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Agricultural production estimate represents a key element in food security analysis, but before the agricultural statistics services process and release the data some precious early warning time is lost. While many remote sensing derived yield estimation methods are used operationally we're still in search of a robust remote sensing based cropped area estimate. ESA-CCI (European Space Agency–Climate Change Initiative) released in late 2016 the S2 prototype Land Cover map at 20 m for Africa the first high resolution product of its kind. The objective of the current study is to evaluate how well the 20-m ESA-CCI S2 prototype LC represents cropland; in case the results turn out satisfactory the cropland class could be used as a crop mask that could be used along with yield estimate to assess crop production. The assessment method consisted of (1) selecting six equal size polygons so that the Sahelian and Sudanian zones of West Africa are represented at each of the three basins of the Sahel (Western, Central and Eastern), (2) generating four hundred dots randomly overlaid on the sample polygon (3) using Sentinel 2A 10 m or Google Earth images as ground truth. A dot count is then obtained for each one of the map being assessed and the reference. The process is repeated 10 times bringing the total number of dots used to four thousand for each of the 6 sample polygons. The number of classes is reduced to two (cropland and other). Binary confusion matrices are build and the accuracy, the precision and the sensitivity or recall calculated. Since our main goal is to see how good the classification of cropland is, the analysis focuses on the precision and the recall. Values for both indicators are almost similar for the Sudanian zone, but significantly different for the Sahelian zone, where the higher values of the recall are not an indication of cropland classification performance but rather the result of the relatively small proportion of the actual cropland dots. Therefore, the precision remains here the privileged cropland classification performance indicator. Analysis of the precision indicates that the S2 prototype LC cropland in the Sahelian zone is <3% correct in East Sahel, <7% in West Sahel and about a third of the time correct for the Center Sahelian. This is easily explained by the fact that the S2 prototype LC has mistaken the sand dunes and degraded land that makes up a significant part of the cropland. Even in the Sudanian zone where the analysis shows a better cropland classification performance, the highest precision indicates that the cropland classification is incorrect for a little over 28% of cases. Therefore, the ESA-CCI S2 prototype land cover map can't be used as a crop mask.
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INTRODUCTION

At a global scale changes in Land Use and Land Cover close monitoring is extremely important considering their intricate relationship with global change and global warming. Such changes have major implications for sustainable development and livelihood systems as they affect the biogeochemical cycles of the planet Earth resulting in significant changes in the atmospheric greenhouse and other trace gases concentrations (Turner et al., 1995).

The population of our planet is steadily growing and Africa, where the population is expected to double that of 2016 by the year 2035 (Bello-Schünemann, 2017), has the highest growth rate. West Africa's population accounts for 30% of Africa's population and has increased by about five-folds from 1950 to 2015 and is expected to increase from a little above 367 million to about 570 million by 2035. Such a rapid demographic growth has been partially the cause of poverty and lack of economic opportunities, which has in turn resulted in an increased pressure on the natural resources.

This high population growth in West Africa results in increased demand for food to meet the needs. Agriculture has been the main driver of the economy in a region where opportunities are limited. Therefore, a higher demand in food has led to an expansion of cropland. A recent Land Use-Land Cover collaborative study between the Inter State Committee for Drought Control CILSS1 and USGS/EROS2 (CILSS, 2016) revealed that agricultural expansion accounts for most of the changes that occurred from 1975 to 2013. During this period cropland doubled to reach a total of 1,100,000 km2 or 22.4% of the land surface. According to Hollinger and Staatz (2015) agricultural growth in West Africa over the 1980–2009 period has been overwhelmingly driven by area expansion. They showed that during this period area planted to cereal crops increased by 3.9% whereas yield increased by only 1.2%. With such drastic agricultural land expansion fallow technique is practically overlooked; therefore, cropland and cropped area are almost synonymous.

Changes in cropland represent a good indicator in many environmental issues such as climate change, deforestation, desertification, land degradation, etc. Pollution from the use of chemical agricultural input has yet to reach disturbing levels. However, the rapid increase of cropland has a compounding effect on the land degradation resulting from global change and global warming problems. Accurate estimate of cropland and particularly cropped area and monitoring its changes is also extremely important in food security analysis.

Production estimation is an important part of the activities of the growing period monitoring and food security watch systems. Production is obtained from yield and cropped area estimates both obtained through the agricultural statistics surveys conducted annually by the ministries of agriculture in the region. Yield estimation is relatively easy, however, the estimation of cropped area, is a real challenge. It involves intensive labor efforts as the enumerators working under precarious conditions with no incentive measures have to identify and measure all sampled farmers' parcels. To ensure the data quality in such conditions an efficient control system is in order, which is impossible to have given the limited resources allocated to the agricultural surveys. Data collected by the agricultural statistics in the region are, therefore, doubtful.

The use of remote sensing products to estimate cropped area represents a cost effective alternative that has been receiving increased attention. A collaborative effort between CILSS and USGS/EROS has resulted in a fairly accurate coarse resolution (2-km) land use land cover map for West Africa region (CILSS, 2016). With the increased availability of moderate and high resolution remote sensing data land cover mapping has become less of a challenge and many studies have been conducted to address the issue. A significant improvement in accuracy has been achieved (Feng et al., 2018), however, the challenge partly remains as comparisons show low agreement over a large part of the African continent (Xu et al., 2018).

A prototype of high resolution land cover map known as the “S2 prototype LC map at 20 m of Africa 2016” has been developed and released by the ESA-CCI (European Space Agency—Climate Change Initiative) Land Cover team. Its high resolution (20-m) makes it a good potential candidate for use as crop mask in the Sahelian and Sudanian zones where agricultural production is closely linked to food security and livelihood of most rural populations. An internal evaluation of the product has been conducted in four African countries (LACO-Wiki, 2019), but did not include any Sahelian country. This study is an effort to evaluate this LC map with a particular focus on cropland, which is of primary interest to FEWS NET (Famine Early Warning System Network). The legend includes 10 classes, however, for the interest of this study we considered a cropland class and put all the other 9 classes in one class named other. Given the size of the region only few polygons thought to represent a different agro-ecological zone each were picked and analyzed.



THE MATERIAL AND EVALUATION METHOD

The ESA-CCI S2 prototype LC map of which six sample polygons have been picked is the land cover image subject of this evaluation study, whereas Sentinel 2A 10 m or Google Earth images have been used as the reference. The remote sensing techniques in ArcMap environment (Parece et al., 2017) have been used to create the random points, make the extractions at dot locations from S2 prototype LC map and project the same points over Sentinel 2A images for validation.

Six confusion matrices have been created one for each of the sample polygons using the GIS analysis results. Accuracy, precision, sensitivity or recall and Fβ measure (Ukrainski, 2016; Narkhede, 2018; Tufféry, 2007; Raschka and Mirjalili, 2017) are calculated and analyzed to evaluate the S2 prototype LC map classification.

According the CCI land cover team (https://www.esa-landcover-cci.org/?q=node/187) the high resolution land cover 20 m map over Africa was built using Sentinel-2A observations of December 2015 to December 2016 period and its coordinate reference system is based on the World Geodetic System 84 (WGS84). This classification in which 10 generic classes (“trees cover areas,” “shrubs cover areas,” “grassland,” “cropland,” “vegetation aquatic or regularly flooded,” “lichen and mosses/sparse vegetation,” “bare areas,” “built up areas,” “snow and/or ice,” and “open water”) were identified, was the result of a combination of the Random Forest (RF) and Machine Learning (ML) classification algorithms outputs.

Sentinel-2A images for the 21 April−29 May 2017 period considered as the ground truth (Iwao et al., 2006; Cavur et al., 2019) were used to categorize the dots as “cropland” or “other” classes through visual interpretation. In a very few cases when Sentinel image quality was not good enough to allow for a clear cut decision of whether the dot is over a cropland or not Google Earth imagery is used instead.

A region-wide evaluation of the product over West Africa would be ideal, however, the required labor to perform it was prohibitive. Therefore, the study area was reduced to six 78,622 km2 large rectangles picked to represent the different agro-climatological zones of the region (Figure 1) and also to account for the eventual differences that might exist between the western, central and eastern parts of the region  (Brogaard and Olafsdottir, 1997). The evaluation method consisted of considering each one of these 6 sample polygons as the constraining feature to generate a random validation point shapefile using ArcGIS tool “Create Random Points.” Input to the dialog box includes: the constraining feature or extent within which the random validation point sample was to be created, the number of dots, the minimum allowed distance between the dots and the output file name. The minimum number of dots for one of these constraining features is calculated using the formula [image: image] (Giezendanner, 2012; StataCorp, 2017) for a confidence level of 95% with t = 1.96 and e = 0.05. The proportion of cropland is taken to be equal to half of the rest of the classes (p = 0.5) on the total area of West Africa. With these values the formula above gives n=384 points that is rounded to (400 points) the nearest hundred.


[image: Figure 1]
FIGURE 1. The S2 prototype LC map and the polygons considered for the assessment.


First, the sample dot shapefile is overlaid on the Sentinel 2A image (Figure 2), a new field created (Table 1) and filled with 1s for dots that are over a cropland and 2s for dots that are over any of the other land cover classes based on visual interpretation.


[image: Figure 2]
FIGURE 2. Validation point sample over Central Sahel area.



Table 1. Attribute table the shapefile with LC classes.

[image: Table 1]

The shapefile is then overlaid on the ESA-CCI S2 prototype LC geotiff map to extract the class values at the dot locations using the ArcGIS “Extract Values to Points” tool. This tool automatically creates a field in the random validation point shapefile attribute table to which it assigns the name RASTERVALU and report the class value at each dot location (Table 1). The process is repeated 10 times which brings the total number of dots to 4,000 for each one of the sample polygons. In each time the following four queries are applied to the attribute table content using ArcGIS:

• Cropland in both Sentinel 2A and ESA-CCI S2

• Cropland in Sentinel 2A and Other ESA-CCI S2

• Other in Sentinel 2A and Cropland in ESA-CCI S2

• Other in both.

Query results are reported in Table 2, the last row of which is used to build the confusion matrix for the 10 drawings.


Table 2. Query results for Center Sahel.

[image: Table 2]

The accuracy, the precision, the sensitivity or recall and Fβ measure are calculated from the confusion matrices using the following formulae based on Table 3 symbolic entries of a typical binary confusion matrix (Géron, 2017).

• Accuracy = (TP+TN)/N

• Precision = TP/(TP+FP)

• Sensitivity or Recall = TP/(TP+FN)

• Fβ = Precision*Recall/((1- β)*Precision + β*Recall)


Table 3. Conventional naming of typical binary confusion matrix entries.

[image: Table 3]

The accuracy gives the proportion of correct classification from all the random dots; therefore, it could be considered as a measure of how good is the S2 prototype LC map classification. Whereas, the precision gives the proportion of correct cropland classifications from the dots that are classified as cropland. It is a measure of how correct is this Land Cover map cropland classification. In other words of the number of dots that fall over a space classified as cropland how many are on actual cropland. Finally, the sensitivity or recall gives the proportion of correct cropland classifications from the dots that are actually cropland. It is a measure of how well the actual cropland is classified as cropland by the S2 prototype LC map. In clear how many of the dots that are actually cropland are correctly classified as cropland. Finally, Fβ measure the weighted harmonic mean of the precision and recall is calculated for β= 0.75 by which precision is given three times as much weight as recall and used to compare the classification performance at the different sample polygons. The various indicators are calculated and the results reported in Table 5.



RESULTS AND DISCUSSION

The same process leading to a confusion matrix, combining Tables 2, 3 is repeated for all the 6 sample areas and the resulting matrices are in Table 4.


Table 4. Confusion matrices for (A) Sahelian (B) Sudanian sample polygons.

[image: Table 4]

The accuracy values are quite high for the Center Sahelian (0.8198), Center Sudanian (0.8328), the East Sudanian (0.9405), and the West Sudanian with the highest value (0.9620). They are lowest for East Sahel and West Sahel with 0.3939 and 0.4405, respectively. This basically means the ESA-CCI S2 LC classification performs better in the Sudanian zone than it does in the Sahelian zone. However, it should be noted that the class “cropland” represents a small proportion of the total based on dot number. It is <10% for all polygons at the exception of Center Sudanian where it is 32%. Because of the disproportionate size of the class “other,” accuracy is not a good classification performance indicator; therefore, it is necessary to continue the analysis with other indicators.

The precision values (Table 5) confirm a better performance of the classification in the Sudanian zone where the West Sudanian, Center Sudanian, and East Sudanian have precision values of 0.608, 0.716, and 0.561, respectively. It's particularly bad for East Sahel and West Sahel with a precision of 0.0275 and 0.0664, respectively. This means that the classification of cropland is <3% correct in East Sahel and <7% in West Sahel. Even in Center Sahel where precision is the highest, cropland classification is only correct in about 1 out of 3 cases. Such a bad performance is easily explained by the fact that this ESA-CCI S2 prototype classification mistakes the sand dunes that are present in the northern part of the Sahelian zone for cropland. The bad land cover mapping of the Sahel is in agreement with previous findings (Xiong et al., 2017; Xu et al., 2018). Xu et al. (2018) compared three previous study results found the Sahel among the region with the highest uncertainty. Also cropland computed by Xiong et al. (2017) was found to largely underestimate and a look at the map giving Niger almost cropland less is another indication that the Sahel the worst performance place.


Table 5. Calculated classification performance indicators.

[image: Table 5]

Center Sahel has 400 dots of actual cropland, the highest in the Sahelian zone for 189 for West Sahel and only 83 for East Sahel. The relative better performance of the classification for Center Sahel is explained by the higher proportion of actual cropland and other characteristics that are particular to this area. Throughout West Africa transhumant nomad herders remain stationed in the northern part of the Sahel, including West Sahel and East Sahel areas, that becomes a vast pasture land with adequate water resources and no insects harmful to livestock during the rainy season. As soon as the rainy season ends and water resources become scarce they move southward during the dry season, starting at the end of crop harvest, in search for better pasture and water availability. The only exception is the Center Sahel where the nomadic livestock remains stationed during the dry season and move further north during the rainy season. This way areas with manure enriched soil suitable for cropping are left behind during the rainy season, which encourages farming activities.

The recall or sensitivity touches another aspect of the classification performance that of looking at how correct is the classification of the actual cropland. The values are quite high particularly for the Sahelian zone (Table 5). However, this is not necessarily an indication of classification performance. The low precision values indicate that the cropland classification has been mostly incorrect. Since the actual cropland proportion with respect to the total samples of other classes is very small, even a small proportion of correctly classified values could result in high values of the sensitivity. Therefore, the analysis of the precision is sufficient to reach a good conclusion.

This is too bad of a performance, because even in the best case of the Sudanian zone the best precision indicate that the cropland classification is only correct for a little over 71% of cases, meaning that in a little over 28% of cases the cropland classification is incorrect. Therefore, this map can't be used as a crop mask.

A combination of the precision and recall through Fβ with β = 0.75 to give three times as much weight to the precision provides results that are almost similar to the precision. It also allows comparison of the ESA-CCI S2 prototype LC map cropland classification performance over the different polygons.

East Sahel polygon is considered for comparison of the current study with previous but recent land cover classifications. Cropland is found to represent up to 60.5% of the total polygon area according to ESA-CCI S2 prototype LC map (Figure 3, left panel), whereas (CILSS, 2016) findings indicate this class represents 7.04% (Figure 3, right panel) and only about 2% identified as cropland based on Sentinel 2A. Despite its coarse resolution, CILSS-USGS/EROS (CILSS, 2016) LULC classification is, therefore, a lot closer to Sentinel 2A cropland (Figure 3, left panel pink dots). This means ESA-CCI S2 prototype LC exaggeratedly overestimates cropland in the Sahelian zone and particularly in East Sahel.


[image: Figure 3]
FIGURE 3. Cropland in ESA-CCI S2 prototype LC (Left), Sentinel 2A (pink dots), CILSS LULC (Right).


The ESA-CCI S2 prototype LC map internal validation also took place as part of the CrowdVal project in four African countries among including Cote d'Ivoire a West African country for which the overall accuracy was found to be 47%. All of the ESA-CCI S2 prototype land cover classes have been used it this validation whereas in our study we got only two classes “cropland” and “other.” Therefore, results from these two studies don't lend themselves to fair comparison. However, the simultaneous participation of many workshop participants under the supervision of two experts, the use of in situ land cover data and geo-tagged photographs are all strengths of the internal validation. Therefore, this internal validation should be extended to the Sahelian countries and particularly Chad where the 20 m ESA-CCI S2 prototype LC shows the worst results.



CONCLUSION

The ESA-CCI S2 prototype 20 m LC classification is assessed over West Africa using Sentinel 2A 10 m as the reference. The main objective is to see whether the cropland classification part is good enough to be used as a crop mask in harvest assessment or not. A sample of 6 polygons are picked to represent the Sahelian and Sudanian zone in each one of the western, central and eastern market and trade basins.

Random validation point samples are created and overlaid on the sample polygons of the map to be assessed and the reference. Over each of ESA-CCI S2 prototype and the reference map a count is made of the dots that fall over cropland and those that fall over the other classes pulled together into one class named other. Queries were used to get the number of dots that fall over cropland on both maps, the ones that are over cropland in one and over other class in the other and vice versa and the ones over the other class on both. Confusion matrices are made out of these and the accuracy, precision, recall and F measure are calculated and used to assess the ESA-CCI S2 performance on cropland classification.

Results show that the ESA-CCI S2 prototype 20 m LC map classification performs better over the Sudanian zone than it does over the Sahelian zone. Precision, which is the most relevant indicator in our context show very poor performance of the cropland classification in the Sahel: <3% correct in East Sahel and <7% correct for West Sahel. It does better in Center Sahel where it is correct in about one out of 3 cases. In the best case of the Sudanian zone the cropland classification is correct in a little over 71% of the time. This is relatively good, but still too poor of a performance to consider using the ESA-CCI S2 prototype LC map as a crop mask in harvest assessments.
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FOOTNOTES

1CILSS – Comité Inter-Etats de Lutte Contre la Sécheresse au Sahel.

2USGS/EROS – United States Geological Survey/Earth Resources Observation and Science.
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