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ABSTRACT 

This study used normalized difference vegetation index (NDVI) derived from Spot Vegetation images as a proxy for 
sugarcane growth and production model. Time series analysis was undertaken using the moving average computed in R 
Programming language to monitor sugarcane production after the inception of land reform in the Mkwasine Estate of 
Zimbabwe. Overall the findings showed a declining trend with a few years of improved production over the 11 year 
period under investigation. To attest the possible explanations for the observed trend the study related NDVI data with 
climate variables and considered non climate factors such as land tenure. The predicted yield estimates over the years 
correlated very well with rainfall. The study therefore envisaged that hyper-temporal satellite imagery can be used to 
monitor sugarcane production and enhance decision making for future policy direction. 
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1. Introduction 

As the Zimbabwean fast track land resettlement program- 
me (FTLRP) of 2000 came into being, a substantial amount 
of land under sugarcane production was transferred to 
black growers, particularly in the Mkwasine Estate of the 
eastern lowveld. In order to optimize sugarcane quality, 
maximize its production, revenue to farmers, millers and 
the nation at large and aid the future policy direction [1] 
one of the key exercises is to monitor and evaluate the pro- 
duction trends. This work incorporated a sugarcane growth 
model based on the normalized difference vegetation 
index (NDVI) [2] from Spot Vegetation, to monitor the 
production trend after the inception of the land reform.  

Sugarcane is a perennial crop of the Saccharum genus 
that is grown in the warm tropics and sub tropics [3] 
mainly for sugar and increasingly for biofuel production 
[4]. Sugarcane is a C4 plant that sinks carbon therefore 
helps in offsetting climate change. In [5], Zimbabwe has 
invested $600 m in a plant with a capacity of producing 
500 million liters of ethanol at a massive cost of 50,000 
ha of land for sugarcane production.  

Advances in remote sensing technology and theory 
have expanded opportunities to characterize the inter-an- 
nual dynamics of natural and managed vegetation commu- 

nities [6]. Approaches to the analysis of time series remo- 
tely sensed imagery have varied considerably, from stan- 
dardized principal component analysis [7], to textural ana- 
lysis [8], to the development of phonological metrics [9, 
10], to the application of fourier analysis, also referred to 
as harmonic analysis which decomposes a time-depen- 
dent periodic phenomenon into a series of sinusoidal func- 
tions [11]. While harmonic analysis have proven to be a 
valuable technique, the interpretation of its results re- 
quires a consideration of several key components among 
which includes: a) each wave is defined by a unique am- 
plitude and phase angle; b) the additive or zero term is 
the arithmetic mean of the variable over the time series; c) 
high amplitude values for a given term indicate a high le- 
vel of variation in temporal variable time series; d) phase 
indicates the time of year at which the peak value for a 
term occurs [12]. This, study analyzed the Spot Vegeta- 
tion—NDVI Time Series for sugarcane using a moving 
average technique, which is easy to implement and well em- 
bedded within the open source R programming software. 

2. Methodology 

2.1. Study Area 

This study was conducted at Mkwasine Estate located in 
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the lowveld region of Zimbabwe. This region is charac- 
terized by low and erratic summer precipitation of less 
than 450 mm per annum and high temperatures of around 
35˚C. Sugarcane is thus grown under irrigation as the 
conditions are conducive for the growth of the crop 
within a 12-month cycle. Out of the 45,000 hectares of 
sugarcane plantations, 9000 ha are managed by 840 
small to medium scale out growers under the Commer- 
cial Sugarcane Farmers Association (CSFA) and the 
Zimbabwe Sugarcane Farmers Association (ZSFA) [13]. 
Figure 1 shows the geographic location of the study 
area, which has a historical trend of contested land re- 
source, following the fast track resettlement program of 
the year 2000.  

2.2. Sampling, Data Collection and Analysis 

A ground truthing exercise was carried out to collect 
sugarcane production data in the field using stratified 
random sampling based on whether the farmers produced 
sugarcane or other crops. A sample of twenty sugarcane 
plots was selected randomly within the forty identified 
each averaging an area between 12 and 40 hectares. Co- 
ordinates for each plot were taken. All the plots com- 
prised of ratoon crops which are normally harvested at 
about 12 month interval for 4 years or more, before the 
crop is renewed. Actual yield levels were obtained from 
Mkwasine milling plant, where the resettled farmers sell 
their sugarcane output.  
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Figure 1. Location of study areas. 
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Hyper temporal satellite imagery in form of composite 

10 days decadal NDVI images (S10 products) at 1 km × 
1 km resolution from April 1998 to December 2009 for 
the study were extracted from Spot-4 Vegetation. 

The Spot (Systeme Pour l’ Observation de la Terre) 
vegetation system have a spatial resolution of 1.15 km at 
nadir and a swath width of 2250 kilometers that can co- 
ver almost all the globe’s landmasses while orbiting 14 
times a day [14]. It comprises of bands 2 (red; 0.61 - 0.68 
µm) and 3 (near IR; 0.78 - 0.89 µm) which are the main 
wavelength bands for deriving the NDVI. The NDVI in- 
dicates chlorophyll activity and was calculated from 
(band 3 − band 2)/(band 3 + band 2); then index was con- 
verted to a digital number (DN value) in the 0 - 255 data 
range using: DN = (NDVI + 0.1)/0.004. The index was 
converted to 0 - 255 format so that it can be data handy 
with image classification software [15]. The downloded 
NDVI images were geo-referenced and declouded. De- 
clouded means: using by image and pixel the supplied 
quality record, only pixels with a “good” radiometric 
quality for bands 2 (red; 0.61 - 0.68 µm) and 3 (near IR; 
0.78 - 0.89 µm), and not having “shadow” “cloud” or 
“uncertain”, but “clear” as general quality, were kept (re- 
moved pixels were labeled as “missing”) [16].  

The randomly selected sugarcane plots were used to 
extract the NDVI on the SPOT Images. Zonal Statistics 
was applied to get the hyper temporal mean and maxi- 
mum NDVI for all the sample plots. Considering vegeta- 

tion phenol-phases are sensitive to certain environmental 
controls [17-19] the study compared maximum and mean 
NDVI per plot with climate variables such as rainfall. 
These variables have been a proxy to help explain the 
yield estimation trend [20]. Figure 2 shows the simpli- 
fied methodological Approach for the study. 

2.3. Time Series Analysis 

The time series analysis was done in the moving average 
as implemented in an open source software called R-pro- 
gramming language [21]. Firstly the time series NDVI 
was translated into the time series objects using the “ts” 
function [22], and the specified frequency was 12 months, 
and the start of the time series data was 1998. Secondly, 
components such as trend, seasonal and random or ir- 
regular were extracted from the time series data using the 
“Decompose” function which applies the moving aver- 
age [21]. The Decompose approach utilizes the additive 
and multiplicative seasonal components [21] illustrated 
in Equations (1) and (2).  

The additive model used is:  

       Y t T t S t e t             (1) 

The multiplicative model used is:  

       Y t T t * S t * e t

 

           (2) 

where t is time, T is trend, S is seasonal and e is the error 
or irregular component. 
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Figure 2. Simplified Schema of the methodological Approach. 
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The decompose function firstly determines the trend 

component using a moving average i.e. a symmetric 
window with equal weights, and removes it from the 
time series. Secondly, the seasonal figure is computed by 
averaging, for each time unit, over all periods. Thirdly, 
the error component is determined by removing trend 
and seasonal figure (recycled as needed) from the origin- 
nal time series. More details about this approach can be 
found in [21]. 

To test the general trends statistically, the autocorrela- 
tion were computed using the auto correlation function 
estimation (acf) and partial autocorrelation (pacf) [23]. 
The estimates acf and pacf are based on data or sample 
covariance. The lag 0 autocorrelation is always fixed at 1 
by convention, since it is a correlation of the same initial 
values. The profile of NDVI indicates a similar pattern 
for all the plots hence the mean and maximum profile 
was used to undertake the trend analysis. 

3. Results & Discussion 

The time series NDVI, a proxy for estimated sugarcane 
yield from 1998 to 2009 is statistically depicted by the 
trend components (trend, seasonal and random) and the 
computed autocorrelation shown in Figures 3 and 4 re- 
spectively. The data profile on Figure 3 shows the vari- 
ability in sugarcane production being characterized by an 
irregular pattern over the period 1998-2005, while the la- 
ter years are generally uniform and cyclical in nature. 

The trend profile on Figure 3 shows a general trend of 
decline in NDVI from the year 1999, with a slight in- 
crease in 2001, and a significant drop in 2002. From the 
year 2003 the NDVI increased until it reached its peak in 
 

 

Figure 3. Trend components: Data, the decomposed time se- 
ries (trend, seasonal and irregular/random components). 

 

Figure 4. Autocorrelation and the partial autocorrelation 
estimation derived from the time series data. 
 
2006 and then decreased up to 2009. The declining and 
increasing trends have been qualified by the estimated 
autocorrelation and partial autocorrelation shown in Fig- 
ure 4. Overall the findings showed a declining trend with 
a few years of improved production over the 11 year pe- 
riod under investigation. 

Several explanations for the changes in the NDVI for 
the study period exist. The main reason for the probable 
significant fluctuations is the land reform that was car- 
ried out in the area and country at large from the begin- 
ning of the year 2000. The land reform was characterized 
by major changes in the land tenure from mainly com- 
mercial farms and estates to a mixture of the commercial 
farms, estates and small scale sugarcane farmers.  

Often some of the resettled small scale farmers lacked 
the experience in sugarcane production, the necessary in- 
puts and chemicals such that the yields declined as sup- 
ported by the NDVI trend. Reduced investor confidence 
in the sugarcane industry following the decade long po- 
litical instability in Zimbabwe might have contributed to 
the decline in production. Complemented to this has been 
the country’s economic recession which accentuated small 
scale famers’ lack of capacity to procure irrigation equip- 
ment, tractors, and paying for other farming inputs. 

Results of this study were consistent with Zvoutete’s 

[13], findings that there has been a marked decrease in 
the sugarcane output since the inception of the land re- 
form in Zimbabwe. In his study from the smut disease 
perspective (a sugarcane disease), its prevalence after the 
land reform has been recorded as the highest levels ever 
in the country with no measures of controlling the dis- 
ease resulting in up to a significant 15% loss in the sugar- 
cane output. 
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Figure 5. Relationship between maximum NDVI and grow- 
ing seasonal Rainfall. 
 

Climate variables could possibly have influenced the 
behavior of the NDVI profiles. The relationship between 
mean, maximum NDVI and rainfall was positive with an 
R2 of 0.65 as indicated in Figure 5. This study thus con- 
cur with the previous analysis by Ding et al. [24] which 
found out that the correlation between annual effective 
rainfall and annual maximum NDVI was similar to the 
growing seasonal rainfall. In addition Wu et al. [25], 
found out that warm-humid trend influenced by climatic 
variability positively affects vegetation growth which in 
this case is the effect on sugarcane crop. Therefore cli- 
mate extremes can help explain the trends. The poor rains 
received in the 2008 to 2009 agricultural season might 
have contributed to the declining trend. 

4. Conclusion 

Remotely sensed data in particular hyper-temporal satel- 
lite imagery (Spot Vegetation), can be used satisfactorily 
to estimate the sugarcane production trends over the years. 
The main findings of this study showed a declining trend 
with a few years of improved production over the 11 year 
period under investigation. The study identified a wide 
range of factors that could possibly help explain the gen- 
eral production trend among which includes land reform, 
human capital, economic factors, and climate variables. 
However this study recommends a comparative analysis 
of the trend in production before and after the land re- 
form in order to ascertain the net benefit of the pro-
gramme. 
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