarized by Gross [13], are
based on the characteristic reflection of plant leaves in the
visible and near-infrared portions of light. By applying a
“vegetation index” to the satellite imagery, concentration of
green leaf vegetation can be quantified [14]. As explained
by Liew [15] healthy vegetation has low reflection of visible
light (from 0.4 to 0.7 𝜇m), since the visible light is strongly
absorbed by chlorophyll for photosynthesis and, at the same
time, there is high reflection of near-infrared light (from
0.7 to 1.1 𝜇m). The portion of reflected near-infrared light
depends on the cell structure of the leaf [16]. In fading or
unhealthy leaves, photosynthesis decreases and cell structure
collapses resulting in an increase of reflected visible light and
a decrease of reflected near-infrared light [13].

The normalized difference vegetation index (NDVI) has
been considered to be a useful way for crop yield assessment
models, using various approaches such as simple integration,
to reflect vegetation greenness [17]. The index responds to
changes in the amount of green biomass, chlorophyll content,
and canopy water stress and, hence, is most commonly
used in assessing crop vigor, vegetation cover, and biomass
production from multispectral satellite data [18–20]. The
NDVI is calculated from the near-infrared (NIR) and red (R)
bands of either handheld or satellite sensors using the formula
NDVI = (NIR − Red)/(NIR + Red).

The validity of crop yield models with NDVI is deter-
mined by the strength of association between the two vari-
ables included in the model [21]. It is also essential to have an
understanding of the correlation existing between yield and
NDVI at different phonological stages of crop for selecting
appropriate date of satellite pass to include in the model [22].

Tobacco crop plays an important role in the economy
of Zimbabwe, and in the 2012/2013 marketing season, 144
million kg of tobacco was sold, earning the country $525
million [23]. Crop area and yield forecasts play an important
role in stabilizing tobacco prices at the auction floors. Crop
forecasting is the art of predicting crop yields and production
before the harvest actually takes place, typically a couple of
months in advance. Zimbabwe mostly relies on crop sta-
tistical forecasting/estimation, crop reports/field visits from
extension officers, and statistical crop forecasts for crop yield
forecasts [4]. However, data from crop estimates, which are
obtained through surveys conducted after harvests, are in
most countries available quite lately for early warning pur-
poses.

An overestimation of the crop would jeopardize the
grower’s profit in that it causes fall in prices when supply
exceeds the estimated volume. Underestimation, on the other
hand, causes unnecessary panic and competition among
buyers of the crop, causing a rise in the price of the crop. The
timely evaluation of potential crop yields in general becomes
important because of the huge economic impact crops have
on the world markets [5] and in particular on the economy of
Zimbabwe.

Remotely sensed measurements can be used in monitor-
ing the effects of agronomic practices, which are considered
in developing yield prediction models [24]. A more direct

Table 1: Variety-fertilizer treatments.

Treatment Description
(1) K RK 26—50% recommended fertiliser
(2) K RK 26—recommended fertiliser
(3) K RK 26—150% recommended fertiliser
(4) T 66—50% recommended fertiliser
(5) T 66—recommended fertiliser
(6) T 66—150% recommended fertiliser
(7) K E1—50% recommended fertiliser
(8) K E1—recommended fertiliser
(9) K E1—150% recommended fertiliser

remote sensing data yield, described in simple formulae,
without deeper physiological background, is simpler to use
and easier to understand [25] and would be applicable in
tobacco, where the target, the leaf, is the harvestable part.This
experiment investigated the relationship between canopy
spectral characteristics of three tobacco varieties established
on three planting dates and, under three fertilizer regimes,
in-season dry matter and final yield. It was assumed in this
study that themost suitable stage to predict yield is that where
the canopy NDVI was most positively correlated with in-
season dry mass, and a model relating the NDVI for this
stage to cured leaf mass would be established. It was also
hypothesized that the strength of the relationship between in-
season dry mass and yields expressed as mass at untying with
NDVI is not affected by tobacco variety, planting date, and
fertiliser application rate. The results for the project will be
used to select the most appropriate stage of collecting remote
sensing data for field level and national tobacco crop area and
yield forecasting. This information could be very useful in
relating the reflectance measured from the tobacco cropped
lands to in-season crop condition and final yield and quality
predictions using remote sensing.

2. Method

Study Area. The experiment was conducted at Kutsaga
Research Station in Zimbabwe in the 2010–2012 cropping sea-
sons. Kutsaga is located between longitude 31∘ 08󸀠E, latitude
17∘ 55󸀠S, and at an altitude of 1000m to 1500m [10].The long-
term annual average rainfall is 850mm.

The experimental plots were located on well-drained
granitic sands. During February of 2009 and 2010 the plots
were disked after a three-year Katambora grass fallow period
to incorporate grass. Agricultural lime was applied using
recommendations given from soil test results to raise the soil
pH from 5.3 to 6.3 optimum for tobacco production. For the
three years preceding the 2008 experiments, the sites were
underKatambora grass to control nematodes. Recommended
cultural andmanagement practices were followed [10], except
regard N:P:K levels and planting times, which were treat-
ments in the experiment.

2.1. Fertilizer Treatments. In order to establish the relation-
ship between spectral data and yield, there was a need to
create variable growth conditions [26], and three varieties,
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Figure 1: The NDVI temporal profiles for the (a) September, (b) October, (c) November, and (d) December planted crops.

four planting dates, and three fertiliser levels were tested.The
variety-fertilizer treatments were applied by hands as shown
in Table 1. The N:P:K treatment was hand-applied in bands
about 10 cm deep and 30 cm to each side of a row at planting,
while N treatments were applied at about 4 weeks after
transplanting and after topping (at 6 weeks after planting).

The experiment was laid out in a completely randomized
design with plantings on September 15, October 15, Novem-
ber 15, and December 15 each with 9 variety × fertiliser
management treatments (Table 1). Three tobacco varieties K
RK26, T 66, and K E1, developed by Kutsaga Research Sta-
tion, were used, while three fertiliser management levels

(50%, 100%,and 150% recommended) were applied by hand
(Table 1). The recommended compound fertiliser rate from
soil test results was 700 kg/ha, while that for ammonium
nitrate (34.5% N) was 96 kg/ha at 4 weeks after planting and
75 kg/ha after topping.

2.2. Procedure. Radiometric measurements were made
weekly from the age of 6 weeks after planting on 5m ×
5m square sampling plots, using a handheld multispectral
radiometer (Cropscan MSR-5, 450–1750 nm), with the FOV
centering over rows. All treatment applications had been
completed at this stage of development.
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Figure 2: Dry-mass-reflectance correlations for the flue-cured tobacco samples collected from the (a) September, (b) October, (c) November,
and (d) December planted crops.
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Figure 3: (a) Tobacco varieties’ maximum NDVI and (b) mass at untying response to planting date.
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Figure 4: The relationship between the (a) September, (b) October, (c) November, and (d) December planted tobacco mass at untying and
maximum NDVI.

Spectral data from the 4 planting dates were used to
construct temporal NDVI profiles and one, with uninter-
rupted growthwas selected for the in-season dry-mass-NDVI
regression analysis. Above ground samples were collected
after a corresponding canopy reflectance measurement had
been obtained. Some 10 plants were sampled from each vari-
ety × fertiliser × planting time treatment after spectral data
collection at 8, 10, 12, and 14 weeks after planting. The data
collection timing, during midday and under cloudless condi-
tions across the growing season, could include bare soil, early
crop growth stage, peak crop greenness, and crop maturity
imagery [27].

Each sampling plot measured consisted 5 rows of each
with 32 plants spaced at 56 cm. The interrow distance was
1.2m. normalized difference vegetation indices (NDVI) was
calculated from the spectral bands obtained in Channels 3
and 4 of the MSR 5 which correspond to the visible (VIS)
and near-infra red (NIR), respectively, using the following
formula:

NDVI = nir − red
nir + red

. (1)

The multispectral radiometer (MRS 5) was positioned
facing vertically downward at 1m above crop canopies, and
measurements were taken around solar noon to minimize

the effect of diurnal changes in solar zenith angle. In total, 10
measurements were taken per sampling area and reflectance
measurements were then averaged for each sampling plot
to estimate a single reflectance value. Mature leaves were
harvested from one row, cured, and yield determined before
handle losses during crop grading as applied by Zhang et al.
[28].

Reflectance measurements were also taken on individ-
ual plants from the other 3 rows. After taking reflectance
readings, the above ground whole plants were harvested and
packed in khaki bags and dried in microbarns. Dry matter
measurementswere later taken for reflectance/DMregression
analysis. Three rows were also harvested and cured and mass
was determined just after curing, before handling losses were
incurred. The NDVI for the growth stage where there is the
highest in-season dry-mass-NDVI correlation was selected
for determining the mass-at-untying NDVI correlations.

Three-dimensional positions, latitude, longitude, and
altitude, for the whole experimental area and for each treat-
ment plot will be taken using a Garmin personal navigator
(GPS V) to enable repeated sampling at the same location.
Yield data were collected at harvest.

2.3. Data Analysis. NDVI data was analysed by analysis of
variance and statistically significant treatment effects were
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Figure 5: The relationship between tobacco varieties (a) K RK26, (b) T 66, and (c) K E1 mass at untying and maximum NDVI.

separated using least significant differences (LSDs). The data
was analysed using the Genstat 9.2 statistical package at 5%
level of significance. Student’s t-test calculations were done
to compare the planting date effect, and graphs were plotted
using Excel 2007.

3. Results

TheNDVI for all four planting date treatments crop rose from
week 6 after planting to peak from 9 to 12 weeks after planting
(Figure 1). At eight weeks after planting all the variety ×
fertiliser treatments in all, except for the December crop,
started showing significant (𝑃 < 0.05) treatment differences.
Beyond the peak, the NDVI also fell gently to reach the
minimum at 13 weeks of age. The October crop (Figure 1(b))
was sampled for NDVI versus in-season dry mass analysis.
This crop was selected because it was not subjected to long
dry conditions after planting and had a good establishment.
In addition temporal NDVI profile for the planting date had
the highest NDVI value, which would enable a wide variation
of the DM-NDVI relationships (Figure 1(b)).

The correlation between NDVI and in-season dry mass
became stronger from the first sampling date (8 weeks after
planting), reaching the highest at 10 weeks and later declined
(Figure 2). Plants were not sampled after week 14 because
reaping had become intense and some plants had already
been stripped.

The NDVI response to variety × fertiliser treatment was
similar to that for mass at untying (Figure 3). There was a
general decline in bothmaximumNDVI andmass at untying
with later planting, with the least values attained inDecember
planting.

The mass at untying-NDVI coeficient of determination
also decreased with later planting, with least being that of
December (Figure 4). In all the four planting date treatments,
the best fitting curves for mass at untying and NDVI
correlations were quadratic. The September coefficient of
determination (𝑟2 = 0.79) was the highest as compared to
October (𝑟2 = 0.594), November (𝑟2 = 0.695), andDecember
(𝑟2 = 0.515).

The September and the October crop reflectance values
were statistically similar (𝑃 > 0.05), while the November and
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Figure 6: The relationship between tobacco mass at untying for the (a) 50%, (b) 100%, and (c) 150% fertiliser rate treatments and maximum
NDVI.

Table 2: t-test for the comparison of mean maximum NDVI values
for the different planting date treatments.

P values
October November December

September 0.058204 0.000494993 4.883𝐸 − 06

October 5.66702𝐸 − 06 1.08556𝐸 − 08

November 0.000152201

the December reflectance values were, for each, significantly
different (𝑃 < 0.05) from all the rest (Table 2).

All the three varieties, K RK 26, T 66, and K E1, showed
a quadratic relatioship between mass at untying and NDVI
(Figure 5). K E1 had the highest (𝑟2 = 0.86) mass at untying
NDVI coefficient of determination. The mass at untying
NDVI correlations in K E1 (𝑟2 = 0.748) and T 66 (𝑟2 = 0.773)
were comparable. In all the three varieties, the best fitting
curves for mass at untying versus NDVI correlations were
also quadratic, with comparable gradients at NDVI values
between 0.65 and 0.75 (Table 3).

All the three fertiliser levels, 50% (𝑟2 = 0.925), 100%
(𝑟2 = 0.966), 150% (𝑟2 = 0.92), displayed equally strong
mass at untying NDVI relationship (Figure 6) with compa-
rable gradients, again at NDVI value between 0.65 and 0.7
(Table 4).

Table 3: Variety yield-NDVI gradients at NDVI = 0.65, 0.7, and 0.75.

NDVI 0.65 0.7 0.75
Yield-NDVI gradient

K RK 26 4456.16 4776.4 5256.76
T66 4505.72 5448.8 6863.42
KE 1 4022.96 4776.4 5906.56

Table 4: Fertiliser level yield-NDVI gradients at NDVI = 0.65, 0.7,
and 0.75.

NDVI 0.65 0.7 0.75
Yield-NDVI gradient

50% fertiliser level 4360.5 5553.0 6745.5
100% fertiliser level 4288.1 5689.8 7091.5
150% fertiliser level 2260.4 5399.2 8538.0

The yield, expressed as mass at untying (kg/ha), for the
September-October, November, and December planting can,
therefore be estimated separately by the models in Figure 7:

(1) 𝑦 = −26708𝑥2 + 54365𝑥 − 24516,

𝑅
2

= 0.741, (2)
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Figure 7: The relationship between tobacco mass at untying for the (a) September-October, (b) November, and (c) December planted crops
and maximum NDVI.

(2) 𝑦 = −12877𝑥2 + 19187𝑥 − 5930,

𝑅
2

= 0.704, (3)

(3) 𝑦 = −28614𝑥2 + 37844𝑥 − 11623,

𝑅
2

= 0.515, (4)

where 𝑦 is the mass at untying and 𝑥 is the maximum nor-
malised difference vegetative index (NDVI).

4. Discussions

TheOctober crop was selected for in-season dry mass-NDVI
analysis because of the clear cloudless conditions during
the times of data collection. Thin cloud coverage, according
to Nuarsa et al. [29], can lead to inconsistencies in the
reflectance values, which will affect the NDVI, and, therefore,
the selection of cloud-free images is one of the most impor-
tant steps in the data analysis.

The NDVI-yield relationship increases with age up to
10–12-week after planting. As Nageswara-Rao et al. [30]
explained it, the changes in spectral response of a crop are a
function of phenological stages of the crop. The 10–12 weeks
period, with the highest correlation, could be an indication

of the most suitable phenological stage to collect satellite data
for yield forecasting.

Chlorophyll degradation related leaf ripening occurring
during the ripening stage causes an increase in the red
spectral reflectance which is normally absorbed by chloro-
phyll [31]. On the contrary, the NIR spectral reflectance is
decreased due to a change in leaf internal structure [31]
resulting in the fall of NDVI [32]. The fall in the in-season
dry-mass-NDVI relationship after 14 weeks of age is related
to the decrease in canopy reflectance spectra decrease at crop
maturity stage that is brought about by reaping [33], while the
final yield, in the data analysis, remains unchanged.

The decrease in tobacco mass at untying with later plant-
ing at all variety × fertiliser treatments was long since estab-
lished [10]. Apparently the maximum NDVI in this experi-
ment also followed the same trend, indicating a positive rela-
tionship between the two.

The similarity in the coefficients of determination
between mass at untying and NDVI for the September and
October planted crops could be an indication of the need
to combine the three, when assessing area and yield using
remote sensing, while theNovember and theDecember crops
could each be assessed separately. The high coefficients of
determination for all the three varieties and fertilizer levels
could also be an indication of the possibility to disregard the
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variety and fertiliser differences in the processes of develop-
ing yield forecasting models.

The coefficients of determination between mass at unty-
ing and NDVI for the September-October (0.741) and the
November (0.704) planted crops were higher than the 0.65
reported by Povkh et al. [34] but lower than the 𝑟2 =
0.90–0.98 that Jiang et al. [35] found between wheat grain
yield and NDVI. The established coefficients in this exper-
iment were, however, high enough for tobacco yield to be
estimated usingCropscan calculatedNDVI.The yieldmodels
derived were quadratic, similar to the findings of Jiang et al.
[35] in wheat. The high value of 𝑅2 indicated that the rela-
tionship between tobacco yield and the NDVI was consistent
[29]. The December crop coefficient of determination was,
however, low (0.515) meaning that yield estimation for this
crop would not be accurately made using the model.

As the channels of the sensor used in the experiment is
LANDSAT Thematic Mapper compatible [36], the models
derived can be applicable in tobacco yield estimation using
operation remote sensing data from the satellite.

However, more work is needed to establish the relation-
ship between the Cropscan reflectance and those for selected
Satellite platforms like Modis, Landsat 5 and Landsat TM
which have been used for the same purpose in other crops
[37].

5. Conclusions

TheNDVI is positively related to in-season drymass and, can
be used to assess crop health, tobacco response to fertilizer,
and accurate monitoring of crop development patterns for
yield forecasting purposes. For yield forecasting purposes,
the September and the October crops could be estimated
together, while the November and the December crops each
could also be estimated, separately. There was a strong
positive correlation between NDVI and flue-cured tobacco
yield at all fertiliser levels and for all the tested varieties,
and, hence, for yield forecasting purposes, one may not
separate these factors. There is, however, a need to establish
the relationship between Cropscan multispectral radiometer
5 data and various satellite platforms before this information
can be applied in satellite remote sensing.
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