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New information and earth observation technologies, remote sensing 

and the Geographic Information System (T-GIS), have become very 

effective tools in crop mapping for better management of agricultural 

plots. The objective of this study is to propose a combination of 

spectral indexes (SI) based on a time series of sentinel-2 images by 

comparing the performance of three (3) classification algorithms, 

namely: Wide Margin Separators (WMS), the Random Forest (RF) and 

the Decision Trees (DT) in order to produce a map of land cover (LC) 

in the gardening sites of Guidimouni by analysis of pixel-based images. 

Five classes of land cover have been retained, namely: Onion, Other 

plants, Flood zones, Water, and Non-vegetation. 24 optical images 

were processed to draw the temporal curves of cultures that will be 

used for processing. 51 classification schemes were tested and 

evaluated. Thus, the different values of the NDVI time series made it 

possible to observe three stages linked to the cultural development of 

onion, namely stage-1 (beginning of germination and the appearance of 

the first leaves), stage-2 (early bulb formation and strong chlorophyll 

activity) and stage-3 (bulb thickening and leaf yellowing). On the other 

hand, the WMS classifiers made it possible to obtain a better mapping 

of land cover in terms of discrimination between classes by combining 

the five spectral indexes (NDVI, SAVI, EVI, IV, BI2) with a 

cartographic precision of 88.89%. 

 
Copy Right, IJAR, 2022,. All rights reserved. 

…………………………………………………………………………………………………….... 

Introduction:- 
In Niger, the different constraints of agricultural production systems stem from insect attacks, uncontrolled 

irrigation, and penetration of livestock in agricultural parcels. These problems explain the precariousness and 

randomness of yields, exposing rural people to the painful spectrum of famine and a chronic food shortage (Seidou 
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et al. 2012). Since the droughts of the 1980s, farmers have seen the performance of their agricultural productions 

decrease gradually while their standard of living has deteriorated considerably (MHE / LCD, 2005). 

 

Despite all the constraints of agricultural systems, Niger has significant assets that could ensure the development of 

its agriculture. Thus, alongside crops like millet, sorghum and cowpea, which will probably still remain 

preponderant in the majority of farmers, Niger can bet on irrigated crops and its important potential for the so-called 

secondary crops such as rice, corn, onion, sesame, sugar cane, soup, sorrel to develop its agriculture. These so-called 

secondary crops constitute a real bulwark for the main crops as a dietary supplement or as a source of income 

(Adam et al. 1995). 

 

Among these different crops, onion is the second horticultural speculation produced in the world after tomato 

(Alessndro and Soumah, 2008). Indeed, onion is produced by more than 175 countries around the world, including 

Niger, due to its place in production systems, economics and food (Abdou et al. 2014). Niger is the second largest 

exporter of onion in West Africa (Laouali et al. 2019). Although the numbers vary according to the documents, the 

production of this speculation has grown significantly in recent decades. In the 1990s, the level of production was 

about 270 000 tons. This production was evaluated by the Regional Onion Observatory at 447 000 tons in 2008, but 

the 2019-2020 production was 1 212 279 tons (Prodex, 2013; RECA, 2010; MA/EL, 2021). The onion sector in 

Niger generates a turnover of about 47 billion F.CFA (RECA, 2011).  Several studies have focused on the systems 

for onion culture improvements in Niger (Laouali et al. 2019, Abdou et al. 2015, Abdou et al. 2014, and Prodex, 

2012). On the other hand, there is no study which has stressed the use of spatial remote sensing coupled with GIS 

tools to improve the onion agricultural system in Niger. However, these techniques are revealed to be the right way 

for monitoring and mapping our environment, in general, and crops in particular. Indeed, the satellite images offer a 

synoptic view of the surface of the earth, they help to go back in the past to better study the evolution of a 

phenomenon in time and space. Interestingly enough, these reconstituted images represent the conditions that prevail 

at any point in the territory when the images have been taken. Finally these images also allow us to extract 

biophysical variables from land objects (Mamane et al. 2020). This explains the choice of remote sensing and GIS as 

part of this study to propose a system for improving the onion cultivation in the Guidimouni basin through the use of 

a combination of indixes of remote sensing including: normalized difference vegetation index (NDVI), ground 

adjusted vegetation index (GAVI), improved vegetation index (IVI), greenery index (GV). Thus, our study is part of 

this framework to propose a supervised classification method (based pixel) of agricultural surfaces to produce an 

onion card for the improvement of its agricultural system in the study area. 

 

Materials and Methods:- 
Study Area 

The Guidimouni rural commune, as the area considered for this study, is located in the southeastern part of the 

department of Damagaram Takaya of the Zinder region (Figure 1). Its geographical coordinates are longitude: 

009°30'.774 and latitude: 13°41'.577. It covers an area of 660 km2, limited to the north by the rural municipality of 

Damagaram Takaya; to the south by those of boune, gulchi, Ouacha and Kissabana; east by the rural commune of 

Gouré; to the west by the rural communes of Zermou and Gafati. 

 

According to Souley (2017), the Guidimouni basin is located in the rural commune of Guidimouni. It covers an area 

of about 218.26 ha. Its hydrological system is powered by two male and female ponds, one of them is permanent 

with an area of about 85 ha and the other semi-permanent with about 105 ha (site 2 in Figure 1). It is a flush water 

basin powered by several sources including Gouzgourou, Kouta, Bijari, Iggiya, Idon Gabas and Daoulawa (ADO, 

2012). The water table is very shallow. It is usually less than 1.5m. The basin is characterized by black colored soil 

with very fertile muddy-sandy ground. One can also find, depending on places: sandy, slimy, and sandy-slimy soils. 
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Figure 1:- Geographic Location of the Rural Commune of Guidimouni. 

 

Exogenous and Image Data 

A temporal series composed of 24 spatial resolution Sentinel-2 images covering the onion agricultural development 

cycle in the Guidimouni gardening site was used. From October 27 to August 29, 2020, these images are 

downloadable for free on the following site: https://scihub.copernicus.eu/dhus/#/home. Table 1 illustrates the list of 

S-2 images used for different treatments as part of this study. A shape file delimiting the rural commune of 

Guidimouni was used to create a NDVI mask based on the image acquisition dates. 

 

Tableau 1:- Sentinel-2 Images Covering the 2019-2020 Agricultural Period. 

Image Sentinel2 Dates Images Sentinel-2 Dates 

Image 1 October, 27 2019 Image 13 February, 4 2020 

Image 2 November,1 2019 Image 14 February, 19 2020 

Image 3 November, 21 2019 Image 15 March, 5 2020 

Image 4 December, 1 2019 Image 16 March, 10 2020 

Image 5 December,11 2019 Image 17 March, 15 2020 

Image 6 December, 21 2019 Image 18 March, 20 2020 

Image 7 December, 26 2019 Image 19 March, 30 2020 

Image 8 January, 1 2020 Image 20 April, 4 2020 

Image 9 January, 10 2020 Image 21 April, 14 2020 

https://scihub.copernicus.eu/dhus/
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Image 10 January, 20 2020 Image 22 April, 19 2020 

Image 11  January, 25 2020 Image 23 April, 24 2020 

Image 12  January, 30 2020 Image 24 April, 29 2020 

 

Data Collection and Parcel Digital Survey  

The data collection data in this study initially focused on the inquiry on the speculation cultivated on the site, then, 

stressed geo-location and digitalization of the farm parcels encountered on the field using the receiver GPS Etrex 10. 

These plots thus digitalized have been cleaned and corrected manually to avoid inter-parcelary redundancy and 

discriminate the phenological profiles of crops. The polygons are then superimposed on the new formed images 

based on spectral indexes. 

 

Choice and calculation of spectral indexes 

To meet the objectives of this study, a methodology has been adopted to produce an onion crop map for a better 

management of its production. After the pretreatment of the data (data exploration and extraction of biophysical 

parameters), 17 spectral index combinations have been tested and compared using the 2/3 of the database for 

calibration and 1/3 for validation. The performance of 51 classification schemes were evaluated based mainly on 

mapping accuracy and the accuracy for each scheme. The final maps are obtained after the field data validation. This 

allowed to validate the different classification results. The data processing chain is shown in Figure 2. 

 

According to Bannari et al. (1996), a new generation of vegetation indexes has been developed with the aim of 

improving the variation of the spectral properties of soil and testing their potential for a more precise description of 

the vegetation cover recently. Thus, the vegetation indexces chosen as part of this study are: the NDVI separates the 

vegetation of naked soils and the urbanized surfaces, traces the phenological profiles of crops (Wardlow et al. 2007, 

Elmansouri et al. 2018). SAVI introduces an adjustment parameter, noted L, which characterizes the ground and its 

rate of overlapping by vegetation. (HUETE, 1988), IVI reduces both the sounds due to the atmosphere and the 

effects of soil and IV that detects vegetation in the senescence phase (harvest). 

 

Figure 2:- Methodological Organization Chart of Calculating the Spectral Indexes. 
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Calculation of the Phenological Cycle of Cultures 

According to Lepage and Bourgeois (2012), the term “phenology” describes the appearance of important stages in 

the development of a plant species. This phenology is predetermined by its genetic makeup and modulated by 

environmental conditions. Each phenological stage represents a specific development phase marking the 

phenological episodes of a crop, such as germination, emergence or elongation of the hypocotyl, appearance of 

leaves, flowering, fruiting, and maturity. The majority of crop mapping studies use a multi-date series of optical 

images under the assumption that the phenological cycle of a crop of the species is perfect ly reflected on the 

temporal profiles of NDVI bands covering an agricultural season (Elmansouri et al. 2018; Ouzemou, 2018). Hence, 

the interest of using this index to stack the 24 new images of newly formed NDVI covering the crop development 

cycle of onion in the study area to trace its evolutionary curve during the 2019-2020 agricultural campaign. 

 

The Algorithms that Are Used 

Three (3) types of algorithms were used to classify the different images. Random Forest (RF), Decision Tree 

classifiers (DT) and Support Vector Machines (SVM). Indeed, According to Breiman (2001), RF or random forest 

classifier is a set of classification trees based on the Classification and Regression Trees (Breiman et al. 1984). This 

algorithm uses its internal error estimate and each tree is constructed to perform an individual learning algorithm 

that divides the input variable (Breiman, 2001). In fact, RF builds a number of decision trees, using a subset of about 

2/3 of the data set for internal learning while keeping the remaining 1/3 for learning process error estimation (Nitze 

et al. 2015; Pelletier et al. 2016). Decision trees (DT) are the modeling of a classification from observations that we 

call an example. An example is represented by a series of attributes and an associated class, one must know the class 

because decision trees work on classification in supervised mode (Stuart et al. 1995). 

 

Decision tree classification is a classification that allows decisions to be taken in several steps to highlight a 

particular class of object according to the spectral behavior of a band or a transformation into neo-channels (Trabi et 

al. 2014). Support Vector Machines (SVM), also called wide-margin separators, are supervised learning techniques 

intended to solve classification problems. Support vector machines exploit concepts related to statistical learning 

theory and bounds Vapnik and Chervonenkis’s theory. It is also a mathematical method for solving complex and 

heterogeneous data classification problems. It is a statistical, non-parametric and supervised method (Pal and 

Mather, 2005). The strength of this classification lies in its ability to make generalizations based on small data 

related to regions of interest for pixel image analysis (Shao and Lunetta, 2012; Hao et al. 2015) and for image 

analysis by objects (Teodoro and Araujo, 2016). This classification method is widely used in remote sensing for 

mapping of different types of crops (Devadas et al. 2012; Zheng et al. 2015). 

 

Results and Discussions:- 
System of Cultures and Production Cycle 

Irrigation is the main activity practiced in the gardening site of Guidimouni given the water resources available for 

this purpose. The analysis of the results (figure 3), from the digital plot survey on the visited garden, shows that the 

cropping system in the study area is characterized by small family farming in monoculture and crops in association 

to ensure a production with an acceptable yield in order to effectively meet the nutritional needs of the populations. 

This same analysis shows that 26% of the plots surveyed (2019-2020 campaign) are occupied by onion cropping, 

followed by cabbage (18%). The survey also revealed 3 types of crop development cycles, namely: long-cycle 

(50%), medium-cycle (30%), and short-cycle (20%) crops. Table 1 illustrates the results obtained based on the 

information provided by farmers that the researchers found on the sites. 

 

Figure 3:- Figures of Cutivated Speculation found in the Guidimouni Basin during the 2019-2020 Agricultural 

Period. 

 

Table 1:- List of Speculations Inventory with their Development Cycle. 

Speculation Scientiic Name Production cycle (month) 

Sugar cane Sacharum oficinarum L. 5 to 6 

Carrot Daucus carota L. 3 to 4 

Cabbage Brassica oleracea L. 3 to 4 

Squash Curcubita pepo L. 5 to 6 

lettuce Lactuca sativa L. 1 to 2 

Corn Zea mays L. 2 to 3 
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Cassava Manihot esculenta Crant 5 to 8 

Onion Allium cepa L. 5 to 6 

Sorrel Rumex acetosa L. 1 to 2 

Chilli pepper Capsicum ammum L. 5 to 6 

 

Presentation and Analysis of Phenological Curve of Onion 

Figure 4 shows the evolution of onion cultivation during the 2019-2020 agricultural campaign in the Guidimouni 

basin. NDVI time series values vary from date to date. From these variations, three stages related to the cultural 

development of onion are observed: (i) an irregular variation from October 27, 2019 to January 01, 2020, this period 

corresponds to stage-1 of onion development. In 2002, Fritsch and Friesen proved that the first months of the onion 

cycle are characterized by the start of germination and the appearance of the first leaves. (ii) The variation increases 

from January 10 to February 19, 2020 (stage-2 A) to stabilize until March 10, 2020 (stage-2 B), it corresponds to the 

stage of maximum development of the onion. This phase is characterized by the beginning of the formation of bulbs 

and a strong chlorophyll activity with the appearance of the inflorescence and flowering for the production of onion 

seeds. This is the growth phase of the onion (Fristsch and Friesen, 2002). (iii) The variation becomes irregular again 

from March 20 until April 29, 2020 (stage-3). This period corresponds to the last stage of development, the 

chlorophyll activities are less important, the bulbs thicken, the leaves turn yellow and become completely dry. All 

these variations observed during the development cycle of the onion are in line with the results of the research work 

of Fristsch and Friesen (2002) on the evolution, domestication, and taxonomy of the onion (Allium cepa). 

 
Figure 4:- Phenological Profile of Onion during 2019-2020 Agricultural Period. 

 

Choice of index or of a combination of spectral indexes and classification algorithm to be used 

Figure 5 compares the performance of the combinations and classification algorithms according to the KAPPA and 

cartographic precision indices resulting from the results of different schemes obtained. The analysis of this figure 

shows that the accuracy of classifications varies from one index or combination of spectral indices to another, 

depending on the classifier used. We therefore notice that WMS classifiers are best suited to the mapping of onion 

crops. Indeed, the values of the KAPPA indices recorded at the level of these classifiers exceed those observed at the 

level of RF and DT. This explains the choice to apply WMSs as a classification algorithm. Of the 17 combinations 

compared, the combination that better discriminates the types of crops (including onion) within the Guidimouni 

irrigated perimeter is the composite image that combines the NDVI, SAVI, EVI, IV and BI2 indices with a precision 

with a Kappa index of around 0.70 and a cartographic precision of 88.89% (Table 2) observed at the level of WMS.  

These results confirm the results obtained by Elmansouri who worked on Geo-Spatial Technologies to strengthen 

agricultural land management systems to support the management of citrus-growing areas by remote sensing in the 

Triffa-Berkane Plain (Morocco) in 2018.  
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Figure 5:- Choice of an index or of the combination of spectral indexes and of algorithm to be used for image 

classification  

 

Global reference crop map obtained by SVM classifiers  

Figure 6 shows the different land cover classes over the study area. The combination and the classification algorithm 

used made it possible to clearly classify the types of land use. There is also a clear distinction between buildings and 

cultivation areas. The two ponds (male and female) as well as the flood zones are very well detected. In addition, the 

crop classes are well classified and the onion class is well separated from other crop types. The area occupied by the 

gardening site is estimated at 242.57 ha against 218.26 ha declared by the Guidimouni Agriculture Department 

(PDC, 2018). This difference could be explained by the fact that some speculations have closely related 

phenological curves. If we concentrate on the estimation of the areas by speculation presented in table 2, the onion 

occupies 55.05 ha (i.e. 43%) of the total area of crops practiced in the basin while the other 57% concern the other 

gardening. 

 
Figure 6:- Global reference map of plants obtained by WMS classifier (2019-2020 Agricultural Period). 

 

Table 2:- Summary of onion mapping according to classifiers . 

Classifiers Cartographic precision of onion Onion area (%) 

SVM 88,89 42 

RF 83,33 26,23 

DT 80 10,31 
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Analysis of the final map of onion cultivation  
To better map and analyze crop types, we have simplified the land cover classes to a reduced number of 5 classes 

(onion, other plantations, floodplains, water and non-vegetation). Figure 7 presents the simplified onion crop map 

during the 2019-2020 crop year. The analysis of the latter shows that the study area has two gardening sites. Site-1, 

located north of the national road (RN1) while site-2 is located between the village of Kilaloum and that of 

Guidimouni south of the RN1. It emerges from this analysis and that of Table 2, that the onion is the most cultivated 

speculation in the basin; and onion productivity is much higher at site 1 for the 2019-2020 campaign. This difference 

could be explained by the fact that site-2 is characterized by continuous high soil humidity (very shallow water 

table, presence of ponds) and the concentration of woody plants that can reduce aeration. This is justified by JGRC 

(2001) and Morseli (1992), which respectively confirmed that excessive humidity of the air and soil could favor the 

appearance of certain diseases and crop enemies, and that favorable temperature conditions could help onion 

development. Indeed, this development needs a certain heat to reach maturation. Finally, irrigation management is 

easier at site level 1 because during the growth and maturation phase of the bulb, a water shortage can accelerate 

maturation. 

 
Figure 7:- Final Map of Onion Cultivation Obtained by WMS classifiers during the 2019-2020 Agricultural Period. 

 

Conclusion:- 
The current study reveals that remote sensing and GIS are essential tools for the identification and monitoring of 

crops. The comparison of the results from the different classifiers shows that the precision of the latter varies from 

one spectral index to another and depends on the classifier used. These results show that the SVM classifiers are best 

suited to the mapping of onion crops in the agricultural sites of the study area with an accuracy of the Kappa index 

of 0.70 and a mapping accuracy of 88.89%. 

 

The results of this research could also serve as a decision-making tool for decision-makers. It will help guide 

farmers in identifying plots suitable for growing onions for future sowing. This will enable better management of 

agricultural plots by facilitating the development of farming practices in the rural commune of Guidimouni.   



ISSN: 2320-5407                                                                              Int. J. Adv. Res. 10(02), 552-561 

560 

 

References:-  
1. Abdou, R., Malice, M., Bakasso, Y., Saadou, M. and Baudoin, J. P.2014: Taxonomie locale et analyse des 

critères des paysans pour caractériser les différents écotypes d’oignons (Allium cepa L.) du Niger. Cahiers 

Agri, 23(3), 166-176. 

2. Abdou, R., Malice, M., Bakasso, Y., Saadou, M. and Baudoin, J. P. 2015 :Variabilité morphologique et 

agronomique des écotypes d’oignon (Allium cepa L.) identifiées par les producteurs du Niger. Tropicult, 33(1), 

3-18. 

3. Breiman, L. 2001. Random Forests. Machine learning, 45(1), 5-32. 

http://dx.doi.org/10.1023/A:1010933404324. 

4. Breiman, L., Friedman, J.H., Olshen, R.A. and Stone, C.J. 1984: Classification and Regression Trees. 

Wadsworth & Brooks, Monterey, CA. 

5. D'Alessandro, S. and Soumah, A. 2008 : Évaluation sous régionale de la chaîne de valeurs oignon/échalote en 

Afrique de l'Ouest. Bethesda (MD, USA): Projet ATP, Abt Associates Inc. 58 p. 

6. Devadas, R., Denham, R. J. and Pringle, M. 2012: Support vector machine classification of object-based data 

for crop mapping, using multi-temporal Landsat imagery. Inter. Arch. of the photog. remote sensing and spatial 

information sci, 39(1), 185-190. http://dx.doi.org/10.5194/isprsarchives-XXXIX-B7-185-2012. 

7. El Mansouri, L., Hadria, R., Lahmer, I., Moutaib, O., Oujemaa, A., and ElGorch, A. 2018 : Technologies Géo-

Spatiales pour renforcer les dispositifs de gestion des terres agricoles: Appui à la gestion des surfaces 

agrumicoles par télédétection dans la Plaine de Triffa-Berkane (Maroc). Afri. J. on Land Policy and Geo. 

Sc, 1(3), 164-177. 

8. Fritsch, R. M. and Friesen, N. 2002: Evolution, domestication and taxonomy. Allium crop science: recent 

advances, 5-30. 

9. Hao, P., Wang, L. and Niu, Z. 2015: Comparison of hybrid classifiers for crop classification using normalized 

difference vegetation index time series: A case study for major crops in North Xinjiang, Chi. Plo.S one, 10(9), 

e0137748. 

10. http://dx.doi.org/10.1371/journal.pone.0137748. 

11. Huete, A. R. 1988: A soil-adjusted vegetation index (SAVI). Re. sen. of env, 25(3), 295-309.  

12. Laouali Abdoulkadri, Assoumane Aïchatou, Abdou Maman Manssour, Abdoulkadri Ali, Alzouma Mayaki 

Zoubeirou, 2019. Analyse de la Chaine de Valeurs d’oignon (AlliumCepa L.) Blanc de Soucoucoutane au 

Niger. Eu. Sci. J, 15(3), 99-117. 

13. Lepage, M.-P. and Bourgeois, G. 2012 : Modèles bioclimatiques pour la prédiction de la phénologie, de la 

croissance, du rendement et de la qualité des cultures. Centre de référence en agriculture et agroalimentaire du 

Québec, 15p. 

14. Mamane Barkawi, M. B., Ahmed, E. A., & Paul Gérard, G. (2020). A New Index to Better Detect and Monitor 

Agricultural Drought in Niger Using Multisensor Remote Sensing Data, The Prof. Geo., 72(3), 421-432. 

https://doi.org/10.1080/00330124.2020.1730197. 

15. MHE/LCD, Direction de l’environnement, 2005. Rapport sur l’Etat de l’environnement au Niger, Coopération 

italienne, 216p. 

16. Nitze, I., Barrett, B. and Cawkwell, F. 2015: Temporal optimisation of image acquisition for land cover 

classification with Random Forest and MODIS time-series. Inter. J. of Applied 63 Earth Obs. and Geo, 34, 136-

146.http://dx.doi.org/10.1016/j.jag.2014.08.001. 

17. Ouzemou, J. E., El Harti, A., Lhissou, R., El Moujahid, A., Bouch, N., El Ouazzani, R., and El Ghmari, A. 

2018: Crop type mapping from pansharpened Landsat 8 NDVI data: A case of a highly fragmented and 

intensive agricultural system. Re. Sen. Appli.: Soc. and Env, 11, 94-103. DOI: 

https://doi.org/10.1016/j.rsase.2018.05.002. 

18. PDC. 2018: Plan de developpement communal de Guidimouni 2018-2022. 

19. Pelletier C., Valero S., Inglada J., Champion N. and Dedieu G. 2016 : Assessing the robustness of Random 

Forests to map land cover with high resolution satellite image time series over large areas. Re. Sen. of Env., 

187, pp. 156-168.http://dx.doi.org/10.1016/j.rse.2016.10.010. 

20. PRODEX, 2012. Guide de bonnes pratiques de production, stockage et conservation de l’oignon, 1ère édition. 

Ministère de l’Agriculture. Niamey, Niger. 

21. RECA, 2010. Combien d’oignons sont produits au Niger ? C’est (très) difficile à savoir ! In RECA Info, no. 8, 

pp 10-11. 

22. RECA, 2011. L’importance de l’oignon dans la vie socioéconomique du Niger : contexte et agendas d’action. 

Note d’information / Filière oignon n°8, Niamey. Niger, 4 p. 

http://dx.doi.org/10.1023/A:1010933404324
http://dx.doi.org/10.5194/isprsarchives-XXXIX-B7-185-2012
http://dx.doi.org/10.1371/journal.pone.0137748
https://doi.org/10.1080/00330124.2020.1730197
https://doi.org/10.1016/j.rsase.2018.05.002


ISSN: 2320-5407                                                                              Int. J. Adv. Res. 10(02), 552-561 

561 

 

23. Seidou O., Alhassane A., & Sarr B., 2012. Le Niger peut-il stabiliser sa production de mil en dépit de la 

variabilité climatique? Transpl, 21, 06, p4. 

24. Russell, S., & Norvig, P., 1995. A modern, agent-oriented approach to introductory artificial intelligence. Acm 

Sigart Bul, 6(2), 24-26. 

25. Teodoro, A. C., & Araujo, R., 2016. Comparison of performance of object-based image analysis techniques 

available in open source software (Spring and Orfeo Toolbox/Monteverdi) considering very high spatial 

resolution data. J. of Applied Re. Sen, 10(1), 016011p. 

26. Wardlow, B. D., Egbert, S. L., & Kastens, J. H., 2007. Analysis of time-series MODIS 250 m vegetation index 

data for crop classification in the US Central Great Plains. Re. sen. of env, 108(3), 290-310. 

27. Zheng, B., Myint, S. W., Thenkabail, P. S., & Aggarwal, R. M., 2015. A support vector machine to identify 

irrigated crop types using time-series Landsat NDVI data. International J. of Applied Earth Obs. and Geo, 34, 

103-112.  


