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Abstract— Monitoring agricultural areas, using remote sensing, has been a major issue in the Sahel region, 

due to the small size of farm plot compared to satellite spatial resolution. The main goal is to develop a 

methodology based on radar data for mapping crops in Senegal. Training plots were used to analyse 

temporal dynamics of radar signals. The result shows that the possibility to separate agricultural area from 

other land cover at the beginning of the rainy season. The radar signal of the three crops are confused at the 

beginning but we note a strong difference at the end of the growing season, where peanut crops signal is 

marked by a sharp fall. Variance analysis allowed to select images which are able to discriminate these 

cultures.  

The Classification And Regression Trees (CART) model used is able to identify peanut plots with more than 

82% of accuracy, but confuse maize crop (accuracy less than 70%). This result means the resulting inability 

to separate the two types of maize crops (one which is sown early and harvested in mid-season, another sown 

in mid-season and harvested at the end of the season). So, in this area, the use of radar permit to improve 

crop mapping considering agricultural practice of cereals. 

Keywords— Remote Sensing, Synthetic Aperture Radar, Sentinel-1, Agricultural monitoring areas, 

Senegal, Nioro. 

 

I. INTRODUCTION 

The use of earth observation data for vegetation monitoring 

and agriculture has been the subject of many research 

projects in the past [1]. More recently many scientists have 

demonstrated the potential of remote sensing as a robust 

method for monitoring agriculture [2, 3, 4, 5, 6], and for 

better dealing with the impact of climate change in this vital 

sector of the nation's economy.  

In the Sahel region, where agriculture is still highly 

dependent on rainfall (for example, less than 5% is irrigate 

in Senegal for example), which make it very vulnerable, 

particularly in the context of climate change. This situation 

has serious food security, economic and social impacts. In 

addition, reliable data and information is not always readily 

available to help better anticipate sound practices that could 

improve agricultural productivity. Thus, it is urgent to build 

tools and methods that could improve the accuracy of 

agricultural data and statistics, for better management of 

this sector and thus, contribute to fight against food 

insecurity in this region. However, remote sensing 

applications in the Sahel region can be very challenging, as 

the agriculture system is often dominated by small plots of 

lands (generally less than 2 hectares) with mixed crops, 
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making difficult to differentiate unambiguously and map 

the different crops; and thus, estimate routinely yield from 

a remote sensing approach. 

The objective of this study is to exploit the potential Radar 

Sentinel-1 times series data for mapping agricultural area in 

Sahel context. 

These studies have shown strong correlation between the 

spectral reflectance of crops at certain wavelengths and their 

physical and biological characteristics, thus demonstrating 

the possibility of using satellite images as a tool for 

monitoring the state of crops. However, in the Sahelian 

context, the differentiation of crops with remote sensing has 

not been easy because of the small size of plots (typically 2 

ha) compared to the spatial resolution of the sensors. 

However, the advent of new generations of optical and radar 

remote sensing images with better resolutions (high spatial, 

spectral and temporal resolution) provides new options for 

mapping agricultural production. 

In this study, we used the temporal variability of Sentinel-1 

radar signals (C-band, VV and VH polarisation) during the 

agricultural season to try to discriminate millet, maize, and 

peanut crops at the scale of the plot. The use of radar 

imaging is preferred as optical data are sensitive to cloud 

cover during the rainy season in Senegal (July to October).  

Analysing the temporal variation of the signals of different 

crops in VV and VH polarisation can be useful in 

distinguishing between them as these crops do not have the 

same phenological cycles [7, 8, 9]. Hence this analysis seeks 

to identify the periods when the greatest differences 

between crop signals is noted. It is also possible to use the 

signals of different types of land use to create a mask map 

of non-agricultural areas. 

Several authors [10, 11, 12, 13, 14, 15, 16, 17, 18] have 

demonstrated that the monitoring and mapping of 

herbaceous vegetation by radar methods is difficult due to 

the sensitivity of the radar signal to various surface 

parameters (soil roughness, soil moisture and vegetation). 

However, with some vegetation covers, the contribution of 

the soil varies with time and becomes minimal compared to 

that of vegetation and so temporal monitoring throughout 

the agricultural season suggest that it is possible to 

overcome this limit. 

 

II. MATERIALS AND METHODS 

Study area 

The study area is located in the "peanut basin" which covers a 

large part of central Senegal. Annual rainfall ranges between 

700 and 1100mm, and agriculture is mostly made of millet, 

maize and peanut which is the main source of income for the 

population [19].  

 

 

Fig.1: Location of study area 

 

Field data 

The three crops targeted in the current study have the 

following major characteristics: 

(i) Millet is an herbaceous cereal with a 

phenological cycle of 75 to 90 days and height 

at maturity of 220 to 250 cm [20, 21, 22, 23]; 

0.17 ha 

1.56 ha 

2.65 ha 

Nioro 

Departement of Nioro 
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(ii) Maize is an herbaceous cereal with a 

phenological cycle of 75 to 80 days reaching 

175 to 200 cm at maturity [24, 25]; 

(iii) Peanut is a creeping legume with a cycle of 90 

to 120 days and height at maturity of 30 to 70 

cm [26, 27]. 

In total, an in-situ database of 150 control plots (50 per crop) 

was set up to serve as a training and validation data. The 

data were collected during the field work using a GPS to 

digitize the geographical boundaries of the plots. To avoid 

edge effects and eliminate mixed pixels between adjacent 

crop plots, contour boundaries were adjusted using 

GOOGLE EARTH. 

 

III. DATA AND METHODS 

C-band sentinel-1 (SAR sensor) data are used. This data has 

10 meters of spatial resolution in two polarizations (VV and 

VH) and temporal repeatability of 12 days. A total of 14 

images of the area were obtained from the ESA website [28] 

for the period of June to December 2016. These were 

downloaded and corrected for geometric distortions 

(geocoding, georeferencing), and then filtered to reduce 

speckles.  The data were normalized (radiometric 

calibration) to transform the backscattered signal (Digital 

Number) into backscattering coefficient σ ° (in dB), a 

quantity proportional to the ratio of received signal power 

and transmitted signal power by the antenna [29]. 

The first step was to extract the pixel values of the control 

plots for all selected and corrected images, and to analyze 

them in order to identify the best combinations able to 

discriminate the three crops.   

(a) Extraction of pixel values of the control for all images: 

After adjusting the boundaries of the control plots, and 

correcting the radar data, pixels values of all control 

plots of the images (from June to December) were 

extracted. 

(b) The second part is the analysis of the temporal signal of 

agricultural and non-agricultural areas. This was to 

create a mask of non-agricultural areas and focus on the 

cropped areas. 

(c) Comparison was made of the temporal evolution of 

crops signals during their different phenological phases 

in both polarisations, with the aim to identify the most 

discriminating periods. 

(d)  In the following step, an ANOVA (Analysis of 

Variance) was performed in order to select the data 

having the capacity to discriminate the three cultures 

(millet, maize and peanut). The ANOVA was used to 

compare the mean of the signal in pairs for each 

polarization at each date. For each image (date), when 

the p-value was higher than 0.05, we concluded that the 

two crops signals were not different. Then, a check was 

made with the confidence interval around the difference. 

For each data, when the confidence interval included the 

value of zero (max positive and min negative), the data 

was deemed not able to discriminate crops, then it was 

excluded. 

(e) In the last step, a CART (Classification And 

Regression Tree) was done on the selected data by the 

ANOVA. The general principle of CART is to 

recursively partition the input data (pixel value) in a 

binary way, then to determine an optimal sub-partition 

for the prediction [30]. Also, CART is a classification 

method that uses in situ data to build a descriptive and 

predictive model of a relationship between a set of 

predictors and a categorical variable [31]. Here 2/3 of 

the data were used to build the CART model and the 

remaining 1/3 was used for the validation, thus making 

it possible to calculate the confusion matrix. 

 

IV. RESULTS AND DISCUSSIONS 

a- Maps of agricultural areas 

The first task was to analyse the signals of the different 

land covers in order to mask the non-agricultural zones. 

Figure 2 shows significant differences between the 

different types of land use, especially at the beginning of 

the rainy season (June 29, July 23), where signals from 

agricultural areas stand out from those of others (habitat, 

water and natural vegetation). VV polarization is more 

useful in this regard than VH polarization. There was also 

a seasonal sensitivity of the vegetation to the radar signal, 

with the maximum sensitivity in the middle of the season 

corresponding to the peak of growing season for 

vegetation (when plant content is high). This consistent 

with results obtained over the entire Sahelian band where 

the C-band signal is very sensitive to seasonal dynamics 

[13, 14, 15, 32, 33, 34]. 

Images of June 29 (in VH) and July 11 (VH and VV) 

provide the greatest differentiation of agricultural and 

non-agricultural zones and so these were combined to 

create a mask of non-agricultural areas by using a 

supervised classification. 
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Fig.2: Temporal variation of the signals of the different land uses in VH (a) and VV (b) polarisation 

 

The color composition in "false color" of these three images 

(VH of June 29, VH and VV of 11 july 11) in Figure-3 

showed significant differences between agricultural and 

non-agricultural areas. The density curves of different land 

uses (Figure-3) showed the possibility to extract agricultural 

areas. Indeed, in polarization VH (June 29 and July 11) 

water areas mixed slightly with agricultural areas. However, 

the polarization VV (Figure-3) allowed the separation of the 

different classes.  

 

(a) 

(b) 
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Fig.3: Colored composition and density curves of the different land cover and color composit of the images of June 29 (VH) 

and July 11 (VH and VV) 

 

Figure 4 shows the resulting mask map of agricultural, non-agricultural and water areas (with a Kappa coefficient of 0.91). All 

subsequent analysis was limited to the agricultural areas.  

 

Fig.4: Agricultural areas (green), non-agricultural areas (white) and water areas (blue) . 

 

29 June / 
VH 

11 July / VV 11 July / VH 
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b- Analysis of temporal signal of three crops 

(millet, maize et peanut) in VV and VH 

polarisations  

The crop signals were strongly confused during the growth 

season under polarizations (Figure 5a and 5b), making it 

impossible to distinguish between these three crops. This 

happens because the C-band radar signal is sensitive to 

aerial vegetation as well as to physical surface parameters 

such as roughness and soil moisture [18, 17, 35, 36, 37, 38]. 

As a result, when vegetation cover was low, the soil 

contribution dominated in the signal [39], thus limiting the 

ability to differentiate crops. 

Figure 5a and 5b show that crops signal varies respectively 

between -18 to -10 dB (8 dB amplitude) in VH polarization 

and -26 to 14 dB (12 dB amplitude) in VV polarization. This 

is perfectly normal because the Fresnel reflectivity 

coefficients governing the radar response depend on the 

polarization [11]. 

It was also observed that the signal in VH polarization 

reached its maximum value around the 200th Julian day 

corresponding to the 18th of July when the VV is at only half 

of its maximum value. This saturation of the VH signal at 

the beginning of the season shows a strong sensitivity of this 

polarization to the low vegetation cover. 

 

 

Fig.5: Peanut (red), maize (blue) and millet (green) during their different phenological phasis (PP) 

 

Fig.6: Photo of the three crops (peanut, maize and millet) during their different phenological phasis (Photo ISRA, Institut 

Sénégalaise de recherche Agricole) 

PP-3 PP-3 

(b) : VH polarization (a) : VV polarization 

PP-1: Growing PP-2: flowering PP-3: maturation PP-4: Harvest 
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A slight difference between the three crops in the VH signal 

was noted between the 200th and 265th day of year (July 18 

to September 21) corresponding to the period of growth and 

maturation. After this period, the peanut signal remained 

high especially in VV polarization. This is because millet 

and maize reached their maturity more rapidly and they 

were being harvested, leading to a decline in their signals. 

However, the way that these two crops are harvested 

(cutting the ears and leaving the stems in place) makes their 

signal slowly decrease compared to that of the peanut where 

the harvest is done by cutting everything and leaving a bare 

soil (Figure-6). This explains the sudden drop of the peanut 

signal, which was much more marked in VV polarization 

(Figure-5). 

To better understand the noted differences, an analysis of 

the distribution of values is made for each date (Figure 7). 

It should be noted that for almost all the dates and for each 

polarization, more than 50% of the values were within a 

range of less than 3 dB, for all crops. On the other hand, the 

distribution was normal (on average the number of values 

above the median was equal to the number of values below). 

Thus, the distribution of values was not related to either the 

type of crop or the phenological phase.  

 

Fig.7: Distribution of radar signal (in VV and VH polarisation) of peanut (red), millet (blue) and maize (green) during the 

rainy season 

 

c- ANOVA (Analysis of variance) of millet, maize 

and peanut signals in VH and VV polarisations 

ANOVA identified dates to discriminate different crops. 

This part consisted in comparing crop reflectance values in 

pairs while calculating a coefficient of variation of the 

difference between crops signals for each date (Figure 8). 

An image was discarded when the deviation around the 

variance between two crops contains the value zero, 

indicating that it is not possible to distinguish between the 

two crops for this date. Table-1 summarizes the results of 

the ANOVA with "1" for acceptable image and "0" non-

discriminative image. In VV polarization, 12 variables were 

considered discriminating compared to 9 variables for VH. 

(a): VV polarization 

(b) : VH polarization 
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Fig.8: Confidence interval associated with the difference between different crops compared two by two for all dates (red: 

millet-maize, green: peanut-maize and blue: peanut- millet) 

 

Table-1: Summary of the ANOVA result (1) for the optimal dates and (0) for wrong date (dat1, dat2… mean numero of the 

selected image) 

Month Jun

e 

July August September October November December 

Date 29  11  23  16  28  09  21  03  15  27  08  20  14  26  

Day of 

year 

181 193 205 229 241 253 265 277 289 301 313 325 349 361 

 

VV 

0 1 1 1 1 1 0 1 1 1 1 1 1 1 

 dat1 dat2 dat3 dat4 dat5  dat6 dat7 dat8 dat9 dat10 dat11 dat12 

 

VH 

0 0 1 1 0 1 1 1 1 1 0 0 1 1 

  dat1 dat2  dat3 dat4 dat5 dat6 dat7   dat8 dat9 

 

d- Classification and regression trees (CART) 

In the CART model, the type of crop is the predicted 

variable, using reflectance values resulting from the 

selected images (explanatory variables). In addition to the 

first selection made from the ANOVA, the CART itself 

selects the best images (i.e. dates) to separate crops. 

(i) VV polarization (Figure-9): the explanatory 

variables selected by the CART, allowing the best 

differentiation of the three cultures, were the 

reflectance of the images of 23th of July (dat2), 28th of 

August (dat4), 15th of October (dat7) and 20th of 

November (dat10). 

 

 

Fig.9: Graph of CART result (in %) and confusion matrix (VV polarisation) 

(a) : VV polarization (b) : VH polarization 

VV Polarization 
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(ii) VH polarization: There were 9 explanatory variables 

but the model selected only three images: 27th of 

October (dat7), 14th of December (dat8) and 26th of 

December (dat9). The evaluation of the confusion 

matrix obtained from the VH data yielded a global 

classification error of 40.8% with still a high confusion 

for maize (Figure-10). 

 

Fig.10: Graph of CART result (in %) and confusion matrix (VH polarisation) 

 

The evaluation of the two confusions matrix shows a 

very good recognition for peanut with an error of 16.8% in 

VV and 17.2% in VH polarisation (Figures 9 and 10 

respectively). This is because the behavior of the peanut, 

with respect to the radar signal following the two 

polarizations, is different from that of the two other plants. 

Indeed, the size of the peanut plant rarely exceeds 50 cm 

while the others are more than one meter high. On the other 

hand, harvesting of a peanut field results in bare soil, unlike 

the other two crops where stalks remain after harvest of the 

ears before slowly decaying (Figure-6). 

There was strong confusion for maize under both VV 

and VH polarisation with maize being  incorrectly classified 

as peanut (48.7% error under VV and 35.3% under VH) and 

as millet (39.9 % under VV and 31.9% under VH), with a 

global error of 88.6 % (VV) and 72.2 %(VH).  This strong 

confusion results from the fact that in this part of Senegal, 

there are two types of maize crop. Commercial maize is 

planted at the beginning of the rainy season and harvested 

in September. The fields are then often ploughed again and 

replaced by watermelon which is a creeping plant with a 

morphology identical to that of peanut and harvested at the 

same time as peanut. The second type of maize crop is used 

for food; it is sown later (mid-August) and harvested at the 

same time as millet. These two reasons explain the strong 

confusion noted for maize plots. To improve accuracy in 

maize discrimination, it is necessary to differentiate 

between the two types of maize in the sample. 

Millet performs better with an overall classification 

error of 40.7% in VH and 46.5 in VV, indicating that millet 

discrimination is independent of polarization. However, VH 

polarisation proves better at distinguishing between millet 

and peanut, with only 19.3 % error compared to 40.9 % 

error for millet and maize. VV polarisation provides better 

discrimination between maize and millet with an error of 

5.6%, compared with 21.4 % for VH. 

 

V. CONCLUSION 

This work explored the ability of Sentinel-1 radar data 

for crop monitoring in the Sahelian context where 

agriculture is characterized by small plots and often mixed 

crops. Such context is not suitable for a straightforward 

duplication of methods used in other countries. This 

difficulty has always been a handicap for monitoring crops 

in the Sahel. However, in recent years, the availability of 

time series of high spatial resolution images has brought 

about new interest from scientists. Radar data, unlike optical 

data, can be adapted to agricultural monitoring in the 

Sahelian belt. This is because agriculture is almost 

exclusively rainfed, and during the rainy season, cloud 

cover is often high, severely limiting the use of optical data. 

This study aimed to discriminate three crops (millet, 

maize and peanuts) from a series of Sentinel-1 radar images, 

initially seeking to mask non-agricultural areas. A series of 

fourteen images was used in this study. 

The analysis of the temporal profile of different land 

uses (water, natural vegetation, habitat and bare soil) 

showed that there is a big difference between agricultural 

and uncultivated areas at the beginning of the rainy season. 

VH Polarization 
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This difference allowed to create a mask of the non-

agricultural areas and to concentrate only on the cropped 

ones. 

The analysis of variance (ANOVA) of the three cultures, 

performed on the time series made it possible to identify and 

eliminate the non-discriminating data (dates). The 

prediction model constructed with the data in VV and then 

VH produced rather large overall errors (47.3% in VV and 

40.8% in VH). However, there was a very good ability of 

Sentinel-1 data to discriminate peanut from other crops with 

only 16.8% error in VV and 17.2% in VH, which is a big 

achievement for agricultural monitoring in this part of the 

world where mapping of crop areas is very difficult. Maize 

discrimination remained the main limitation of this study. 

Indeed, given the cultivation practices of maize in this zone 

(commercial maize sown very early and food corn sown 

later), it was not easy to discriminate, especially since that 

difference was not taken into account for the sampling. 

Therefore, to improve these results it is necessary to 

differentiate both types of maize crop during the sampling. 

The use of more advanced discrimination algorithms or 

prediction models could also help to better analyze the 

potential of Sentinel-1 radar time series for crop monitoring 

and mapping in the Sahel. 
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